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I 

ABSTRACT 

Air transportation is essential for global social and economic development, yet a 

gap persists between air transport services and market needs. To address this, 

ICAO advocates trajectory-based operations (TBO), highlighting the importance 

of accurate four-dimensional (4D) trajectory prediction (TP) for improved 

airspace capacity, efficiency, and safety. Traditional physics-based TP methods 

face limitations due to complex parameter requirements and observability issues, 

while machine learning (ML) approaches, though promising, still lack a robust 

framework and sufficient accuracy for medium- and long-term predictions. Data 

imbalance, especially under severe weather conditions, further hinders TP 

performance. Overcoming these challenges is vital for reliable trajectory 

prediction in air traffic management (ATM). 

This research focuses on three critical areas of aircraft TP: 1) developing a new 

TP technology framework based on deep learning, 2) improving medium- and 

long-term TP accuracy, and 3) enhancing TP ability under severe weather 

conditions. The main findings from this research are as follows:  

In terms of overall technical framework, a typical TP system architecture is 

proposed, consisting of several information processing units such as data 

preprocessing, data updating, prediction output, TP models, and trajectory 

integration fusion. A basic evaluation index system is also introduced, comprising 

system functionality, TP accuracy, confidence in prediction results, response 

speed, stability, reliability, environmental adaptability, user experience, and 

system maintainability. Typical structural patterns of hybrid TP models are 

proposed, including the recurrent neural network (RNN) + convolutional neural 

network (CNN), Attention + RNN, generative adversarial network (GAN), and 

clustering algorithm-based models. Methods for determining and optimizing the 

parameters and hyperparameters of deep learning TP models are also outlined. 

In this framework, a novel 4D TP method based on the conditional tabular 

generative adversarial network (CTGAN) model is proposed, which leverages 

automatic dependent surveillance-broadcast (ADS-B) data to achieve high 
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accuracy and stability in predicting multi-dimensional parameters under complex 

airspace conditions. The improved CTGAN model outperforms conditional 

generative adversarial networks (CGAN) in terms of accuracy, adaptability, and 

resilience, particularly in handling small sample data. It also surpasses long short-

term memory (LSTM) in medium- to long-term TP accuracy over extended time 

spans. The model was trained and tested using historical 4D trajectory data from 

Hong Kong International Airport, and its performance was evaluated using 

metrics such as Jensen-Shannon (JS) divergence, maximum mean discrepancy 

(MMD), mean Euclidean distance (MED), and average running time. The results 

show a high degree of similarity between the predicted and real 4D trajectories, 

even with reduced input data. Comparative experiments demonstrate that the 

improved CTGAN achieves 10% faster computational speed than CGAN, with a 

20% reduction in MMD and an 81.55% decrease in MED. Additionally, it 

significantly reduces prediction errors compared to LSTM, with greater 

improvements as the prediction time span increases. These findings validate the 

feasibility and potential of CTGAN for practical 4D TP applications.  

In terms of improving medium- and long-term TP accuracy, based on the CTGAN 

architecture, the C-CTGAN model—combining K-medoids clustering with 

CTGAN—was developed. The model’s accuracy was evaluated from the 

perspectives of data distribution and trajectory distance using MMD and MED 

metrics. Mean absolute error (MAE) was used to compare the C-CTGAN LSTM, 

CNN-LSTM, CNN-LSTM-Attention, CNN-BiLSTM, and the original CTGAN 

models. The proposed C-CTGAN model significantly outperformed LSTM-based 

models and the original CTGAN in predicting medium- and long-term trajectories. 

Clustering proved effective in enhancing TP precision. Experiments show the C-

CTGAN model reduced MAE of core trajectory parameters (latitude, longitude, 

geometric altitude, and ground speed) by 69.89%, 15.00%, 74.07%, and 84.21%, 

respectively, compared to the CNN-LSTM model. When compared to the original 

CTGAN model, MAE reductions were 20.43% (latitude), 39.09% (longitude), 

31.98% (geometric altitude), and 17.07% (ground speed).  

Regarding TP under severe weather conditions, a solution to the data imbalance 

problem is proposed by combining a data enhancement network and a TP network. 

A hybrid model architecture of the CTGAN and TP network is designed, and the 
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CTGAN network is optimized. After using the optimized CTGAN to enhance 

minority-class samples, the TP network (LSTM is selected as a case) is applied 

for TP, which can significantly improve TP accuracy. Experiments showed that 

increasing the proportion of minority-class data from 4.7% to 13% reduced the 

average root mean square error (RMSE) by 20.46%. Compared with the classic 

data enhancement method, synthetic minority oversampling technique (SMOTE), 

the improved CTGAN is more suitable. for aircraft TP. Research shows that the 

data enhancement method effectively solved the problem of data imbalance in TP 

and provides a new method for TP based on minority-class sample data.  
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Chapter 1.  

Introduction  

1.1 Research background and significance 

Air transport is vital in promoting global social development and sustainable 

economic growth. According to statistics, the aviation industry directly and 

indirectly supports 58.1 million jobs yearly and contributes more than $2.4 trillion 

to global GDP. The industry carries over 3.3 billion passengers and $6.4 trillion 

of cargo each year [1]. Global air transport volume is projected to grow at an 

average annual rate of 4.4% through 2037, while China's air traffic is expected to 

expand by 250% during the same period [2]. 

The global air travel demand maintains a consistent growth momentum. On the 

one hand, it has promoted the prosperity and development of air transportation, 

and on the other hand, it has brought tremendous pressure and challenges to air 

traffic management (ATM). The sustained expansion of air travel demand is 

projected to elevate air traffic density significantly. This growth trajectory may 

precipitate route congestion, exacerbate flight delays, and ultimately degrade air 

traffic control (ATC) system performance, potentially elevating midair conflict 

risks and compromising aviation safety margins. The growing imbalance between 

escalating air traffic volumes and constrained airspace capacity is reaching critical 

levels. The rising demand for air travel has necessitated greater demands on ATM 

systems and service quality standards. As artificial intelligence (AI) technology 

advances at an accelerated pace, new types of transportation, such as unmanned 

aircraft systems, have begun to be applied in some fields. It can be foreseen that 

soon, uncrewed aircraft will become an essential member of air transportation. 

Adding new types of transportation will further increase the complexity of ATM 

and intensify the contradiction between aviation demand and service capabilities. 

In 1998, the International Civil Aviation Organization (ICAO) introduced the 

global ATM operational framework in response to existing ATC challenges and 

anticipated future demands. Through system reconstruction, a new generation of 
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ATM system was built to fundamentally solve the problems faced by the ATC 

system [3]. Trajectory-based operation (TBO) is a vital element of the new 

generation of ATM systems. Real-time exchange and continuous updating of 

flight trajectories among aviation stakeholders form the foundation for 

coordinated operational planning and management [4]. The trajectory in the TBO 

environment refers to the set of four-dimensional (4D) coordinates of the 

trajectory points the aircraft passes through from the boarding gate to the arrival 

gate, including but not limited to three-dimensional geographic spatial position 

information and one-dimensional time information. That is, the 4D trajectory 

synthesizes flight path coordinates through geospatial positioning, temporal 

parameters, and kinematic attributes (including velocity and acceleration) [5]. 

4D aircraft trajectory is the information used to describe the motion status of an 

aircraft. Through the distribution, sharing, and collaborative management of 4D 

trajectory information, real-time or near-real-time situational awareness of the 

entire aircraft operation process can be achieved. On this basis, trajectory 

information-based collaborative decision-making, thereby improving the 

flexibility of flight plan adjustments, the utilization of airspace and airport 

resources, and the air transportation system safety. Enhanced operational efficacy 

becomes particularly pronounced in congested airspace corridors and busy airport 

zones requiring intensive flight coordination [6]. Enhanced trajectory prediction 

(TP) precision constitutes the essential foundation for optimizing aircraft 

separation minima, increasing airspace capacity, improving transportation 

efficiency, and ensuring air transportation safety. In the TBO environment, 

measures to enhance the capabilities of the ATM system, such as traffic 

synchronization, orderly organization of traffic flow, flexible airspace capacity 

management, dynamic adjustment of flight trajectories, and entrusting aircraft 

separation decisions to crew members when conflicts may occur, all place higher 

demands on the accuracy of aircraft trajectories (especially current and future 

positions). Since TP is an indispensable and essential function of most (if not all) 

ATM decision support tools (DSTs) [4], TP is not only an important support for 

the new generation of ATM systems but also proving instrumental in advancing 

the current ATM infrastructure. To provide a clearer picture of its practical 

significance, the applications of aircraft TP are categorized in Table 1.1, followed 
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by illustrative case studies. 

Table 1.1 Categorization of aircraft trajectory prediction applications. 

Application 

domain 

Specific 

application/function 

Application 

timing/phase 

Key TP 

requirement 

Air traffic 

control (ATC) 

Conflict detection and 

resolution 

Tactical/real-

time (0-20 min) 

High accuracy, 

low latency 

Arrival/departure 

management 

Tactical to pre-

tactical (20 min - 

2 hours) 

High accuracy 

in terminal area 

Traffic flow 

management 

Strategic to pre-

tactical (2 - 8+ 

hours) 

Capacity & 

demand 

prediction 

Flight 

deck/cockpit 

Airborne conflict 

avoidance 

Tactical/real-

time (0-5 min) 

Extreme 

reliability, 

integrity 

Station keeping 

(interval management) 

Tactical/real-

time 

High precision 

& update rate 

Airline 

operations 

Fleet management & 

scheduling 

Strategic (days 

before flight) 

Aggregate fleet 

trajectories 

Flight (re-)planning & 

rerouting 

Pre-tactical to 

tactical 

Fuel & time 

optimization 

Estimated time of 

arrival (ETA) 

Entire flight (en-

route to arrival) 

Accuracy at 

meter fixes 

 

1). Case study 1: Metroplex arrival management 

In congested terminal areas like the New York or Shanghai Metroplex, multiple 

airports operate in close proximity. Arrival streams from different directions must 

be merged efficiently onto final approach paths. Here, highly accurate short-term 

TP (e.g., 5-10 minute look-ahead) is indispensable for tools like Time-Based 

Metering (TBM). The controller uses TP to calculate precise arrival times at the 

runway threshold and issues speed adjustments to aircraft to maintain optimal 
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separation and sequence, thereby maximizing runway throughput while 

minimizing vectoring and holding delays. Any significant error in the TP can lead 

to missed spacing, requiring last-minute manual interventions that reduce capacity 

and increase controller workload. 

2). Case study 2: In-flight trajectory negotiation (4D trajectory based operations - 

TBO) 

The core of TBO, as mentioned in the introduction, is the negotiation and 

adherence to a precise 4D trajectory (latitude, longitude, altitude, time). Consider 

a scenario where an aircraft needs to change its flight path mid-flight to avoid 

weather or save fuel. The airline's operations center would generate a new, 

optimized 4D trajectory and submit it as a formal amendment request to the 

ground-based ATM system. The system must then evaluate this proposal against 

all other active and planned trajectories. This conflict detection process relies 

entirely on medium-term TP (e.g., 20-60 minutes) for all affected aircraft. The 

accuracy and, crucially, the uncertainty quantification of these predictions 

determine whether the new trajectory can be safely approved. Poor TP could either 

lead to rejecting efficient trajectories (reducing flexibility) or approving 

potentially conflicting ones (compromising safety). 

TP is, therefore, a hot topic in current research on ATMs. Unless otherwise 

specified, the term TP refers specifically to aircraft TP in this study. 

Augustin Degas et al. [7] collected articles in ATM published in English from 

2010 to the end of December 2021 from relevant top-level conferences and 

journals. The analysis results are shown in Figure 1.1. Compared with 

optimization, analysis, and simulation, the number of articles on prediction is the 

largest, and the growth trend is the most significant. Although the prediction 

direction is not limited to TP, such as traffic flow or runway occupancy time 

prediction, it is closely related to TP. In particular, TP is redefined as the 

prediction of the entire door-to-door trajectory, and many related predictions can 

be included in the scope of TP. The analysis results show that TP is a hot research 

issue in ATMs. In summary, it is necessary to research aircraft TP methods. 
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Figure 1.1 Evolution of the number of papers published each year in different 

directions of the ATM field. 

This study examines deep learning and its application characteristics in aircraft 

TP. From the perspective of business applications for TP methods, it investigates 

the technical features of deep learning-based TP systems. It proposes a technical 

framework that includes system composition, construction and application, an 

evaluation index system, and typical structural patterns of hybrid TP models. 

Given the notable advantages of the recent research achievement of conditional 

tabular generative adversarial networks (CTGANs) in handling non-Gaussian 

distributions and imbalanced tabular data, which align with the characteristics of 

aircraft trajectory data, an exploratory study on CTGAN-based TP was conducted. 

This involved assessing CTGAN's application potential in TP, investigating its 

application methods for medium- to long-term predictions, and exploring its 

capability to enhance minority-class sample data, effectively improving prediction 

accuracy under adverse weather conditions. The studies based on CTGAN 

demonstrate its potential and typical application methods in TP. The proposed 

technical framework for deep learning TP serves as a reference for applying deep 

learning methods in this field, ultimately promoting the development of TP 

technologies and their applications. 

1.2 Main research problems at present  

While deep learning has demonstrated promising results in aircraft TP, its 
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practical implementation remains largely experimental and requires further 

validation. A relatively complete theoretical and technical system has not yet been 

established, which cannot effectively guide research practice, promote innovation 

and development, and promote the substantial improvement and practical 

application of TP capabilities. The existing TP accuracy, mainly the medium- and 

long-term TP accuracy, is challenging in meeting the requirements of TP for the 

rapidly growing demand for air transportation. An effective TP method has not 

yet been formed for problems such as sample data imbalance in severe weather. 

These are technical problems that urgently need to be solved and are also the main 

content of this article. Of course, for an industry like ATM that takes safety as its 

primary principle, there is almost zero tolerance for errors, and the requirements 

for mistakes are rigorous. Like emerging technologies, deploying deep learning 

for TP at scale necessitates resolving critical technical barriers in robustness, 

interpretability, and operational integration. 

1.2.1 TP technology framework based on deep learning 

TP is the core technology of modern ATC automation systems. It is the essential 

function of ATM DSTs. 

TP serves as a foundational component in contemporary ATC automation 

frameworks and a critical operational capability within ATM decision-support 

ecosystems. Such as demand and capacity balance of air traffic flow management 

(ATFM) automation system, traffic synchronization of the arrival management 

system, conflict management (CM) of conflict detection system (conflict 

detection-CM), decision unit of flight planning system (flight planning-AUO), 

and decision unit of flight management system (flight management-AUO). 

Different application scenarios usually have different requirements for the 

operating environment, usage, function, and performance of TP tools. Although 

the prediction models, implementation technologies, and product forms of 

different TP tools may differ, the critical factors involved in building a TP system, 

the principles for handling problems, the primary data flow, and other logical 

methods are consistent. Research on basic technical architecture can provide 

methodological and technical guidance and references for designing and 

implementing different TP tools. At present, ICAO has proposed a basic 

composition framework and data process for TP consisting of four modules: 
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preparation, calculation, update, and output. Some authors have also proposed an 

evaluation framework and indicator system for aircraft TP models and a model 

based on machine learning (ML). However, the current framework remains 

fragmented in implementation and lacks systematic alignment with deep 

learning's architectural cohesion and domain-specific learning paradigms. Deep 

learning is a new technology with good application prospects and is attracting 

much attention in this field. Advancing foundational theoretical studies to 

establish a deep learning -driven TP framework will critically enhance deep 

learning's practical applicability in this domain and facilitate collaborative 

innovation through research sharing. 

1.2.2 TP accuracy 

The sustained expansion of global air traffic demands enhanced optimization of 

aviation resource utilization, particularly airspace efficiency, while requiring 

aircraft TP systems to achieve superior reliability and precision. Based on higher 

TP accuracy, the safe separation distance of aircraft can be reduced, the airspace 

capacity can be effectively increased, and the refined management level of ATM 

can be improved, providing critical technical support for significantly improving 

air transportation capacity. Due to the complexity and uncertainty of the 

environment, the current TP is difficult, especially in the terminal area, and current 

prediction systems struggle to achieve the precision demanded by the exponential 

growth in air traffic operations. The method based on physical mechanisms can 

obtain higher prediction accuracy in short-term prediction. Due to the uncertainty 

of various environmental factors, whether a method based on a physical 

mechanism or a method based on ML, the prediction accuracy usually drops 

sharply as the prediction time span increases. Improving the accuracy of TP has 

always been the unremitting goal of the aircraft TP field, significantly improving 

the accuracy of medium- and long-term TP, which is a significant problem 

currently faced. 

1.2.3 TP based on minority-class sample data 

Severe environments such as electromagnetic solid storms and severe convective 

weather significantly impact air traffic. They are environmental factors that must 

be focused on in TP. Since flight data under severe weather conditions are 

relatively scarce, the proportion of historical trajectory data under normal weather 
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conditions is tiny, which belongs to minority-class sample data characterized by 

data imbalance in the sample data set. Existing TP models often perform poorly 

in learning the features of minority-class sample data in imbalanced data. This is 

because general data-driven methods usually treat minority-class sample data as 

outlier data, or it is difficult to capture the characteristics of minority-class sample 

data due to insufficient sample numbers, resulting in decreased prediction 

accuracy. There is no research report on solving the data imbalance problem faced 

by TP under severe weather conditions. Conducting TP based on minority-class 

sample data and solving the problem of TP under severe weather conditions will 

help improve the scenario adaptability of TP, make up for the shortcomings of TP, 

and enhance the TP model system. 

1.3 Research content and technical approach of the thesis 

1.3.1 Main research contents 

(1) TP technology framework based on deep learning 

This contemporary AI methodology, which has demonstrated itself as a scalable 

and effective big data solution across diverse domains, is increasingly being 

adopted for operational deployment in industry applications. The application of 

deep learning in aircraft TP is still in the exploratory research stage. Research on 

the application characteristics, application methods, and system characteristics of 

deep learning-based aircraft TP methods will help promote the field development. 

The study on the deep learning TP technology framework aims to summarize 

relevant knowledge and technologies to form systematic expertise and provide a 

reference for developing and applying TP technology based on deep learning. The 

research content includes system composition, system construction and 

application, system evaluation index system, TP hybrid model structure, and 

integrated application of the TP model. 

(2) Medium- and long-term TP methods 

The low accuracy of medium- and long-term TP has always plagued the industry. 

Methods based on physical mechanisms cannot accurately capture the uncertainty 

of aircraft maneuvers in the long term, which will cause significant errors. The 

RNN-based method commonly used in TP is limited by chaos phenomena, and  
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prediction reliability degrades exponentially with extended temporal horizons.  

Given that generative adversarial networks (GAN) supports unsupervised training, 

its generator implicitly learns the distribution of real data and can be regarded as 

an implicit density estimation method. The accuracy of its generated data is not 

independent of the prediction time span, and it has the primary conditions for 

application in medium- and long-term TP. The main research content includes 

exploring the application method of GAN in aircraft TP, designing a GAN-based 

aircraft TP model based on the characteristics and requirements of medium- and 

long-term predictions, and experimentally verifying its ability in medium- and 

long-term aircraft TP. 

(3) TP method under severe weather conditions 

Weather is an essential concern for flight, and severe weather significantly 

impacts ATM. Compared with average weather, flight data under severe weather 

conditions is relatively scarce and belongs to minority-class sample data, which 

causes data imbalance in sample data. The current TP method does not take special 

processing measures for minority-class sample data, making it challenging to 

implement TP effectively. To address this issue, we carried out research work on 

minority-class sample data enhancement, including minority-class sample data 

enhancement methods, the impact of different minority-class sample data ratios 

on prediction, the impact of various data enhancement methods on prediction, and 

the design and experiment of TP methods under severe weather conditions. 

1.3.2 Technical route 

The overall research plan of this thesis is illustrated in Figure 1.2. The fundamental 

idea of the research is as follows: first, based on the characteristics of deep 

learning TP, the study investigates the fundamental principles and methods for 

building applications, forming a technical framework (Chapter 3) to guide 

subsequent research. Building on this, the research addresses medium- to long-

term TP by exploring the technical pathways for applying new AI research 

outcomes, discovering that CTGAN's advantages align well with several key 

characteristics of aircraft TP, indicating strong application potential (Chapter 4). 

To further leverage CTGAN's potential, a hybrid model combining clustering 

algorithms with improved CTGAN is constructed to improve medium- to long-
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term TP accuracy (Chapter 5). In response to the challenges of predicting 

trajectories under adverse weather conditions, the study fully utilizes the improved 

CTGAN's strengths in data generation, exploring data augmentation methods to 

tackle the technical challenge of sample data imbalance in aircraft TP. 

 

Figure 1.2 Overall research plan of the thesis. 

1.4 Organization of the thesis 

This thesis consists of 7 chapters, organized as shown in Figure 1.3. 
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Figure 1.3 Thesis organization. 

Chapter 1: Introduction 

This chapter examines the operational requirements for aircraft TP, clarify the 

research significance. It further identifies systemic limitations in current TP 

paradigms and outlines this work's methodological innovations and integrative 

technical strategies to address these challenges. 

Chapter 2: Fundamentals of aircraft TP and deep learning 

This chapter introduces the basic knowledge of aircraft TP and summarizes the 

concepts, frameworks, and requirements related to TBO. It also presents the 

current status of aircraft TP research, typical TP models based on physical 

mechanisms, standard deep learning networks, and supporting data for deep 

learning TP. 

Chapter 3: TP technology framework based on deep learning 

This chapter approaches the TP system from a business operations perspective, 

proposing the fundamental components of the system, along with the construction 

and application processes and main tasks involved. A comprehensive evaluation 

index system is presented based on research into the TP system's evaluation 

framework. Additionally, it summarizes typical structural patterns and parameter 
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optimization methods for hybrid TP models based on deep learning and principles 

and techniques for their integrated application, forming a technology system for 

aircraft TP based on deep learning. 

Chapter 4: Aircraft TP based on CTGAN 

This chapter analyzes typical deep learning models' main characteristics and 

application directions, such as long short-term memory (LSTM), GAN, and 

Transformer in TP. It provides a detailed introduction to the characteristics of 

CTGAN, designs a TP method based on the improved CTGAN, conducts 

comparative experiments on TP, and presents a thorough comparative analysis of 

the experimental results. 

Chapter 5: Medium- and long-term aircraft TP based on clustering 

This chapter focuses on improving the accuracy of medium- and long-term TP by 

designing a hybrid model that combines a clustering algorithm with the improved 

CTGAN network. It conducts comparative experiments against models such as 

LSTM, convolutional neural network (CNN)-LSTM, CNN-LSTM-Attention, 

CNN-BiLSTM, and the original CTGAN, providing a detailed comparative 

analysis of the experimental results. 

Chapter 6: Aircraft TP considering severe weather factors and minority-

class sample data 

This chapter addresses the significant impact of severe weather on aircraft TP and 

the challenge of limited sample data. It emphasizes research on methods and 

techniques for generating minority-class sample data under severe weather 

conditions. Initially, it uses a improved CTGAN to enhance minority-class sample 

data and conducts TP comparative experiments using standard models like LSTM, 

CNN-LSTM, CNN-LSTM-Attention, and CNN-BiLSTM. Additionally, it 

employs other methods to enhance minority-class sample data, conducting TP 

comparative experiments based on data enhanced by different methods and 

presenting a detailed comparative analysis of the results. 

Chapter 7: Conclusion and outlook 

This chapter synthesizes the core contributions of this research, delineates key 
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methodological advancements in deep learning-driven TP, and proposes targeted 

directions for subsequent investigation to address unresolved technical and 

operational gaps. 
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Chapter 2.  

Fundamentals of aircraft trajectory 

prediction and deep learning  

This chapter serves as the theoretical and technical foundation of the entire study. 

We can further explore deep learning-based TP methods by clarifying the new 

requirements for TP in a TBO environment, typical TP models, available deep 

learning models, and data resources. This chapter mainly investigates and 

summarizes these foundational issues. 

2.1 Fundamentals of aircraft TP 

Aircraft TP generates a 4D trajectory for an aircraft from gate to gate based on 

input conditions. To address the increasing demand for air transport capacity, the 

ICAO has promoted the construction of a system according to the global ATM 

concept. TBO is the cornerstone of this concept. In a TBO environment, the 

importance of TP is further emphasized, and it imposes higher demands on 

prediction accuracy and reliability. 

2.1.1 Relevant concepts in aircraft TP 

An aircraft trajectory represents the aircraft's motion in both airborne and ground 

operations, defined by parameters such as position, time, and derived kinematic 

attributes like velocity and acceleration. It integrates multidimensional data, 

including 3D spatial coordinates (latitude, longitude, altitude), temporal data 

(time), and calculated or inferred dynamic variables. This primarily involves 

continuously recording or modeling the aircraft's path during all phases of flight 

and ground maneuvers, ensuring comprehensive operational tracking and analysis 

[8]. A complete aircraft trajectory describes the motion state of the aircraft from 

gate to gate. Mathematically, a trajectory can be represented by a series of time-

ordered trajectory state vectors or the geometric shape of the flight path. Each state 

vector encapsulates the attributes of a trajectory point, including basic information 
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across four dimensions: longitude, latitude, altitude, and time, typically 

supplemented by additional attributes like heading, speed, and acceleration. This 

comprehensive representation is commonly referred to as a 4D trajectory. 

According to the ICAO, aircraft TP calculates and forecasts an aircraft's future 

position, heading, and other states. TP depends on integrating real-time aircraft 

status and planned flight intent, combined with predictive models for performance 

characteristics, meteorological factors, and airspace configuration data to estimate 

future flight paths [9]. TP is essential for ATM systems, enabling critical functions 

like conflict detection and resolution (CD&R), traffic flow optimization, and 

navigational guidance.TP models are at the core of TP and research, significantly 

determining the effectiveness of trajectory forecasting. These models' successful 

operation and performance depend on other factors, such as providing necessary 

input parameters from various components. To address this, the Federal Aviation 

Administration (FAA)/Eurocontrol Action Plan 16 (AP16) introduces a 

standardized TP framework structured into four interconnected modules: 

preparation, computation, updating, and output. These modules establish clear 

relationships and procedural workflows to ensure systematic trajectory prediction 

[9]. 

Research on aircraft TP methods typically encompasses two main aspects: the 

design and application of TP models. For deep learning-based aircraft TP methods, 

this includes model design (structuring the neural network and its interrelations), 

model training (determining model parameters), and model application (executing 

TPs). The deep learning-based aircraft TP model establishes a neural network 

structure and parameters suited for specific application scenarios, manifested as a 

runnable software module known as the trajectory computation engine. 

2.1.1.1 Stages of Aircraft trajectory 

An aircraft trajectory is a collection of spatial position coordinates and 

corresponding times experienced at all waypoints throughout the flight process. 

This can be defined as the aggregation of flight paths spanning from the departure 

gate at the origin airport to the arrival gate at the destination airport. Specifically, 

this includes seven stages: ground taxiing, takeoff and departure, climb, cruise, 

descent, approach, landing, and taxiing to the gate [10], as illustrated in Figure 2.1. 
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Figure 2.1 Stages of the entire aircraft trajectory. 

Ground taxiing phase: This phase begins when the aircraft moves from parking 

and continues until takeoff. It includes pushback, taxiing, and proceeding to the 

takeoff point. 

Takeoff and departure phase: The aircraft takes off from the ground. It involves 

operations such as the takeoff roll, acceleration, and becoming airborne. 

Climb phase: This phase occurs after takeoff and continues until the aircraft 

reaches cruising altitude. The aircraft ascends vertically to its cruising height 

during this stage while gradually accelerating. 

Cruise phase: In this phase, the aircraft flies horizontally at cruising altitude. 

Following a predetermined flight path, the aircraft maintains a constant altitude 

and speed. 

Descent phase: This stage involves the aircraft descending from cruising altitude 

to approaching altitude near the airport. The aircraft gradually reduces speed and 

descends vertically to landing altitude. 

Approach phase: In this phase, the aircraft enters the airspace near the airport and 

prepares for the final approach and landing. The aircraft adjusts its heading and 

altitude, entering a predefined path known as the "glideslope" to ensure a smooth 

landing. The approach phase is divided into three sequential sub-phases: initial, 

intermediate, and final. 

Landing and taxiing to the Gate Phase: This phase encompasses the period from 

when the aircraft touches down on the runway until it taxis to the designated gate 

or parking position. During this stage, the aircraft lands on the runway, decelerates 
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to a safe speed, and then taxis along the airport taxiways to the gate or parking 

position. 

Given the different environments faced during various flight phases, the influence 

of environmental factors on TPs varies. Therefore, constructing different TP 

models tailored to each phase is often necessary to meet specific prediction 

requirements. Each phase must adhere to relevant operational regulations, 

procedures, and air traffic controller instructions. 

Factors such as airspace capacity, weather conditions, route congestion, aircraft 

performance, airline operational procedures, and pilot preferences play significant 

roles during the cruise phase. Other phases are also influenced by the airport's 

geographical environment, airport facilities and capacity (e.g., runway numbers), 

and airport operational and management capabilities. The impact of these factors 

on different phases can vary considerably, making it challenging to predict an 

entire trajectory with a single model. To reduce complexity, the ATM research 

community combines several closely related phases into four main research stages: 

airport, approach, enroute, and regional [11]. Trajectory modeling and prediction 

are typically conducted separately for each stage. The airport and approach stages 

correspond to the TMA, guided by airport tower ATC services. The airport stage 

encompasses taxiing, takeoff and departure, and climb phases, while the approach 

stage includes descent, approach, and taxiing to the gate. The terminal airspace is 

complex, characterized by high flight flow density and frequent changes in aircraft 

attitude, presenting challenges for high-precision and reliable TPs, which are a 

focus for decision support tool development [12]. The enroute stage corresponds 

to the cruise phase and is typically modeled and predicted as a standalone stage. 

The regional stage pertains to various segments of ATC zones along flight routes, 

primarily used for monitoring and managing traffic within these airspace sectors. 

2.1.1.2 Classification of aircraft TP 

Aircraft TP can be classified by time scale into short-term and medium-to long-

term predictions [13]. Short-term TP covers intervals of minutes or less, focusing 

on immediate conflict risk detection and resolution. It relies less on long-term 

intent or weather data but assumes fixed maneuvers (e.g., constant turn rates), with 

accuracy improving as intervals shorten. Medium- to long-term TP spans 10+ 
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minutes, requiring comprehensive data on flight intent, environmental factors, 

aircraft performance, and navigation. However, uncertainties in these inputs 

reduce accuracy over extended timeframes. While short-term TP enables real-time 

safety measures, medium- to long-term TP supports strategic planning for flight 

routing, fuel estimation, and airspace management. 

TP is categorized as deterministic or probabilistic based on result formats [14]. 

Deterministic approaches, including nominal and worst-case methods, directly 

output predicted trajectories. Nominal methods cannot fully account for 

uncertainties in aircraft behavior, leading to reduced accuracy over extended 

prediction periods. Worst-case methods conservatively assume the aircraft may 

execute any maneuver within a predefined set, generating predictions under worst-

case scenarios. In contrast, probabilistic methods model trajectory uncertainties 

using probability density functions (PDFs), offering enhanced accuracy for long-

term predictions compared to deterministic techniques. 

TP is categorized by timing into strategic/pre-tactical and tactical predictions [11]. 

Strategic predictions span from one year to one week before the operational day, 

while pre-tactical predictions cover the final week prior. Both focus on pre-takeoff 

trajectories, incorporating flight plans, weather trends, traffic flow, aircraft 

performance, and historical patterns to assess fuel consumption and airspace flow. 

Tactical predictions, executed post-takeoff, integrate dynamic data such as real-

time flight status, route-specific weather forecasts, and traffic density to support 

operational decisions and conflict warnings. 

TP is classified into ground-based and aircraft-based systems depending on 

deployment location. The ground-based TP employed by ATC operates from 

ground infrastructure and utilizes surveillance radar or ADS-B data to estimate 

aircraft status and environmental conditions as model inputs. Integrated into FMS, 

aircraft-based TP relies on onboard sensors to acquire real-time parameters. Data 

from aircraft systems, such as flight status and weather updates, often offers 

greater timeliness and accuracy compared to ground sources. Recent studies focus 

on harmonizing outputs from both approaches to enhance consistency [15]. 

TP is categorized into physics-based and deep learning-based approaches based 

on underlying technologies. Physics-based TP utilizes principles of kinematics 
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and dynamics, employing classical methods such as state estimation and dynamic 

modeling. These methods often require extensive input parameters and state data, 

some of which are challenging to acquire or estimate accurately due to their 

dynamic nature. Simplifying assumptions are frequently applied to reduce 

complexity, but uncertainties in input data can compromise prediction reliability. 

Deep learning-based TP, in contrast, bypasses the need for prior knowledge or 

assumptions about aircraft parameters by autonomously extracting trajectory 

features and identifying hidden patterns from historical data. This data-driven 

approach has emerged as a novel research focus, offering advantages over 

traditional physics-based methods [16]. 

TP is classified into two types based on model/algorithm integration: standalone 

model-based and hybrid model-based approaches. Basic model/algorithm-based 

prediction: This method relies on a single model or algorithm for TP, such as those 

based on GANs, RNNs, CNNs, or sequence-to-sequence generative networks 

(Transformers). Hybrid model-based prediction: This approach combines two or 

more models/algorithms to achieve TP, such as methods that integrate RNN and 

CNN or Attention mechanisms with RNN. 

2.1.1.3 TP accuracy requirements 

TP is widely applied in various ATM operations, including flight planning, 

anomaly monitoring, traffic management, arrival management, conflict detection, 

and aircraft operations. Different application scenarios impose varying accuracy 

requirements on TPs. Aircraft navigation systems are essential for determining an 

aircraft's position in the air and play a critical role in ensuring air traffic safety and 

orderly operation. While navigation accuracy requirements are not explicitly 

designed for TP, they serve as a valuable reference for trajectory accuracy 

standards [17]. When TP accuracy aligns with navigation accuracy, the results can 

be directly used for navigation. Therefore, the accuracy required for navigation 

can be seen as a fundamental target for TP, particularly in short-term predictions 

for conflict warning and resolution. 

The ICAO introduced performance-based navigation (PBN), an operational 

framework that combines area navigation (RNAV) and required navigation 

performance (RNP) procedures and standards. To facilitate this concept 
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implementation in actual operations, ICAO published the "PBN manual" in 2006, 

with ongoing updates. The fourth edition, published in 2013, outlines the accuracy 

requirements for TPs under various navigation standards [18], as shown in Table 

2.1. 

Table 2.1 Application of flight phase navigation. 

Navigation 

Specifications 

Flight phase 

Oceanic/remote 

land routes 

Overland 

air 

routes 

Descent 

Approach Departure 

Initial Intermediate Final 
Go-

around 
 

RNAV 10 10        

RNAV 5  5 5      

RNAV 2  2 2     2 

RNAV 1  1 1 1 1  1 1 

RNP 4 4        

RNP 2 2 2       

RNP 1   1 1 1  1 1 

A-RNP 2 2 or 1 1 1 1 0.3 1 1 

RNP APCH    1 1 0.3 1  

RNP AR 

APCHH 
   1-0.1 1-0.1 

0.3-

0.1 
1-0.1  

RNP 0.3   0.3 0.3 0.3  0.3 0.3 

 

The table values represent the lateral navigation accuracy requirements that must 

be met over 95% of flight time, measured in nautical miles (n mile). RNAV and 

RNP are both area navigation specifications, with RNAV not requiring onboard 

monitoring and alerting capabilities, while RNP does. The specifics of each 

standard are as follows: 

1). RNAV 1: A navigation standard applied to routes requiring area navigation 

capabilities under air traffic services (ATS), also supporting instrument approach 

procedures beyond the final approach fix. 

2). RNAV 2: Similar in scope and requirements to RNAV1 but allows for longer 

inertial reference unit (IRU) cruise times, more commonly applied in en route 

phases. 
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3). RNAV 5: Uses DME/DME, DEM/DEM/IRU, or GNSS for navigation and can 

be applied for standard instrument approaches starting from 30 nautical miles from 

the airport reference point (ARP) and above the minimum sector altitude. 

4). RNAV 10: Utilizes GNSS as the navigation source, primarily for routes over 

oceans and remote areas. 

5). RNP 1: Limited to standard instrument approaches, standard instrument 

departures, and initial climb segments following the missed approach. 

6). RNP 2: Primarily used in en route phases, especially over oceans/remote areas 

and land. 

7). RNP 4: Focused on en route phases, particularly in ocean/remote areas. 

8). A-RNP: Utilized in complex flight environments with stringent airspace 

management needs, applicable in busy airspace or complicated flight conditions. 

9). RNP APCH: Specifically for navigation performance standards during the 

approach phase, aimed at providing more precise and safer approach paths. 

10). RNP AR APCH: Used for the approach and landing phases, particularly 

suited for airports with complex terrain or restricted airspace. 

11). RNP 0.3: Primarily targeted for helicopter operations. 

2.1.2 TP based on trajectory-based operations 

2.1.2.1 Trajectory-based operations concept 

(1) Evolution of air traffic management 

The current ATM system operates within sectorized airspace and relies on 

predefined flight routes, with airspace organization dictating the regulation of 

flight paths and segments. When traffic demand surpasses handling capacity, 

controllers may implement ground holding measures, in-flight adjustments (e.g., 

speed reduction or holding patterns), or rerouting options to manage congestion. 

Modern operational improvements primarily originate from PBN-enabled 

automated flight route planning and execution, optimizing airspace organization, 

traffic management, and runway operations. Since ICAO’s 1998 proposal for a 

global ATM modernization framework [3], major programs like the U.S. NextGen, 
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Europe’s SESAR, and Japan’s CARATS have been implemented to enhance 

aviation safety and efficiency. These initiatives adhere to the TBO framework. 

The evolution of ATM from an ATC standpoint is categorized into three phases: 

procedural control (historically applied using estimated aircraft positions), 

surveillance-driven control (current practice using real-time positional data), and 

TBO, which anticipates future aircraft positions. TBO represents a foundational 

shift in next-generation ATM systems, addressing aviation’s critical challenge of 

balancing capacity and demand by optimizing predictability and resource 

allocation [15]. 

(2) Air traffic management based on trajectory-based operations   

The ICAO’s ATM operational concept (Doc 9854) defines the framework for 

advancing global and regional ATM systems, establishing the TBO framework. 

Under TBO, every flight operates with a shared and managed trajectory, serving 

as a unified flight plan. Air traffic stakeholders—including controllers, airlines, 

airports, and aircraft operators—leverage the System-Wide Information 

Management (SWIM) platform to access real-time trajectory data, enabling 

collaborative decision-making and tactical adjustments across all phases of flight 

operations. 

To ensure this transition is coherent, unified, and integrated, the global ATM 

community requires a common baseline and framework to guide the development 

and implementation of interconnected capabilities and processes. In 2012, the 

ICAO approved the fourth edition of the global air navigation plan, which 

introduced the aviation system block upgrade (ASBU) approach, proposing air 

navigation policies and establishing a technical roadmap to support necessary 

developments. Subsequently, the sixth edition of the global air navigation plan 

(GANP) was released in 2019, dividing improvement areas into information 

(weather, intelligence, system-wide information management, and collaborative 

flight and flow), operations (flow management, separation management, surface 

operations, runway sequencing), and technology (communication, navigation, 

surveillance). It proposed an evolutionary pathway toward comprehensive 

implementation of TBO, positioning TBO as the ultimate integration and 

realization goal across various operational domains, with plans for global 
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application beyond 2031. 

TBO, as a critical technology of the ASBU, can significantly enhance the 

predictability of air traffic flow, reduce airborne waiting times, decrease carbon 

emissions, minimize flight delays, and ensure smoother flights, thereby 

considerably improving global air transportation efficiency. Research and 

modernization plans for ATMs are underway in various regions worldwide. 

Although these plans differ, they align with the singular global vision articulated 

by the ICAO's global ATM operational concept. Fundamental conceptual changes 

are being realized in different parts of the world at varying levels of maturity (for 

example, dynamic and flexible airspace management and support for mixed 

capabilities). However, the evolution and transition to a TBO environment have 

yet to be fully achieved. Central to TBO is TP and synchronization. The current 

state of TP information sharing has systemic consequences, reflected in the 

suboptimal performance of discrete individual decision support system 

functionalities and inadequate system-level performance. 

The global ATM framework integrates seven core elements: airspace organization 

and management (AOM), demand-capacity balancing (DCB), airport operations 

(AO), traffic synchronization (TS), conflict management (CM), airspace user 

operations (AUO), and service delivery management (SDM). These components 

are linked via System-Wide Information Management (SWIM) and operate on a 

unified trajectory grounded in collaborative decision-making (CDM) principles. 

Through coordinated interaction, stakeholders establish a mutually agreed 

trajectory that aligns with collective operational objectives, ensuring safe and 

efficient flight execution across all phases. 

 

Figure 2.2 ATM concept components. 
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In the context of the global ATM operational concept: 

AOM: Dynamically designs and allocates airspace structures to meet operational 

demands. 

AO: Delivers essential services and infrastructure for air traffic management. 

DCB: Assesses traffic demand and capacity across the system, applying measures 

to address mismatches. These actions, determined collaboratively, span strategic, 

pre-tactical, and tactical phases. 

TS: Tactically organizes air traffic flows to ensure safety, order, and efficiency. 

AUO: Encompasses flight planning, monitoring, and execution. 

CM: Mitigates collision risks through three layers: 

1). Strategic: Uses AOM, DCB, and TS to manage traffic flow and reduce 

separation needs preemptively. 

2). Separation Provision: Tactically maintains minimum separation standards. 

3). Collision Avoidance: Acts as a final safeguard if separation fails. 

SDM coordinates and balances decisions related to ATM performance, services, 

and assets across the various conceptual components. 

Figure 2.3 illustrates the TBO operational framework, highlighting that shared 

planning and consistent trajectories are essential information for interactions in a 

TBO environment, linking all stakeholders in air transportation and their decision 

support systems [15]. 
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Figure 2.3 TBO operation diagram [8]. 

2.1.2.2 TP framework under trajectory-based operations 

In the ATM system, various DSTs rely heavily on TP software. While all TP 

systems' design and implementation logic are similar, differences in operational 

environments, accuracy, uncertainty, response times, input data, and interaction 

modes lead to varying technological dependencies for each DST. This results in 

diverse TP systems coexisting within the ATM environment, posing potential 

challenges for comparative analysis, shared applications, and interoperability 

among automated systems. 

To address these challenges, the FAA/Eurocontrol Action Plan 16 [9] proposed a 

universal TP model consisting of four modules: Preparation, computation, update, 

and output, as shown in Figure 2.4. The prediction process begins in the 

preparation module, which processes raw data collected from users to create the 

necessary input parameters for the TP model. The computation module then 

calculates the predicted trajectory based on these inputs and passes the results to 

the update module. This module checks whether the calculated trajectory meets 

the required constraints; if not, it restarts the process by activating the preparation 

or computation modules for further data processing or recalculation. Once the 
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predicted trajectory complies with the constraints, it is forwarded to the output 

module, which delivers the TP results to the user as needed. 

 

Figure 2.4 Trajectory predictor process flow. 

The data flow for TP is illustrated in Figure 2.5. The TP process utilizes input 

parameters such as aircraft status, operational logic models, flight plans, airline 

protocols, weather-related ATC constraints, and performance metrics. These 

inputs are synthesized to create a behavioral logic framework and trajectory 

constraints. The behavioral logic defines sequential operational expectations for 

the aircraft, often termed "aircraft intent." The computational phase forms the core 

of TP, employing trajectory algorithms to integrate behavioral logic, weather 

conditions, performance data, and system adaptations for generating predicted 

trajectories. An iterative refinement mechanism adjusts behavioral models, 

constraints, and flight plans through periodic updates or by detecting deviations 

between predictions and real-time observations, potentially initiating reprocessing. 

Outputs include predicted trajectories, error margins, and data quality alerts for 

client systems [19]. TBO implementation requires precise 4D spatiotemporal 

coordinates (x, y, z, t) to represent aircraft positions, enabling synchronized 

sharing of real-time and planned flight states. 
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Figure 2.5 General TP data flow. 

1). Support model 

The support model incorporates three primary input categories: 

a). Adaptation data: Configuration parameters for system optimization, including 

airspace design specifications, aircraft performance calibrations, and geospatial 

models. 

b). Weather model: Generates forecasts of atmospheric conditions (e.g., wind, 

temperature) within the aircraft’s operational airspace. 

c). Aircraft model: Defines performance characteristics (e.g., climb/descent rates, 

fuel efficiency) and operational limits. 

2). Intermediate processing  

The intermediate processing phase involves three key steps:  

a). Aircraft state processing generates initial parameters for trajectory calculations. 

b). Flight intent processing validates these parameters against flight intent 

constraints to detect discrepancies.  

c). Behavior model generation constructs a behavioral model by integrating initial 
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parameters and flight intent data.  

These steps ensure accurate TP by aligning computational inputs with operational 

objectives. 

3). Output content  

The export process delivers TP results to client systems, including: 

a). Predicted trajectory: Forecasted 4D path (latitude, longitude, altitude, time) of 

the aircraft. 

b). Revised behavior model: Updated operational logic (if deviations between 

predictions and actual data are detected). 

c). Adjusted constraints: Modified operational limits (e.g., weather, airspace 

restrictions). 

d). Computation alerts: Errors or warnings generated during trajectory modeling. 

This output lets clients synchronize decisions with real-time trajectory updates and 

system conditions. 

2.1.2.3 New requirements of trajectory-based operations for TP 

The global ATM operational concept under TBO is characterized by: CDM Based 

on trajectory information: This approach leads to a negotiated trajectory that 

embodies a shared intent among stakeholders. Dynamic and flexible 

characteristics: It enables a highly coordinated global ATM system to adapt to 

changing conditions. Redefined airspace: The airspace is structured according to 

traditional ATC routes and includes optimized flight paths users desire, often 

called free airspace. Comprehensive trajectory: The trajectory encompasses the 

entire journey from the departure gate to the arrival gate. Delegation of separation 

responsibility: Aircraft separation can be delegated to flight crews, alleviating the 

workload on air traffic controllers [15]. 

In the global TBO-based ATM system context, new requirements for TP have 

emerged, primarily manifesting in the following areas: 

1). Higher accuracy requirements: The predicted trajectory describes the positions 

an aircraft must follow along its designated path at specified times. The accuracy 
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of trajectories generated by strategic predictions directly affects the rationality of 

flight plans within the entire air transportation system. Improving TP accuracy is 

crucial for enhancing airspace utilization and ensuring flight safety. In tactical 

predictions, various uncertainties may prevent the aircraft from flying precisely as 

planned, potentially leading to conflicts. Therefore, trajectory adjustments are 

essential, and increasing the predictability of trajectories is necessary to minimize 

these adjustments. Additionally, free airspace and delegated aircraft separation 

require higher TP accuracy. 

2). Faster computation speed requirements: Trajectories are meant to be shared, 

which requires time. A faster TP speed can allow more time for sharing and 

managing trajectory information, thus promoting the rationality of negotiated 

trajectories. 

3). Longer LAT requirements: maintaining a certain level of accuracy while 

extending the LAT for TPs enables the provision of future flight positions and 

status information over a broader time span. This supports the sharing and 

management of trajectory information, creating favorable conditions for conflict 

detection and resolution. Additionally, under TBO, users have the right to choose 

4D trajectories, increasing traffic management's complexity. Longer prediction 

horizons are needed to reduce uncertainty, especially during the cruise phase [20]. 

4). More comprehensive trajectory requirements: In addition to the airborne phase, 

TP should also encompass the taxiing trajectory from the gate to the runway and 

from the runway to the gate. The TP should provide a complete trajectory from 

the departure gate to the arrival gate. 

5). Higher stability requirements: TP relies on external conditions as inputs. When 

these external conditions change significantly, recalculating future trajectories is 

often necessary. Frequent trajectory recalculations are detrimental to the sharing 

and management of trajectory information. Therefore, there is a need to enhance 

the analysis and evaluation of how external factors impact trajectory accuracy to 

avoid unnecessary frequent TP calculations. 

6). Higher uniformity and synchronization requirements: In a TBO environment, 

multiple TP software systems operate simultaneously. Maintaining consistency 
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among the predictions from different TPs and completing predictions within the 

same decision cycle aids in the sharing and managing of trajectory information. 

Improving the uniformity and synchronization of TPs is a new requirement for TP 

under TBO. 

The requirements for TP in the global ATM system based on TBO are 

multifaceted. The importance of these requirements varies depending on the 

operational environment and the supported decision support systems. However, 

enhancing prediction accuracy remains a crucial objective in aircraft TP efforts. 

2.2 Current status of aircraft TP research 

As an essential function or component, aircraft TP emerged with the emergence 

of ATM decision support systems and has continued to develop with the 

deepening of research and new technologies. Aircraft TP has different 

classifications according to various classification principles. According to the time 

scale, it can be divided into short-term (less than 10 minutes time span), medium- 

and long-term predictions (equal to or more than 10 minutes time span). 

According to the form of the prediction, the results can be divided into 

deterministic and probabilistic predictions. Depending on whether the aircraft 

takes off, it can be divided into strategic and tactical predictions. The flight phase 

that is focused on can be divided into take-off, descent, and cruise phase 

predictions. According to the operating environment, it can be divided into 

airborne and ground systems. According to the technology it relies on, it can be 

divided into four methods: dynamics methods, state estimation methods, 

traditional ML, and deep neural networks [4], [15], [16], [21]. Since the prediction 

model that calculates and forms the trajectory is the core of TP, classifying 

according to the technical characteristics of the prediction model can better reflect 

the model's essential characteristics and development trend. Therefore, this study 

establishes a taxonomy of trajectory prediction methodologies through an 

analytical evaluation of model architectural attributes and operational paradigms. 

Since the state estimation method is based on the kinematic mechanism, it mainly 

studies objects' motion without considering the circumstances leading to the 

motion. It can be understood as a method based on kinematics [4]. For ease of 



31 

 

description, state estimation and dynamics methods are summarized as methods 

based on physical mechanisms, which are classic TP methods. This further divides 

TP methods into two categories: methods based on physical mechanisms and ML. 

For more complex application scenarios, combining and applying multiple TP 

models and methods to meet actual needs is usually necessary, so the integrated 

application of TP methods is also an essential part of TP research. 

2.2.1 Dynamics methods 

Dynamic TP methods analyze interactions between aerodynamic forces and 

aircraft motion. The core six-degree-of-freedom (6-DOF) differential equations 

mathematically define flight parameters. While model variants exist, all originate 

from the fundamental 6-DOF framework capturing positional and attitude 

dynamics. In ATM systems, critical parameters like control surfaces and inertial 

properties often lack measurement precision for detailed modeling. However, 

such precision proves unnecessary in practice. Simplified point-mass models 

(PMM) adequately meet operational requirements through controlled 

approximations [11-13].  

The PMM represents a foundational TP approach. This methodology treats aircraft 

as concentrated masses, employing mechanical equilibrium analysis integrated 

with flight performance databases. Implementation requires validated aircraft 

performance data to characterize thrust-drag equilibrium and fuel consumption 

dynamics. EUROCONTROL-developed standards (BADA model) serve as key 

references for parameter integration. Given that thrust, drag, and mass exhibit 

altitude-dependent variations influenced by atmospheric conditions, dynamic 

parameter integration becomes essential to account for altitude-dependent 

variations in thrust and aerodynamic forces [25]. Synthesizing numerical 

frameworks, operational specifications, atmospheric variables, and flight intent 

enhances prediction precision [26], [27]. PMM predicts future aircraft trajectory 

over a time interval using integrodifferential equations [28].  

Aircraft motion constitutes a stochastic hybrid system (SHS) with distinct 

operational phases, necessitating phase-specific dynamic formulations. 

Consequently, PMM emerges as the predominant SHS implementation 

framework [16]. Lymperopoulos et al. [29] developed PMM-based SHS 
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representations integrating physical motion continua with discrete navigational 

states from flight plans and flight management system (FMS). Lee et al. [16] 

formulated hybrid estimation algorithms for trajectory tracking and arrival 

prediction, establishing nonlinear dynamics for continuous flight phases and 

probabilistic state transitions between operational modes. 

Intent information is a key factor in TP, and flying on the planned route is a basic 

principle that pilots should follow. Intent information is divided into flight intent 

and aircraft intent. For pilots, flight intent is ambiguous by definition and does not 

fully describe how the aircraft will operate during the flight. There are many 

different ways to perform a flight, and they all conform to a single rule of flight 

intent, each resulting in a different trajectory. Aircraft intent consists of structured 

instructions carefully processed by flight intent (such as planned route) and 

information such as flight procedure restrictions, aircraft performance, and airline 

operating preferences. It is a script that clearly describes how the aircraft is 

controlled [19]. Recent advancements focus on formalizing aircraft intent 

characterization through enhanced operational schemata [20-22]. Schuster et al. 

[17] developed an augmented flight scripting framework incorporating real-time 

telemetry data and dynamic intent parameters, replacing static BADA-derived 

configurations. This methodology achieved 12% accuracy improvements over 

required navigation performance standards across all flight phases. Concurrently, 

Felix et al. [16] devised a computational intent formalization system integrating 

compliance matrices, airline operational policies, and pilot decision protocols, 

ultimately synthesizing a unified trajectory prediction architecture with embedded 

performance-environment coupling. 

The dynamics model relies on aircraft performance parameters as fundamental 

inputs. BADA serves as a performance parameter database for aircraft. Due to the 

large number of aircraft types stored and the continuous enrichment and 

improvement through crowdfunding, it is the most widely used aircraft 

performance parameter database, providing a comprehensive reference for aircraft 

TP [32]. Alligier et al. [33] improved the TP accuracy by learning some unknown 

PMM parameters from past observations and comparing them with the standard 

model based on BADA. Thipphavong et al. [34] developed an adaptive algorithm 

that continuously adjusts the quality of the estimate by reducing the difference 
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between the observed and modeled energy rates to improve the climb TP accuracy. 

Baklacioglu et al. [35] developed an aviation propulsion model (APM) by 

optimizing transport aircraft flight data using a genetic algorithm for precise TP. 

Sun et al. [36] used various data mining methods and maximum likelihood 

estimation methods to build generative models of relevant performance 

parameters. Alligier et al. [37] employed stochastic gradient boosting trees to 

estimate unknown PMM parameters, thereby enhancing TP precision. 

Weather is an important information that affects flight. Aircraft baseline 

operational characteristics exhibit altitude-dependent variations due to ambient 

meteorological parameters, particularly temperature/pressure gradients. 

Consequently, dynamic model calibration requires real-time atmospheric 

parameter assimilation to compensate for meteorological-induced performance 

deviations, thereby enhancing trajectory prediction fidelity. Porretta et al. [31] 

decomposed the wind field into nominal and random components. The nominal 

wind was simulated as a lookup table, and the random wind component 

represented deviations from the nominal wind field, calculated from measured or 

forecasted weather data samples. The participation of random wind as an 

influencing factor in the calculation improves the TP accuracy. Tang et al. [38] 

developed a meteorological calibration framework for extracting baseline 

operational profiles while performing route-specific forecast adjustments. By 

extracting the flight intention from the weather data, the randomness of the 

historical flight altitude distribution caused by meteorological factors is 

eliminated. Inter-altitudinal separation quantification was achieved through 

dynamic spatial warping (DSW) algorithms to derive baseline route-specific 

profiles. Meteorological grid (GRIB) assimilation implemented Cressman 

interpolation with aircraft-derived meteorological telemetry (AMDAR), 

achieving error reduction in forecast deviations. This integrated methodology 

enhanced strategic 4D TP resolution through synergetic profile-weather 

optimization. 

AI progress has enabled wider application of ML techniques to enhance input 

parameter precision for point mass representations. For instance, Alligier et al. 

introduced ML methods to learn the best thrust law from the historical data and 

estimate the mass of a single aircraft from past trajectory points to predict speed 
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intentions [37], [39], [40]. Marinescu et al. [41] employed Gaussian process 

regression on automatic dependent surveillance–broadcast (ADS-B) data to 

decrease wind prediction inaccuracies by half at two designated flight waypoints. 

In addition, Lymperopoulos et al. [29] used probabilistic methods, Hadjaz et al. 

[42] applied online learning or adaptively adjusted some modeling parameters 

[43], [44], Tastambekov [45], Hrastovec and Solina, etc. [46], [47] used different 

ML techniques to estimate and predict aircraft performance. By improving the 

accuracy of PMM parameters, the TP accuracy is effectively improved. 

While dynamic models play a vital role in TP, their predictive accuracy 

fundamentally depends on precise parameter inputs. These models must account 

for various elements, including aircraft specifications, operational states, 

meteorological factors, and flight intent, which involve proprietary data or face 

accessibility constraints. Parameters not classified as proprietary often rely on 

predefined configurations or database estimates, leading to potential inaccuracies 

in critical variables like wind patterns, aircraft weight, and ATC decisions. 

Insufficient data availability directly compromises parameter reliability, 

subsequently diminishing model effectiveness. Such input data variability 

amplifies uncertainty in the TP process [16]. Moreover, conventional TP 

approaches demonstrate reduced operational efficiency when handling high-

volume real-time data streams in complex ATM environments [37]. 

2.2.2 State estimation methods 

The state estimation approach employs kinematic principles and applies state-

space theory to mathematically characterize moving objects' motion patterns. This 

methodology effectively models nonlinear systems describable by state-space 

formulations, finding extensive application in target tracking domains. Given that 

commercial airliners, particularly large aircraft, typically demonstrate gradual 

kinematic parameter variations, their motion states exhibit reliable short-term 

predictability. This characteristic makes it particularly suitable for TP research. 

Implementation requires establishing state transition matrices through motion-

derived equations. Unlike performance-based models, aircraft TP focuses on 

future kinematic states rather than aircraft-specific parameters like mass and thrust, 

analyzing temporal relationships between positional, velocity, accelerative, and 

angular attributes and historical states. Based on operational mode assumptions 
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(single vs. multi-mode), two distinct TP frameworks—single-model and multi-

model estimation—are developed to generate trajectory computations [16]. 

2.2.2.1 Single-mode estimation 

Aircraft kinematic behavior encompasses distinct operational phases including 

departure, ascent, cruise maintenance, coordinated turns, and approach sequences. 

For computational tractability, model simplification typically disregards these 

multimodal characteristics, adopting single-mode assumptions for state estimation. 

The predominant single-mode analytical technique remains the Kalman Filter (KF) 

methodology [48], [49]. KF operates as a recursive computational framework for 

dynamic system state determination, predicated on Gaussian distribution 

assumptions for both system evolution disturbances and measurement 

uncertainties. Through iterative refinement of state vectors and covariance 

matrices, this algorithm delivers optimized real-time state approximations. 

Contemporary TP methodologies extend beyond the foundational KF [41,42], 

incorporating advanced techniques like particle filtering [43], hidden Markov 

modeling (HMM) [44-47], and their derivative variants [54]. Chatterji's research 

[55] implemented KF for near-term trajectory projection, utilizing instantaneous 

ground speed and flight path angle data with kinematic equations to extrapolate 

positional states. This approach assumes fixed operational intent during brief 

intervals, potentially compromising accuracy during significant flight deviations. 

Addressing computational limitations in multi-aircraft scenarios, Lymperopoulos 

et al. [56] demonstrated conventional Monte Carlo methods' inefficacy in high-

dimensional state estimation, subsequently developing an enhanced particle filter 

framework. HMM-based solutions have also gained prominence, as exemplified 

by Ayhan's work [52], which integrates meteorological variables with historical 

trajectory patterns to model the impact of environmental uncertainty. 

2.2.2.2 Multi-model estimation 

While unimodal approaches demonstrate proven efficacy in TP, their inherent 

limitations emerge when handling hybrid operational systems. These singular 

modeling frameworks typically treat aircraft dynamics as stochastic variables, 

projecting future states through current conditions while neglecting complex 

atmospheric interactions [21]. The conventional KF exemplifies this paradigm, 
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deriving posterior states through linear combinations of Kalman gains and 

innovation vectors. However, KF-based trackers exhibit heightened sensitivity to 

modeling assumptions—significant discrepancies between presumed and actual 

maneuvers generate substantial residual errors [9]. TP challenges essentially 

constitute stochastic linear hybrid system (SLHS) estimation problems 

necessitating multimodal solutions. SLHS frameworks decompose aircraft 

kinematics into discrete operational regimes, including constant velocity (CV), 

coordinated turn (CT), uniform acceleration (CA), and altitude-specific modes 

(CH/CHCA), each governed by simplified dynamic equations. Multimodal 

estimation enhances performance through parallel execution of mode-specific 

state calculators, though computational complexity escalates exponentially. This 

limitation drives the development of approximate solutions like interacting 

multiple models (IMMs), which synergistically combines multiple estimators (KF 

variants) through probabilistic weighting. IMM algorithms dynamically integrate 

divergent motion hypotheses, achieving robust state estimation with operational 

efficiency, thus becoming prevalent in modern TP implementations [16]. 

Scholarly advancements in IMM applications demonstrate marked performance 

enhancements. Li's team [57] achieved an order-of-magnitude reduction in 

positional root mean square (RMS) errors through IMM-optimized state 

estimation. Concurrently, Maeder's research [58] incorporated meteorological 

data into state equations to enhance trajectory forecasting precision. Song's 

innovative framework [59] developed a data-driven architecture combining 

historical trajectory analysis with flight intent recognition, enabling dynamic 

adjustment of mode transition probabilities for optimized state updates. 

Multimodal algorithms traditionally conceptualize flight phase transitions through 

Markovian frameworks with fixed transition matrices decoupled from kinematic 

parameters [60]. Aviation practice reveals aircraft adhere to structured flight plans 

involving both discrete operational phase shifts (e.g., climb-to-cruise) and 

continuous kinematic states. This operational reality has driven scholarly 

consensus toward state-dependent transition models, where mode-switching 

probabilities correlate with real-time parameters like velocity and geospatial 

positioning, leveraging historical flight data repositories [53-56]. Challenging 

conventional Markov assumptions, Seah's team [62] developed a state-dependent 
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transition framework for multimodal KF, effectively addressing aircraft tracking 

challenges through continuous state-aware probability adjustments. 

Current multimodal estimation frameworks face theoretical constraints in 

transition probability computation. Standard MM implementations presume zero-

mean residuals for likelihood-based mode probability updates—an assumption 

frequently violated due to incomplete mode coverage [65]. This limitation has 

catalyzed methodological innovations across three dimensions: intention-aware 

prediction, uncertainty quantification, and probabilistic inference [58-61]. Yepes' 

team [67] developed an intent-driven TP framework that synergizes residual-mean 

IMM outputs with operational context analysis to determine optimal flight intent 

hypotheses. Parallel advancements by Thomas et al. [20] established stochastic 

TP methodologies incorporating atmospheric uncertainty parameters (wind 

vectors, thermal variations) through Bayesian probabilistic modeling, enabling 

probabilistic airspeed and performance parameter estimation via monitored flight 

data. 

To achieve state propagation, conventional state estimation frameworks employ 

kinematic equations based on positional/velocity/accelerative parameters. While 

computationally efficient, these models exhibit diminishing reliability over 

extended time horizons due to maneuver uncertainty accumulation, restricting 

their application to short-term predictions. Even intention-enhanced variants 

demonstrate temporal limitations, as intent inference accuracy degrades with 

prediction horizon extension [16]. Emerging data-driven solutions leverage deep 

learning architectures to optimize state estimation parameters, exemplified by 

Guan's hybrid framework [70] that synergizes historical flight records (BADA 

database) with real-time sensor data through physics-informed neural networks, 

generating TPs via multi-source information fusion. 

2.2.3 Machine learning methods 

ML constitutes a computational paradigm focused on pattern extraction from 

empirical datasets, enabling predictive analytics through learned representations. 

This discipline seeks optimal mathematical mappings between input-output pairs 

via algorithmic optimization, with functional forms spanning regression models, 

support vector machines (SVMs), and deep neural architectures. The optimization 



38 

 

process employs gradient-based methods, including stochastic gradient descent 

(SGD), root mean square propagation (RMSprop), adaptive momentum 

estimation (Adam), and their variants, which iteratively refine model parameters 

through error backpropagation. The distinction between trainable parameters 

(automatically adjusted during learning) and hyperparameters (requiring 

empirical determination through systematic experimentation) is critical to this 

process, the latter significantly influencing model convergence and generalization 

capabilities. 

ML architectures adopt a tripartite classification framework based on data 

supervision paradigms and feedback mechanisms: 

1). Supervised learning: each sample in the training set has a label called 

supervised learning. According to the type of label, it can be divided into 

regression problems (label y is a continuous value), classification problems (label 

y is discrete), and structural learning problems (label y is a structured object, such 

as a sequence, tree, or graph). Emerging label-efficient methodologies (e.g., semi-

supervised/weakly-supervised learning) have been developed to address the 

scarcity of annotated training data through partial supervision mechanisms. 

2). Unsupervised learning: Unsupervised learning frameworks execute self-

supervised discovery of latent data structures through intrinsic pattern extraction 

from unannotated datasets. They encompass core methodologies such as cluster 

identification via similarity analysis, probability distribution modeling, 

representation learning for feature abstraction, and manifold-based dimensionality 

compression. 

3). Reinforcement learning: a ML algorithm that learns through interaction. The 

agent makes an action based on the state of the environment and receives an 

immediate or delayed reward. The agent continuously learns and adjusts its 

strategy in interacting with the environment to maximize the expected total return. 

Reinforcement learning is an online learning mechanism. At present, aircraft TP 

mainly involves two forms: supervised learning (aircraft model, season, and 

meteorological conditions are used as labels) and unsupervised learning (samples 

primarily include the location, time, ground speed, heading angle, and other 

information of historical trajectory points, without clear labels). 
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2.2.3.1 Neural networks methods 

The contemporary ML landscape has undergone transformative evolution through 

deep neural networks, propelled by synergistic advancements in data scalability, 

computational architectures, algorithmic sophistication, and cross-domain 

applicability, with these models now dominating ML research through their 

unparalleled capabilities in hierarchical feature abstraction, distributed knowledge 

representation, and spatiotemporal pattern analysis. Their technical superiority has 

driven revolutionary applications across multimodal perception systems 

(computer vision/natural language processing/speech recognition), autonomous 

decision-making platforms (autonomous driving/medical diagnostics), and 

personalized service engines (recommender systems/gaming AI), while in aircraft 

TP research, four principal neural architectures prevail: recurrent neural networks 

(RNNs) for temporal dependency modeling via cyclic connectivity, GANs 

enabling probabilistic trajectory synthesis through discriminator-generator 

mechanisms, sequence-to-sequence models facilitating variable-length input-

output mapping with encoder-decoder structures, and CNNs extracting spatial-

temporal features via kernel-based hierarchical filtering. 

(1) Recurrent neural networks 

RNNs employ persistent hidden states to establish temporal memory mechanisms 

through cyclic neuronal connections, where self-referential information flow 

enables sequential pattern learning. This architectural innovation implements 

parameter sharing across time steps, effectively transforming temporal sequences 

into depth-expanded feedforward networks. Particularly effective in modeling 

long-range dependencies, RNN variants have demonstrated exceptional 

performance in aviation TP. In this quintessential spatiotemporal sequence 

modeling task, flight paths manifest as ordered 4D waypoints 

(latitude/longitude/altitude/timestamp). Within this domain, gate-regulated 

architectures like LSTM and Gated Recurrent Units (GRUs) dominate 

implementations, overcoming traditional RNNs' gradient limitations through 

sophisticated forget/update gate mechanisms while preserving critical temporal 

dynamics in aircraft motion patterns. 

LSTM-based architectures have catalyzed significant advancements in aircraft TP 
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through multiple technical innovations: Shi et al. [71] pioneered temporal 

dependency modeling by capturing inter-state correlations within trajectory 

sequences through LSTM's memory cells, achieving enhanced predictive 

precision. Subsequent developments introduced architectural refinements - Yang 

et al. [72] implemented stochastic regularization techniques like dropout to 

prevent overfitting while maintaining temporal modeling capabilities, and Yang 

et al. [73] deployed bidirectional (Bi)-LSTM architectures to address ADS-B 

signal degradation scenarios through dual-directional context analysis. Technical 

enhancements extended to motion pattern modeling, where Ma et al. [74] 

integrated taxiway dynamics with decaying memory window mechanisms to 

optimize LSTM's hidden state transitions for ground movement prediction. Zhao 

et al. [75] systematically addressed multidimensional feature fusion through deep 

LSTM structures that encoded complex flight environment parameters. The 

sequence-to-sequence paradigm saw implementation in Zeng et al. [12] via deep 

encoder-decoder (SS-d) LSTM stacks, effectively resolving 4D TP through 

hierarchical temporal abstraction. Collaborative prediction frameworks emerged 

through Xu et al.'s [76] social (S)-LSTM architecture, employing aircraft-specific 

LSTM branches with shared pooling layers to model multi-agent spatial 

interactions through hidden state synchronization. 

GRU-based models have demonstrated notable efficacy in aircraft TP through 

adaptive learning frameworks. Han et al. [77] developed a dual-phase GRU 

architecture combining offline pre-training and online fine-tuning, where 

historical trajectory data initializes network parameters for subsequent adaptive 

updates using real-time flight data, enabling dynamic prediction of spatiotemporal 

trajectory points. Huang et al. [78] advanced this paradigm through BiGRU 

integration, leveraging forward-backward temporal analysis to enhance short-term 

TP accuracy by simultaneously modeling past-future contextual dependencies in 

flight paths. 

(2) Generative adversarial networks 

GANs operate through adversarial optimization between a generator and a 

discriminator: the generator maps latent vectors (e.g., random noise) to 

approximate the target data space, while the discriminator evaluates the 
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authenticity of generated versus real samples. This minimax game drives both 

networks toward the Nash equilibrium, where synthetic data aligns with the real 

distribution. A critical limitation, mode collapse, occurs when the discriminator 

overfits to narrow data patterns, reducing output diversity. To mitigate this, 

domain-specific GAN variants integrate architectural adaptations (e.g., 

CNNs/RNNs for image/sequential data) and stabilization techniques (spectral 

normalization/gradient penalty). The framework’s flexibility allows hybridization 

with traditional generative models (e.g., Variational Autoencoders (VAEs), 

autoregressive networks), enabling applications in trajectory synthesis, anomaly 

detection, and beyond. 

The foundational GAN framework proposed by Goodfellow et al. [79] employs 

multilayer perceptrons (MLPs) for adversarial training. In aircraft TP, GANs 

reframe the task as probabilistic distribution learning: the generator synthesizes 

trajectories matching real-data distributions, and the discriminator identifies 

discriminative features between actual and predicted trajectories. This 

unsupervised paradigm eliminates labor-intensive data labeling. Recent 

advancements include Wu et al. [21] implementing Wasserstein GAN-gradient 

penalty (WGAN-GP) with hybrid architectures (one-dimensional convolutional 

neural network (Conv1D)/ two-dimensional convolutional neural network 

(Conv2D)/LSTM), converting 4D trajectory sequences into RGB images for 

cross-modal prediction. Pang et al. [80] developed conditional GANs (CGANs) 

incorporating weather and flight plan constraints, while Hu et al. [81] enhanced 

CGANs with multi-network fusion (Conv1D/Conv2D/LSTM) for short-term 

accuracy. Jarry et al. [82] extended GANs to joint TP and anomaly detection, 

using the discriminator to quantify trajectory normality through similarity scoring 

(1=typical, 0=anomalous). 

(3) Sequence-to-sequence neural networks 

The sequence-to-sequence architecture, a cornerstone of sequential data 

processing in deep learning, employs dual-component neural frameworks 

comprising an encoder and a decoder. While traditional implementations utilize 

paired RNNs for these components, the Transformer model introduced by 

Vaswani et al. [83] revolutionized the paradigm through its exclusive reliance on 
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attention mechanisms. This architecture eliminates recurrent connections, 

enabling full parallelization across modern GPU architectures while effectively 

capturing long-range dependencies. Compared to RNN-based sequence-to-

sequence models, Transformers demonstrate superior computational efficiency 

and scalability, driving their widespread adoption in cross-domain applications, 

including but not limited to machine translation, speech processing, and 

multimodal tasks. 

Since aircraft TP is a sequence-to-sequence conversion problem, the emergence 

of the Transformer model has attracted the attention of experts regarding aircraft 

TP. Luo et al. [84] designed a TP method based on the Transformer. This method 

grouped and trained the historical trajectory of the aircraft in a sliding window 

manner, obtained good prediction accuracy, and could predict the trend of changes 

in the next 30 steps. Tong et al. [85] also proposed a Transformer-based TP model 

for long-term TP and showed good accuracy performance. Tan et al. [86] used the 

Transformer encoder to extract global features of the flight trajectory and 

combined and densely processed the spatial and temporal local features extracted 

by CNN and RNN, respectively, to achieve aircraft TP.  

(4) Convolutional neural networks 

The CNN was first used to process image information. It can effectively overcome 

the two problems of fully connected feedforward networks: too many parameters 

and difficulty extracting local invariant features. CNNs are feedforward 

architectures constructed through interleaved stacking of convolutional, pooling, 

and fully-connected layers. Its structural features are local connection, weight 

sharing, and aggregation. CNN and its variants are widely used in aircraft TP, 

mainly for extracting spatial features [81], [87], [88], [89], [90] or weather features 

[14], [80], [91], [92], [93] of trajectories. Patrikar et al. [94] even use them to 

extract spatial and weather features, respectively. CNN and its variants are usually 

used with other networks, such as RNN, to achieve TP functions. 

2.2.3.2 Traditional machine learning methods 

This thesis's traditional ML methods refer to ML methods other than deep neural 

networks. Aircraft TP mainly includes regression models, random forests (RFs), 

gradient boosting machines (GBMs), Gaussian mixture models (GMMs), HMM, 
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clustering algorithms, and Attention mechanisms. 

(1) Regression models 

The regression model is a statistical method used to predict continuous variables. 

The model establishes predictive capabilities through statistical analysis of 

correlations between input (independent) and output (dependent) variables. 

Common regression models include linear regression model, polynomial 

regression model, ridge regression, logistic regression, etc. 

TP frequently employs regression techniques such as locally weighted 

linear/polynomial regression. Kanneganti et al. [95] implemented a linear model 

utilizing aircraft heading and horizontal speed for 10-minute position forecasting. 

Lee et al. [96] integrated aircraft specifications, ground speed, altitude, and 

meteorological data with stepwise regression to optimize arrival time prediction 

inputs. Tastambekov et al. [36] developed wavelet-based linear regression models 

across X/Y/Z axes using historical radar data for 10-30 minute TP without aviation 

parameters. Hong et al. [97] combined clustering and pattern-specific multi-linear 

regression with ATC intention data for arrival time estimation. Hamed et al. [24] 

fused point mass models with neural networks and Loess regression, employing 

PCA for input optimization in altitude prediction. 

(2) Random forest models 

The RF is an ensemble learning method that improves the accuracy and stability 

of the model by building multiple decision trees and combining their prediction 

results. It can be used for both classification and regression tasks. It has the 

advantages of high accuracy, resistance to overfitting, and robustness. Its main 

disadvantages are long training time and slow prediction speed. RF is also a basic 

method commonly used for aircraft TP [93-95]. Recently, Rizvi et al. [100] 

proposed a TP method, which first uses LSTM, RF regression, and other models 

to predict the trajectory and then uses the K-nearest neighbors (K-NN) to combine 

the prediction results to obtain the final prediction result. 

RF employs ensemble learning through constructing numerous decision trees and 

aggregating their outputs, enhancing model accuracy and stability for 

classification/regression tasks. Key strengths include robustness, overfitting 
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resistance, and high precision, though limitations involve computational intensity 

and slower inference speeds. As a foundational TP method [93-95], recent 

advancements include Rizvi et al. [100] integrating LSTM and RF regression with 

K-nearest neighbors (K-NN)-based result fusion for trajectory prediction. 

(3) Gradient boosting machines models 

The GBM is an ML technique employing an ensemble of decision trees for 

regression and classification tasks. It gradually fits residuals and builds a series of 

weak learners (usually decision trees) to form a strong learner. XGBoost, 

LightGBM, and CatBoost are its common variants. The GBM is also commonly 

used in aircraft TP [37]. For example, Alligier and Gianazza [37] used a GBM to 

build a prediction model for each aircraft type considered in the TP of the aircraft 

climbing phase. They performed ML and estimation of mass and speed intentions. 

(4) Gaussian mixture models 

The GMM is a probabilistic model composed of multiple Gaussian distributions. 

The Gaussian distribution of each component defines the likelihood of data points 

being assigned to that component. GMM is used to represent data sets with 

multiple Gaussian distribution components. This unsupervised ML technique is 

commonly employed for core applications, such as clustering, density estimation, 

and pattern discovery. It is also used in aircraft TP. 

Liu and Hansen [91] developed a deep generative framework for aircraft TP, 

employing an LSTM-based sequence-to-sequence architecture to derive Gaussian 

Mixture Model (GMM) parameters. The methodology incorporates adaptive KF, 

beam search optimization, and Rauch-Tung-Striebel (RTS) smoothing for 

enhanced GMM prediction accuracy. It synthesizes three-dimensional (3D) flight 

plans, 4D trajectories, and meteorological parameters (wind patterns, temperature 

gradients, convective weather data). 

(5) Hidden Markov models 

The HMM serves as a foundational probabilistic framework in ML applications. 

It effectively models time-dependent random processes by defining hidden states, 

observation sequences, state transition probabilities, and observation probabilities. 

HMM is particularly good at processing time series data and sequence labeling 
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tasks by modeling the probabilistic relationship between the hidden states and 

observations of sequence data. 

Ayhan and Samet [52] introduced a HMM framework for flight TP, leveraging 

historical flight trajectories and contextual meteorological data to identify weather 

patterns linked to specific flight positions. The aircraft's position is defined as a 

hidden state, and the weather cube observed around the trajectory point is the 

realization of this hidden state. The transition matrix is derived through HMM 

training on historical flight trajectory and meteorological datasets, enabling TP by 

applying observed or inferred weather sequences. Qiao et al. [101] developed an 

HMM framework for TP incorporating adaptive parameter optimization. The 

framework dynamically tunes parameters in response to real-time motion 

dynamics. The approach integrates density-driven trajectory segmentation to 

enhance computational efficiency. 

(6) Clustering algorithms 

Clustering algorithms constitute a core unsupervised ML technique that groups 

data points into clusters with maximal intra-cluster homogeneity and inter-cluster 

distinction. In aircraft TP, prevalent clustering techniques include K-means, K-

medoids, and Density-Based Spatial Clustering (DBSCAN), identifying noise-

resilient spatial patterns. Clustering can improve the accuracy of TP, so they are 

widely used in TP [11], [13], [98], [99], [102], [103]. In terms of usage, clustering 

algorithms are generally used as components of hybrid models to complete TP and 

other components are trained and predicted by category based on clustering. 

The key to aircraft trajectory clustering is to use a suitable trajectory distance 

calculation method. Euclidean, Hausdorff, Frechet, and warp distance are 

commonly used distance calculation methods, but they have their usage scenario 

limitations. For trajectories with different lengths, Euclidean distance clustering 

methods do not work well. If the geometry of the trajectory is concerned, shape 

distances such as Hausdorff and Frechet distances can adapt to the trajectory but 

cannot compare the trajectory as a whole. The warping-based distance technique 

computes optimal trajectory alignments by minimizing position-matching costs 

through predefined metrics. It calculates the distance by the sum of the expenses 

between all position pairs. It is beneficial when processing time series data. The 
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representative algorithm of this type of method is dynamic time warping (DTW). 

A primary limitation lies in its computationally intensive nature, necessitating 

substantial resource allocation for implementation. It may not apply to long-

sequence large-scale trajectory data sets. Besse et al. [104] introduced the 

symmetrized segment-path distance (SSPD), a shape-sensitive metric designed for 

holistic trajectory analysis. The appropriate distance calculation method should be 

selected according to the application scenario to improve the clustering quality 

and create conditions for strengthening TP performance. 

(7) Attention mechanisms 

The Attention mechanism enables neural networks to dynamically prioritize 

salient input segments during sequential data processing, enhancing model 

efficacy and decision transparency. AM supplements existing architectures as a 

computational enhancement strategy rather than operating as an independent 

framework. Soft Attention, Hard Attention, Multi-head Attention, Self-Attention 

(SA), etc., are common forms of expression. In aircraft TP, it is used as a 

component of a hybrid model to determine the different roles of each trajectory 

point, which helps to identify prominent points in the trajectory and assign higher 

weights to them, capture the dynamic impact of different spatiotemporal positions 

on the current position, make up for the shortcomings of RNN in capturing long-

term global features, and improve TP accuracy [87], [88], [92], [105]. 

2.2.3.3 Hybrid model methods 

Neither neural networks nor traditional ML methods are designed and 

implemented for the characteristics of the aircraft TP field. Even aircraft TP has 

various application scenarios and different prediction requirements. Prediction 

frameworks employing isolated neural network architectures or conventional ML 

models exhibit insufficient capability to satisfy most TP operational requirements. 

The current ML TP method is usually implemented using a hybrid model. The 

hybrid model is generated by combining two or more neural networks and/or 

traditional ML basic models to leverage the complementary capabilities of each 

constituent framework, achieve complementary advantages, and effectively 

improve the comprehensive ability of TP. Common hybrid model methods for 

aircraft TP methods include RNN and CNN hybrid, Attention and RNN hybrid, 
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hybrid with a clustering algorithm, and complex hybrid. 

(1) Hybrid recurrent neural networks and convolutional neural networks 

This hybrid framework synergistically integrates CNNs for hierarchical extraction 

of spatial and meteorological features, with RNNs capturing temporal 

dependencies in trajectory sequences. The fusion of CNN-RNN architectures 

enables robust spatiotemporal feature fusion, establishing it as the dominant 

paradigm in TP due to its state-of-the-art multimodal data processing efficacy. 

Schimpf [92] designed a generalized hybrid-recurrent prediction method to 

improve the route generalization ability and flight TP accuracy based on the 

limitation that TP requires separate training for different routes and sample data. 

Building upon this architectural paradigm, the researchers systematically 

integrated constituent modules to develop CNN-LSTM, CNN-GRU, SA-LSTM, 

and SA-GRU architectural variants, followed by empirical validation through 

comparative performance evaluations. 

Pang et al. [106] developed a CNN-LSTM hybrid architecture for aircraft 

trajectory forecasting, leveraging hierarchical convolutional and dense layer 

configurations to process and encode meteorological features. This framework 

synergistically integrates abstract weather representations with historical 

positional data via LSTM recursion, enabling spatiotemporal feature fusion for 

positional forecasting. The LSTM component was specifically adopted to mitigate 

the vanishing gradient phenomenon inherent in conventional RNNs. Building on 

their prior 3D TP framework [93], the authors advanced the methodology to 

incorporate 4D TP. 

Ma and Tian [90] presented a methodological analysis of 4D trajectory forecasting 

utilizing ADS-B datasets. Their framework investigated spatiotemporal 

forecasting paradigms by processing historical 4D trajectory sequences 

augmented with flight state parameters (ground speed, heading). Spatial feature 

extraction was implemented via One-dimensional CNNs to hierarchically encode 

geospatial attributes, while LSTM networks modeled temporal dependencies 

across trajectory sequences. The synergistic fusion of these spatiotemporal 

representations enabled high-fidelity 4D TP through multimodal feature fusion, 
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achieving enhanced operational precision in aviation navigation systems. 

Hafienya et al. [89] introduced a long-term TP method, which repeatedly used 

RNN and CNN  models to extract flight trajectory features. 

(2) Hybrid Attention and recurrent neural networks 

In aircraft TP, Attention is often used as a component of TP hybrid models and is 

often used in combination with RNN [87], [88], [92], [105]. 

For example, Schimpf [92] proposed a generalized hybrid-recurrent prediction 

method. Based on this method framework, they formed a hybrid model including 

CNN-LSTM and CNN-GRU by combining and applying related components, and 

a comparative experiment was conducted. Recently, Jia et al. [105] developed a 

dual-component TP framework integrating LSTM networks with attention 

mechanisms. The LSTM module processes flight trajectory data to model 

hierarchical temporal dependencies, while adaptive attention mechanisms 

dynamically weight the significance of individual trajectory points based on 

contextual relevance. This architecture enables prioritized feature aggregation, 

optimizing prediction accuracy through discriminative spatiotemporal pattern 

recognition. 

(3) Hybrid with clustering algorithms 

The trajectories after clustering have more precise and stable characteristics, 

which is convenient for model training and TP. The idea of clustering the 

trajectories first and then training and predicting the models for each cluster is 

widely adopted. Empirical evaluations demonstrate that the proposed architecture 

significantly enhances TP accuracy through discriminative feature weighting and 

temporal-spatial pattern recognition [11], [13], [88], [98], [102], [103], [107]. 

Barratt et al. [102] investigated a probabilistic model for generating aircraft 

trajectories in terminal airspace operations. Their methodology involved 

clustering flight paths using K-means algorithms, followed by building a GMM 

from the categorized clusters to enable precise TP. 

Lui [11] proposed an arrival time prediction model based on clustering and RF 

regression. The model uses K-medoids to cluster historical trajectories, trains a 
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random forest regression model based on the clustering results, and uses it to 

predict arrival transit time. The framework enhances prediction precision for 

arrival transit time estimation. 

Wang et al. [13] introduced a short-term TP method for terminal maneuvering 

areas (TMA), combining cluster-based preprocessing with neural network-driven 

ML components. DBSCAN clusters the trajectories into components and noise, 

and multiple convolutional neural networks (MCNNs) is used to find a good 

prediction model for each cluster unit based on the classification. 

Liu et al. [98] employed the DBSCAN clustering algorithm to categorize historical 

flight trajectories into multiple categories, extracted the centerlines of each 

category, and formed each historical trajectory sample based on the matching of 

the centerlines with environmental features. Four ML models, logistic regression, 

SVMs, RFs, and gradient boosting, were selected for comparative experiments. 

After the model was trained, they used the environmental conditions of the 

predicted flight to determine its category. Then, the centerline of the category was 

selected as its predicted trajectory. The results showed that the random forest 

method performed best for most test airport pairs. 

Le et al. [99] developed a short-term TP approach by applying K-means clustering 

to historical flight paths, training RF models per cluster, and dynamically selecting 

prediction models based on detected trajectory patterns in the operational sector. 

Gui et al. [103] introduced a TMA trajectory optimization method. The approach 

applies spectral clustering to historical trajectory data, generating candidate 4D 

trajectories using parameters such as entry position, entry speed, weather 

conditions, and wake turbulence constraints. An optimal trajectory is selected via 

conflict detection and Pareto frontier analysis. 

(4) Complex hybrid 

In addition to the hybrid models of RNN and CNN, Attention and RNN, and 

Attention and clustering algorithms, these hybrid models usually involve the 

participation of components such as RNN, CNN, Attention, and clustering 

algorithms. They also include more complex hybrid models formed by multiple 

applications of these components in different combinations. This type of model is 
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also a common TP model. 

Rizvi et al. [100] proposed a TP method, which first used LSTM, RF regression, 

and other models to predict the trajectory. Subsequently, the K-NN algorithm was 

employed to aggregate prediction outputs for final trajectory determination. 

Tan et al. [86] proposed a new TP model that integrates spatiotemporal features 

with local and global attributes. The model is a hybrid computational model that 

incorporates residual network (ResNet) with convolutional block Attention 

module (for extracting local spatial features), DSC-BiLSTM-Multihead-Attention 

(for extracting local temporal features), and Transformer encoder (for extracting 

global features). The spatiotemporal feature information extracted by the above 

components is concatenated and processed by dense layers to output the predicted 

trajectory. Empirical evaluations demonstrate the framework's robust predictive 

precision and generalization performance across diverse operational scenarios. 

Wang et al. [87] developed a TP framework integrating temporal convolutional 

networks (TCNs), LSTM, and attention mechanisms. The TCN extracts spatial 

dependencies, LSTM models temporal dynamics, and attention identifies multi-

scale periodic patterns. This hybrid architecture outperforms standalone LSTM or 

TCN models in prediction accuracy. 

Zhang et al. [108] proposed a TP method for small sample data. WGAN-GP is 

used to increase the number of small sample data. LSTM is trained based on the 

enhanced samples and outputs the predicted trajectory. 

Huang and Ding [78] introduced a TP framework utilizing a Dual Self-Attention 

(DSA)-TCN-BiGRU architecture. The TCN component captures high-order 

spatial-temporal trajectory features while enhancing computational efficiency for 

long-sequence processing. The BiGRU module, integrated with DSA, enables 

bidirectional analysis of trajectory point dependencies within hidden states to 

refine prediction outcomes. 

Wu and Yu [88] developed a TP framework combining clustering and 

spatiotemporal feature extraction. The method employs K-medoids clustering 

with Hausdorff distance metrics, followed by cluster-specific prediction model 

construction. A CNN-BiLSTM network extracts spatial-temporal trajectory 
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patterns, augmented by joint attention mechanisms to prioritize critical trajectory 

point features. 

Hafienya et al. [89] introduced a long-term TP approach. After dividing the dataset 

into spatial and temporal parts, they used CNN and GRU to extract the flight 

trajectory's spatial and temporal features, respectively, and 3D CNN was used to 

predict future flight status. They merged these features and used a linear activation 

function to predict the 4D flight trajectory. The uncertainty of the model prediction 

was achieved through Mont Carlo dropout. 

2.2.4 Application of TP methods 

The TP framework serves as the computational core of TP systems. It comprises 

two fundamental components: model architecture and its parameterization. The 

TP method refers to selecting a suitable model and determining appropriate model 

parameters in combination with specific application scenarios. For ML, the model 

itself is manifested as a model architecture. Model parameters include parameters 

and hyperparameters. Model training is determining parameters and 

hyperparameters based on sample data. It is challenging to optimize and adjust 

hyperparameters automatically through training, and they are mainly achieved 

through manual settings. In practical deployments, even minor operational 

variations (e.g., route adjustments or seasonal patterns) typically necessitate 

model retraining to update parameter configurations. The application of TP 

methods is also an essential part of TP research. 

2.2.4.1 Uncertainty expression 

TP model efficacy is contingent upon input data accuracy (e.g., aircraft 

performance metrics, intent signals, and weather data). Inherent uncertainties in 

these parameters propagate into deterministic prediction inaccuracies. 

Consequently, probabilistic TP—predicting trajectory spatiotemporal 

distributions—demonstrates enhanced operational utility compared to 

deterministic approaches [16]. Recently, many scholars have researched 

probabilistic TP methods and achieved corresponding results. 

Probabilistic TP employs Bayesian neural networks (BNNs) to quantify inherent 

model uncertainties by representing network weights as probabilistic distributions. 

BNN usually uses Bayesian approximate variational reasoning to make 
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calculations feasible while capturing model uncertainty, or use dropout 

regularization technology to implicitly define a variational distribution by 

randomly discarding neurons. 

For example, Pang and Liu [109] introduced a probabilistic aircraft TP framework 

leveraging Bayesian neural networks (BNNs). The method integrates flight plan 

data and weather tensors to parameterize trajectory uncertainty, generating 

spatiotemporal distributions rather than deterministic outputs. Uncertainty 

quantification is achieved via dropout-enabled Bayesian variational inference (VI) 

within a CNN architecture. 

Thomas et al. [20] introduced a method to quantify uncertainty factors and infer 

unknown state variables from monitoring data. This method considers the 

uncertainty of wind speed, wind direction, and temperature. It uses Bayesian 

reasoning to infer the true airspeed, Mach number, or cost index variables 

expressed as probability density for random TP. 

Feng et al. [110] introduced a TP method based on a hybrid LSTM and BNN. 

LSTM is used to extract the scene feature vector, combining flight status and 

weather information. BNN is used to solve the uncertainty problem. The BNN 

architecture integrates a fully connected output layer to optimize the network and 

generate uncertainty-aware predictions, producing aircraft position forecasts with 

associated confidence intervals. 

Hafienya et al. [89] developed a hybrid CNN-RNN architecture to capture 

spatiotemporal trajectory dependencies for future state forecasting jointly. The 

framework employs a linear activation function in its output layer to regress 

continuous 4D trajectory parameters (latitude, longitude, altitude, and timestamp). 

They achieved uncertainty in the model prediction through the Monte Carlo 

dropout. 

2.2.4.2 Weather information processing 

Weather is crucial environmental information that affects flights and is the leading 

natural factor causing flight delays. Convective weather and strong turbulence in 

meteorological conditions seriously affect flight safety and are the main reasons 

for changes in aircraft trajectories. Weather information has long been used for 
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aircraft TP. The dynamic and stochastic nature of meteorological conditions 

introduces nonlinear interactions with aircraft trajectories, posing persistent 

challenges in operationalizing meteorological influences to enhance probabilistic 

prediction fidelity. 

In methods according to physical mechanisms, weather, an important input 

parameter of traditional ballistic prediction methods, significantly impacts TP 

accuracy. In response, researchers have developed mitigation strategies to 

minimize the operational effects of meteorological uncertainty through 

probabilistic modeling and ensemble-based assimilation [31], [38]. The main 

factor of wind is usually decomposed into scalar and random variables or 

transverse and longitudinal wind. On this basis, relevant parameters such as thrust, 

speed, and state are corrected. However, improvements to traditional TP methods 

still struggle to meet the high-precision, multi-dimensional prediction 

requirements of the TBO environment. In recent years, a paradigm shift has been 

seen toward ML-driven approaches, where models autonomously extract 

spatiotemporal patterns from historical flight trajectories and meteorological 

datasets to enhance aircraft TP accuracy. The effectiveness of prediction improves 

as the volume of sample data used for learning increases. Currently, proposed 

prediction models include GMM, HMM, MLP, CNN, LSTM, and GAN et al. [52], 

[91]. 

2.2.4.3 Multi-machine factor processing 

Air traffic congestion along planned routes introduces spatiotemporal 

perturbations to flight trajectories, compounded by interdependencies between 

aircraft sharing common airspace segments. Integrating system-wide congestion 

dynamics and aircraft-to-aircraft interaction models into TP frameworks has been 

shown to enhance predictive fidelity. Current research in multi-agent TP [108-110] 

addresses these challenges through advanced methodologies: Olympopoulos et al. 

[56] identified computational inefficiencies in sequential Monte Carlo methods 

for high-dimensional multi-aircraft state estimation and subsequently developed a 

scalable particle filter variant. Dai et al. [113] formulated a Bézier curve-based 4D 

trajectory optimization model that concurrently minimizes flight duration, 

velocity adjustments, and conflict probabilities through parametric spatial 

smoothing. 
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Raul et al. [114] proposed a framework for generating 4D optimized trajectories 

in a multi-aircraft environment. The trajectory optimization module is based on 

the PMM of the aircraft. By setting the look-ahead time (LAT), calculating the 

activity area based on the flight plan, and using updated information such as 

weather and trajectory-sensitive regions, several alternative trajectories are 

formed to avoid lateral and longitudinal wake-sensitive areas and weather no-fly 

zones, thereby achieving trajectory optimization. 

Chang et al. [115] introduced a trajectory multi-objective optimization approach 

based on robust optimal control and flexible horizontal route selection. This 

approach integrates sector busyness as a proxy metric to account for multi-aircraft 

environmental constraints, formulates a multi-objective cost function for 

trajectory optimization, and resolves the problem via an elitist non-dominant 

sorting genetic algorithm II (NSGA-II) framework to derive Pareto-optimal 

trajectory solutions. 

The above multi-machine environment TP and optimization adopts the method 

based on the physical mechanism model. With the advancement and maturity of 

ML technology, more and more related research results based on ML models have 

emerged: 

Xu et al. [76] developed a coordinated multi-agent trajectory prediction 

framework leveraging an S-LSTM architecture. The system architected individual 

LSTM submodules for distinct aircraft and aggregated their hidden states via a 

shared pooling layer, enabling explicit modeling of inter-aircraft interaction 

dynamics across spatiotemporal scales. 

Patrikar et al. [94] proposed a baseline socially aware TP algorithm based on the 

characteristics of aircraft control and TP in terminal airspace without towers. This 

method encodes the 3D trajectory using a TCN. The dynamic weather 

environment (wind vector) is encoded using a CNN and attached to the encoded 

trajectory. The architecture employs a graph attention network (GAT) to model 

inter-aircraft relational dynamics, utilizing attention weights for context-aware 

feature aggregation across heterogeneous flight data streams. Finally, conditional 

variational autoencoders (CVAEs) and forward Verlet algorithms generate future 

trajectories for all aircraft. 
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2.2.4.4 Model integration application 

Integrated application mainly combines multiple TP models to output a more 

complete or accurate prediction trajectory. The framework supports full or partial 

trajectory generation, spanning from departure gate to arrival gate, while 

demonstrating superior predictive accuracy relative to single-model baselines. 

The TP models here include both basic model-based and hybrid model-based TP 

models. The integrated application models include traditional dynamic and ML 

models. 

Soler et al. [116] developed a phase-segmented trajectory optimization framework 

grounded in phase-specific dynamics and constraints. Each flight segment (e.g., 

climb, cruise) employs tailored dynamic models. The approach unifies these 

phases into a sequential optimal control formulation by parameterizing phase 

transition points, thereby converting multi-phase optimization into a unified 

control problem to generate eco-optimal multi-phase trajectories. 

Recent advancements in TP have leveraged ensemble machine learning 

techniques to address temporal and operational complexities: 

Rizvi et al. [100] developed an ensemble framework combining RF regression and 

LSTM networks, trained on commercial flight data. A K-NN-based trajectory 

fusion mechanism synthesizes predictions from both models, ensuring worst-case 

performance parity with individual models and superior accuracy in typical 

scenarios. 

Zhou et al. [117] introduced a temporal-adaptive ensemble architecture that 

dynamically selects optimal models (short/medium/long-term) based on 

prediction horizons, enhancing both temporal adaptability and holistic 

performance. 

Hu et al. [81] pioneered a CGAN approach, reformulating TP as probabilistic 

distribution estimation. The adversarial training framework (generator-

discriminator) incorporates hybrid architectures (Conv1D/2D, LSTM) to enable 

single-step multi-horizon predictions, eliminating iterative prediction errors. 

Given the limitation that current TP requires separate training for different routes 

and sample data, Schimpf et al. [92] designed a general method (framework) for 
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aircraft TP based on deep learning. It can combine and apply components such as 

CNN, SA, LSTM, and GRU. It extracts weather features through convolutional or 

SA networks and connects them with the expected positions obtained from the 

flight plan. The predicted trajectory output by the recursive network is regarded 

as the actual trajectory estimate, which realizes route generalization and improves 

the accuracy of aircraft TP.  

2.2.5 Overview of research status 

Based on the above data analysis, it can be found that the research on aircraft TP 

mainly revolves around two routes. Two primary approaches exist: enhancements 

to physics-based models and exploratory investigations leveraging ML techniques. 

The TP methods currently used in ATM business operations are based on the 

physical mechanism method, including dynamic and state estimation methods. 

The physical mechanism method is based on a precise mechanism, and the model 

logic is rigorous and accurate. The critical problem is that the input parameters are 

uncertain, which leads to uncertainty in the TP results, and the TP accuracy is 

difficult to guarantee. Therefore, improving the accuracy of the relevant input 

parameters has always been the research focus in this direction [15]. Although ML 

has been used in aircraft TP for more than 20 years [37], ML-based methods are 

still in the exploratory research stage, with minimal applications in actual business 

operations and no apparent benefits for end users. The slow progress of AI 

business applications in the ATM field, including TP, can be explained by the fact 

that the ATM field is a critical field that endangers life and safety, which are the 

most important [7]. 

2.2.5.1 Improvement of physical mechanism-based methods 

Research and construction work has been continuously carried out to improve the 

accuracy of relevant input parameters. Through crowdfunding, the Base of 

Aircraft Data (BADA) data is continually improved and maintained. For uncertain 

factors such as aircraft performance, aircraft status, and aircraft intention, the 

estimation accuracy is improved by optimizing the estimation method. Since these 

parameters are closely related to meteorological conditions, multi-source data is 

used to enhance the reality and accuracy of meteorological data. On the other hand, 

relevant parameters are corrected according to weather conditions. Recently, data-

driven technologies such as deep learning, as the latest general basic technology, 



57 

 

have also been widely used in the reasoning and optimization of model input 

parameters and operating status. Different ML techniques are used to learn thrust 

laws from historical data, estimate aircraft mass that changes over time, predict 

speed intentions, etc., and the TP accuracy is improved by improving the accuracy 

of model parameters or state parameters. Current physics-based models face dual 

challenges: dependency on extensive operational parameters (e.g., aircraft mass, 

wind patterns) that often involve proprietary data or rely on legacy database 

approximations, resulting in compromised prediction accuracy. Meanwhile, state 

estimation frameworks derive kinematic equations from positional/velocity 

measurements but fail to account for behavioral uncertainties during extended 

maneuvers, leading to progressive error accumulation. Although the industry has 

effectively improved TP accuracy through long-term efforts, it still cannot meet 

the higher requirements for TP accuracy in response to aviation transportation 

capacity challenges in the TBO environment.  

2.2.5.2 Exploratory research based on machine learning methods 

 ML approach autonomously learns latent trajectory patterns, environmental 

influences, and pilot preference profiles from historical data, eliminating the need 

to explicitly model operational parameters (e.g., aircraft specifications, real-time 

states, meteorological conditions) and their direct causal relationships with 

trajectory outcomes. They have unique advantages that physical mechanism-

based methods do not have. Of course, the comprehensive use of environmental 

information such as terrain and weather and flight-related information such as 

aircraft intentions and airline preferences will help improve the pertinence of ML 

model design and construction and improve performance such as model training 

efficiency and model TP accuracy. 

Like other fields, the field of aircraft TP has been exploring the possibility of 

applying new theories and technologies in this field. Corresponding to the 

development of AI, TP research based on ML has experienced development from 

conventional ML models to deep neural networks, from directly using model 

algorithms or primary neural networks for prediction to building complex 

composite models based on typical model algorithms and neural networks, from 

using trajectory data for prediction to comprehensively using historical 

trajectories, flight plans, aircraft intentions, weather and other related data, from 
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single-machine prediction to considering the mutual influence of multiple 

machines, from single-stage TP to cross-stage prediction, and from short-term 

prediction to medium- and long-term prediction. The current main research 

content is to build a complex hybrid model based on deep neural networks, 

comprehensively use flight trajectories and various related information, and 

realize multi-stage or even full-route TP. Begin to explore the model's application 

method on different routes, the transfer learning problem of TP [92], and the 

automatic optimization learning problem of TP model hyperparameters [78]. 

Improving TP accuracy remains the primary goal of aircraft TP research. 

2.2.6 Comparative analysis of mainstream TP models 

Building upon the overview in Section 2.2.5, this section provides a systematic 

comparative analysis of mainstream TP methodologies. The summary in Table 

2.2 aims to contextualize the research landscape and highlight the specific niches 

and evolution of different approaches. 

Table 2.2 Comparative analysis of aircraft trajectory prediction methods. 

Method category 
Core 

principle 
Advantages Limitations 

Physics-based 

Uses aircraft 

performance 

and kinematic 

equations. 

Physically 

interpretable; model 

logic is rigorous. 

Highly sensitive to 

uncertain inputs (e.g., 

mass, wind); cannot 

capture pilot/controller 

intent. 

Classic machine 

learning (e.g., SVM) 

Learns 

mapping from 

hand-crafted 

input features 

to trajectory 

parameters. 

Superior accuracy to 

physics-models; 

more interpretable 

than deep learning. 

Relies heavily on manual 

feature engineering; 

struggles with long-

sequence data and 

temporal dependencies. 

Deep learning 

(deterministic) (e.g., 

Uses deep 

networks to 

automatically 

Powerful sequence 

modeling; automatic 

feature learning; 

Models are 

typically deterministic, 

unable to quantify 
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Method category 
Core 

principle 
Advantages Limitations 

LSTM, Transformer) learn spatio-

temporal 

patterns from 

raw data. 

captures complex 

non-linearities. 

prediction uncertainty or 

capture multi-modal 

future outcomes. 

Deep learning 

(generative) (e.g., 

GAN, VAE) 

Learns the 

underlying 

data 

distribution to 

generate 

multiple, 

plausible 

futures. 

Capable of modeling 

uncertainty and 

multi-modality; 

produces 

probabilistic outputs. 

GAN: Training 

instability, mode 

collapse. VAE: Tends to 

generate overly 

conservative or "blurry" 

average trajectories. 

Proposed Improved 

CTGAN 

A conditional 

GAN 

optimized and 

stabilized for 

tabular ADS-

B trajectory 

data. 

• Data 

efficiency: Robust 

performance with 

limited data. 

•Probabilistic 

output: Natively 

models prediction 

uncertainty. • High 

fidelity: Generates 

accurate and diverse 

trajectories. 

Requires careful domain-

specific tuning. 

 

The evolution in Table 2.2 shows a clear trajectory: from physically rigorous 

models to flexible data-driven approaches, with a recent paradigm shift towards 

capturing the stochastic and multi-modal nature of flight paths. 

While the field is actively developing complex hybrid models, a critical gap 

remains between the deterministic nature of most DL models and the operational 

need for uncertainty-aware predictions in safety-critical ATM. 

Our development of the improved CTGAN is a direct response to this gap. It is 
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strategically designed to leverage the strengths of generative models (i.e., 

uncertainty quantification) while specifically mitigating their primary weakness 

of training instability. This work aims to provide a robust, data-efficient, and 

probabilistic solution, addressing a fundamental limitation in current data-driven 

TP approaches. 

2.3 Typical deep learning network 

2.3.1 Generative adversarial networks 

First proposed by Goodfellow et al. [79] in 2014, GANs have emerged as a 

prominent research focus in deep learning. The combination of a discriminator 

network and a generator network, along with the adversarial game theory used for 

model training, not only enhances the quality of generated outputs but also allows 

for the integration of various traditional ML methods, leading to numerous new 

research directions and pushing the study of generative models into a new phase. 

Notable AI expert Yann LeCun even referred to GANs as one of the most exciting 

technologies in artificial intelligence development over the past decade. 

GAN technology is not limited to image generation; it has also been applied to 

image translation, text generation, video generation, and 3D model generation, 

among other fields. Researchers continue to propose new variants and 

improvements, expanding the applicability of GANs. The ongoing evolution of 

GANs has played a significant role in image generation, data augmentation, and 

creative design, contributing to advancements in AI. 

2.3.1.1 Evolution of generative adversarial networks 

The original GAN framework proposed by Goodfellow et al. in 2014 used fully 

connected layers for both the generator and discriminator, facing issues like 

training instability and mode collapse. To overcome these limitations, Radford et 

al. [118] proposed the deep convolutional GAN (DCGAN) in 2015, replacing fully 

connected layers with convolutional architectures. This architectural change, 

along with empirical design choices, significantly improved the stability of 

adversarial training. The innovations and contributions of DCGAN have notably 

advanced the field, making it an essential reference for researchers and 

practitioners using GANs. 
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In addition to DCGAN, researchers have proposed numerous new GAN models 

to address the limitations of the original GAN and adapt to specific application 

areas. For instance, WGAN addresses the issue of gradient vanishing when the 

generated and real distributions do not overlap by using Wasserstein distance 

instead of the traditional Kullback-Leibler (KL) and Jensen-Shannon (JS) 

divergence measures. This change enhances training stability, and various 

methods have been developed to constrain the discriminator network's weight 

range, resulting in multiple WGAN variants [121-123]. CycleGAN [122] employs 

a dual-domain, multi-cycle mapping approach to transfer knowledge extracted 

from one domain to a related domain, achieving domain adaptation. By utilizing 

two generative adversarial networks that learn to translate images between 

domains while preserving the underlying content, CycleGAN facilitates 

knowledge transfer without requiring paired training data. This method enables 

high-quality image generation in the target domain, reflecting the characteristics 

of the source domain while maintaining consistency in the overall structure. 

InfoGAN splits the input of the generator G into random variables and latent codes. 

By using the mutual information between the latent codes and feature vectors as a 

constraint, InfoGAN [123], [124] enables the latent codes to represent different 

feature dimensions of the generated samples. This approach enhances the 

interpretability of the network, allowing for a clearer understanding of how 

specific features influence the generation process. Consequently, InfoGAN 

provides a more structured way to control the characteristics of the generated 

outputs. Self-Attention GAN (SAGAN) [125] addresses the challenge GANs face 

in capturing complex patterns by incorporating a SA mechanism into the network. 

This enables the model to prioritize critical data components, improving its ability 

to synthesize intricate structures. StyleGAN [126] introduces a controllable 

generation process by manipulating the style attributes of images in the dataset. 

Its style-based generator enables the creation of high-quality, high-resolution 

images with varied styles. BigGAN [127] leverages large batch sizes during 

training and enhances the number of convolutional channels and network 

parameters. It employs techniques like the "truncation trick" and stability controls 

to generate high-fidelity images with minimal mode collapse. CGAN enhances 

the stability of GAN training by incorporating conditional input parameters, 
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allowing for more directed and controlled output data. CTGAN [128] is designed 

explicitly for tabular data, utilizing reversible data transformations and a modified 

architecture to improve the training process, effectively addressing the challenges 

of generating tabular data. 

Additionally, some researchers have focused on improving the loss functions of 

GANs based on mathematical principles, enabling better alignment between the 

distributions of generated data and training data [120], [129], [130]. These 

advancements have driven progress in GAN technology, enabling diverse 

computer vision and image processing applications. 

(1) Original generative adversarial networks 

In ML, training paradigms are broadly classified into supervised and unsupervised 

learning, depending on data annotation. Functionally, models are categorized as 

generative or discriminative. GANs unify these concepts by merging 

supervised/unsupervised learning and generative/discriminative objectives into a 

single iterative framework. Here, the discriminator employs supervised learning 

(self-labeled data), while the generator operates unsupervised, providing a novel 

methodology for synthetic data generation. 

Unlike conventional generative models built around a single network, GANs 

comprise two components: a generator and a discriminator. The generator accepts 

input from a predefined distribution (e.g., random noise or latent variables) and 

transforms it into the target distribution. The discriminator, in contrast, analyzes 

both synthetic and real training data to classify their authenticity, determining 

whether inputs originate from the generator or the training dataset. The model 

architecture is illustrated in Figure 2.6. 
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Figure 2.6 The model architecture of the original generative adversarial networks. 

The original GAN employs a relatively simple, fully connected MLP. The loss 

function is expressed in the form of binary cross-entropy. During training, the 

generator and the discriminator rely on each other's output results to optimize their 

parameters, aiming to minimize the overall loss function. If the input noise is 

defined as 𝑧, the real data is set to 𝑥, then generator 𝐺 and the discriminator 𝐷 are 

playing a mini-max game, the cross-entropy loss 𝑉(𝐷, 𝐺) can be expressed as 

follows: 

min
𝐺
max
𝐷
𝑉(𝐷, 𝐺) = 𝔼𝑥~𝑃𝑑[log⁡(𝐷(𝑥))] + 𝔼𝑥~𝑃𝑧[log⁡(1 − 𝐷(𝐺(𝑧)))]  (1) 

The generator (𝐺) aims to minimize the term log⁡(1 − 𝐷(𝐺(𝑧)), meaning it tries 

to generate samples so convincing that the discriminator (𝐷 ) assigns a high 

probability (𝐷(𝐺(𝑧)) close to 1). 

The discriminator (𝐷 ) aims to maximize the entire function, which involves 

correctly identifying real data log⁡(𝐷(𝑥)) and correctly flagging generated data 

(log⁡(1 − 𝐷(𝐺(𝑧))). 

This creates an adversarial game where both networks are pitted against each 

other, driving mutual improvement. 

The training process can be directly mapped onto the architectural components 

and data flows in Figure 2.6: 

1). Forward pass 

A batch of random noise vectors 𝑧 is sampled and fed into the generator (𝐺). 
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𝐺 transforms 𝑧 into fake data 𝐺(𝑧). A concurrent batch of real data 𝑥 is sampled 

from the true data distribution p_data(𝑥). Both 𝑥 and 𝐺(𝑧) are presented as inputs 

to the discriminator ( 𝐷 ). 𝐷  processes both batches, outputting scalar 

probabilities 𝐷(𝑥) (for real data) and 𝐷(𝐺(𝑧)) (for fake data). 

2). Loss computation & backward pass 

The outputs 𝐷(𝑥) and 𝐷(𝐺(𝑧)) are used to compute the two components of the 

loss in Equation (1): log⁡(𝐷(𝑥))and log⁡(1 − 𝐷(𝐺(𝑧)). The discriminator's loss is 

computed as −[log(𝐷(𝑥)) + log⁡(1 − 𝐷(𝐺(𝑧))] (since it aims to maximize the 

sum, gradient ascent is equivalent to minimizing this negative sum). The 

generator's loss is computed as log⁡(1 − 𝐷(𝐺(𝑧))  (or, more commonly in 

practice,  −log⁡(𝐷(𝐺(𝑧))for stronger gradients early in training). The gradients 

are then calculated via backpropagation and used to update the parameters 

of 𝐷 and 𝐺 alternately. 

(2) Conditional generative adversarial networks 

As noted in the future work section of the original GAN paper, adding extra inputs 

to both the generator (𝐺) and discriminator (𝐷) can lead to a conditional generative 

model. Following this idea, Mirza and Osindero [131] designed and implemented 

CGANs. The transformation from GAN to CGAN is shown in Figure 2.7. 
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Figure 2.7 The transformation from GAN to CGAN. 

By incorporating additional information or conditions, the conditional generative 

model can guide the data generation process and control the generated data. This 

extra information can take various forms, such as class labels, weather conditions, 

etc. The objective function will be modified to formula (2): 

min
𝐺
max
𝐷
𝑉(𝐷, 𝐺) = 𝔼𝑥~𝑃𝑑[log⁡(𝐷(𝑥|𝑦))] + 𝔼𝑥~𝑃𝑧[log⁡(1 − 𝐷(𝐺(𝑧|𝑦)))] (2) 

In addition to enhancing control over generated data, CGAN effectively addresses 

the training shortcomings of standard GANs. While traditional GANs struggle to 

learn multiple categories, making it challenging to construct a model that can 

handle various classes, CGANs can generate multi-modal distributions using 

different conditions to produce diverse data types, thereby mitigating the mode 

collapse issue commonly associated with GANs. 

2.3.1.2 Characteristics of generative adversarial networks 

(1) Advantages of generative adversarial networks 
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Compared to traditional generative models, GANs offer several notable 

advantages [132]: 

1). Higher data generation quality: GANs significantly outperform existing 

generative models like VAEs in generation quality. This is because VAEs rely on 

approximated variational lower bounds and use loss metrics like cross-entropy or 

mean squared error (MSE) to calculate the distance between reconstructed and 

training samples. In contrast, GANs directly learn the target data distribution from 

the training set, resulting in superior performance, especially for high-frequency 

data. 

2). Lower training complexity: GANs do not depend on Monte Carlo estimates or 

Markov chain predictions, and they make no prior assumptions about the target 

data distribution, making their computational approach relatively straightforward. 

3). Faster generation speed: GANs generate complete samples at once, unlike 

methods that generate samples pixel by pixel (e.g., PixelCNN, WaveNet), leading 

to faster generation times. 

4). Flexibility and scalability: The GAN framework, built on adversarial training 

mechanisms, imposes no formal constraints on the generator and discriminator 

beyond requiring differentiability, resulting in high flexibility and scalability. 

(2) Shortcomings of generative adversarial networks 

GANs have several inherent limitations [132]: 

1). Weak control over generation: GANs use a unified adversarial loss function 

instead of various loss function designs found in traditional neural networks. Their 

training goal is not to optimize model convergence but to fit the target sample 

distribution through adversarial training. This approach allows a high degree of 

freedom in generated samples, meaning basic GANs lack the controllability 

necessary for conditional generation. 

2). Training instability and mode collapse: The training process of GANs is 

essentially a competitive game between the generator and the discriminator, which 

can be highly unstable. If the generator captures a distribution that the 

discriminator misclassifies as real, it will focus on this mode for output, halting 
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further optimization. Training instability often causes the generator to converge to 

local optima, reducing output diversity and triggering mode collapse. 

3). Insufficient constraint in learning modes: GANs' learning modes lack 

sufficient constraints. While GANs offer significant generative flexibility, their 

output quality remains constrained by the discriminator’s binary evaluation 

mechanism. By operating via binary classification (real vs. synthetic), the 

discriminator prioritizes coarse feature discrimination over nuanced data 

understanding, limiting its capacity to capture comprehensive data patterns. 

4). Poor performance on discrete data: The optimization guidance for the 

generator during training does not come directly from the information in the real 

dataset but rather from the discriminator's probability judgments of the generated 

data. The discriminator attempts to capture the differences between real and 

generated samples, feeding this information to the generator for iterative 

optimization. This feedback process is relatively friendly to continuous data but 

can struggle with discrete data, such as one-hot encoded forms. The discriminator 

easily captures the differences in representation between real and generated 

discrete data, rendering the generator's updates less meaningful. Consequently, 

GANs perform poorly on discrete data types (like speech, text, and music) 

compared to continuous spatial data. 

2.3.1.3 Optimization methods of generative adversarial networks 

(1) Optimization of model structure 

The original generative adversarial model proposed by Goodfellow was relatively 

simple, consisting of a generator and a discriminator based on MLPs. The main 

contribution of the original GAN was to provide a framework embodying 

adversarial game theory. Improving the model structure is an effective way to 

enhance GANs. For example, DCGANs utilize deep convolutional networks to 

construct the generator and discriminator, employing continuous convolutional 

and deconvolutional layers to extract image features, which has become a 

benchmark structure for applying GANs in the graphics domain. 

(2) Loss function optimization 

The original GANs experienced issues related to their loss function during training, 
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such as gradient vanishing when the generated data distribution does not 

sufficiently overlap with the training data distribution. This issue cannot be 

resolved through model structure optimization alone, so improving the loss 

function is a feasible way to enhance the value of GAN-generated data. For 

instance, WGAN-GP replaces the original loss function with Wasserstein distance 

and employs gradient penalty to optimize Lipschitz constraints, thereby improving 

the training stability of GANs. 

(3) Avoiding mode collapse 

Mode collapse is a problem inherent to the adversarial mechanism of GANs, 

which results in the generator outputting data distributions that only cover part of 

the sample space, leading to many repetitive or similar samples. Adjusting training 

parameters, regularization, and using multiple generators and discriminators can 

help alleviate mode collapse and enhance sample diversity. Still, they have not 

entirely resolved the issue. 

(4) Conditional output control 

The generated sample data of GANs is constrained by adversarial training to fit 

the distribution of the real dataset. However, there is no conditional control to 

guide generation throughout the training process, resulting in a high degree of 

randomness. The quality of generated data can be improved by using conditional 

vectors to control attributes of the generated samples (e.g., CGANs), enhancing 

conditional constraints through sample classification, or indirectly manipulating 

latent variables from the perspective of mutual information to extract attribute 

relationships (e.g., InfoGAN).  

2.3.2 Recurrent neural networks 

To address the challenges of feature extraction in time-series data, Elman [133] 

developed the first fully connected RNN, known as the Elman network or simple 

RNN, in 1990, laying the foundation for subsequent developments in RNNs. 

RNNs are fundamental modules in deep learning, characterized by recurrent 

connections that inherently create deep structures. Even an RNN model with a 

single layer of hidden units can become very deep when unfolded over time. 

RNNs are primarily used to learn the relationships and patterns between sequential 
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inputs and outputs, making them advantageous for time-series forecasting. Their 

key feature is that the output of neurons at a given time can be fed back as input, 

enabling them to learn from the order of sequential data effectively. 

Due to their excellent performance in time-series prediction, RNNs are widely 

applied across various temporal problems, including time-series forecasting [134], 

natural language processing [135], machine translation [136], and image 

captioning [137]. Aircraft TP is a typical time-series forecasting problem, and 

RNNs serve as the standard architecture for sequence modeling tasks due to their 

inherent capacity to process sequential data. 

2.3.2.1 Evolution of recurrent neural networks 

Elman’s work sparked extensive research into RNNs, and many scholars have 

optimized and expanded RNNs from the perspective of network structures and 

combinations to suit various application scenarios. To address the challenge that 

basic RNNs face in processing long sequences, the LSTM network was developed, 

followed by the GRU, which further simplified the model structure and improved 

computational efficiency. LSTM and GRU brought RNN research and 

applications into a new stage of rapid development, with significant contributions 

from Graves in optimizing and popularizing LSTM [139-142].  

Apart from LSTM and GRU, there are many other variants of RNNs, such as: 

a). Bidirectional RNNs (BRNNs) [142]: BRNNs use two separate hidden layers 

to process data in both forward and backward directions along the time series, 

fully utilizing context information from both directions. b). Stacked LSTM [143]: 

In this variant, multiple LSTM layers form a stacked LSTM model, where each 

input at each time step corresponds to one output, rather than having all inputs 

correspond to a single output. This improves training efficiency and achieves 

higher accuracy. c). Graph RNNs (graph convolutional recurrent networks, 

GCRNs) [145]: GCRNs extend the standard RNN architecture from a hierarchical 

structure to a graph structure, enabling the network to learn spatiotemporal 

relationships from graph-structured and time-varying data, enhancing the model’s 

learning speed. d). Memory RNNs [144]: These networks introduce external 

memory modules or enhanced memory mechanisms, allowing the network to 

capture and leverage long-term dependencies effectively. 
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These RNN variants have unique characteristics and are widely applied in 

different fields and scenarios. 

(1) Basic recurrent neural networks 

The simple recurrent network (SRN), developed by Elman in 1990, also known as 

the basic RNN, contains only a single layer of hidden units. Unlike a typical two-

layer feedforward neural network, SRN introduces feedback connections between 

the hidden layer nodes. The SRN consists of four components: input, output, 

hidden, and context. The input, output, and hidden units belong to the input, output, 

and hidden layers, respectively, while the context units serve as links between the 

hidden layer nodes. 

A combined illustration of the hidden layer neuron structure and the time-unfolded 

network structure can be shown in Figure 2.8 to visualize how the SRN processes 

sequences over time. 

 

Figure 2.8 (a) SRN recurrent unit structure, (b) SRN network structure expanded 

over time. 

SRN calculates hidden states and outputs through forward propagation and uses 

backpropagation through time (BPTT) to update weights and biases to achieve 

SRN training. Let vector 𝑥𝑡 represent the input of the network at time 𝑡, and ℎ𝑡 

represent the hidden layer state (i.e., the activity value of the hidden layer neurons). 

Then ℎ𝑡 is related to the input 𝑥𝑡 at the current moment and to the hidden layer 

state ℎ𝑡−1 at the previous moment. The update formula of the hidden state of a 

simple RNN at time 𝑡 is as follows: 

ℎ𝑡 = 𝜎(𝑊ℎ𝑥 ∙ 𝑥𝑡 +𝑊ℎℎ ∙ ℎ𝑡−1 + 𝑏ℎ)                           (3) 
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where 𝑊ℎ𝑥 is the weight matrix input to the hidden layer state, 𝑊ℎℎ is the weight 

matrix from the hidden layer state to the hidden layer state, 𝑏ℎ is the bias of the 

hidden layer, and 𝜎 is the activation function, usually a sigmoid function or a tanh 

function. The SRN output calculation formula is as follows: 

𝑦𝑡 = 𝑊ℎ𝑦 ∙ 𝑥𝑡 + 𝑏𝑦                                                    (4) 

where 𝑦𝑡 is the output value, 𝑊ℎ𝑦 is the weight matrix from hidden layer state 

to output, and 𝑏𝑦 is the bias of the output layer. 

The calculation formula of SRN is relatively simple and is suitable for basic 

time series prediction and simple sequence processing tasks. 

(2) LSTM networks 

Although basic RNNs are highly effective for many simple time-series 

prediction and sequence processing tasks, they can face the issue of vanishing 

and exploding gradients when dealing with long sequence data. This problem 

arises because long sequences result in an intense RNN network, and during 

back propagation (BP), error signals either vanish or explode as they pass 

through the deep structure. Hochreiter and Schmidhuber [145] introduced the 

LSTM network to address this issue in 1997. The core innovation of LSTM is 

introducing a gating mechanism that controls the flow of information. The 

structure of an LSTM unit is illustrated in Figure 2.9. 

 

Figure 2.9 LSTM network unit structure. 
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LSTM has four structures: a). Forget gate (𝑓𝑡) decides which information to 

discard from the cell state. b). Input gate (𝑖𝑡) determines which values to update 

in the cell state. c). Cell state update (𝑐̃𝑡) creates a new candidate cell state to 

potentially add to the current state. d). Output gate (𝑜𝑡) controls the output based 

on the cell state. Let 𝑡 be the current time step and 𝑡 − 1 be the previous time 

step, then the relevant propagation equation can be expressed as: 

𝑓𝑡 = 𝜎(𝑊𝑓 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)                                      (5) 

𝑖𝑡 = 𝜎(𝑊𝑖 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)                                       (6) 

𝑐̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐)                                    (7) 

𝐶𝑡 = 𝑓𝑡 ∙ 𝐶𝑡−1 + 𝑖𝑡 ∙ 𝑐̃𝑡                                             (8) 

𝑜𝑡 = 𝜎(𝑊𝑜 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)                                        (9) 

ℎ𝑡 = 𝑜𝑡 ∙ 𝑡𝑎𝑛ℎ𝐶𝑡                                               (10) 

where 𝑊 represents the weight matrix, 𝑏 represents the bias, 𝜎 stands for the 

sigmoid activation function, 𝑡𝑎𝑛ℎ is the hyperbolic tangent activation function, 

𝐶𝑡 stands for the updated cell state. 

These formulas describe the forward propagation process of an LSTM unit. The 

forget gate controls how much information from the previous memory cell state 

𝐶𝑡−1  is retained; the input gate controls how the current input 𝑥𝑡  and the 

previous hidden state ℎ𝑡−1 influence the update of the memory cell state, and 

the output gate controls how much information from the memory cell state 𝐶𝑡 

affects the current hidden state ℎ𝑡. 

By introducing gates that decide whether to retain the existing memory, the 

LSTM unit can detect essential features from the input sequence and keep that 

information over long periods. This allows LSTM to capture potential long-

range dependencies in sequences. These characteristics enable LSTM to excel 

in handling long sequence data and overcome the vanishing gradient problem 

that plagues basic RNNs. 

(3) Gated recurrent units 

In 2014, Cho et al. [146] introduced the GRU, a recurrent architecture that 
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allows adaptive learning of temporal dependencies across varying time 

horizons, making it versatile for sequence modeling. Similar to LSTM, GRU 

employs gating mechanisms (an update gate and a reset gate) to control 

information flow, though it omits LSTM’s dedicated memory cell. The update 

gate modulates how much new information integrates into the hidden state, 

while the reset gate regulates retention of prior states, balancing memory and 

forgetting. 

Due to its more straightforward structure, GRU is more suitable for building 

more extensive networks. From a computational perspective, with only two 

gates, GRU is more efficient and can save computational costs. The structure 

of a GRU unit is shown in Figure 2.10. 

 

 

Figure 2.10 Structure of gated recurrent unit. 

Below shows the calculation formula of the GRU forward propagation process:  

𝑧𝑡 = 𝜎(𝑊𝑧 ∙ 𝑥𝑡 + 𝑈𝑧 ∙ ℎ𝑡−1 + 𝑏𝑧)                                     (11) 

𝑟𝑡 = 𝜎(𝑊𝑟 ∙ 𝑥𝑡 + 𝑈𝑟 ∙ ℎ𝑡−1 + 𝑏𝑟)                                     (12) 

ℎ̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊ℎ ∙ 𝑥𝑡 + 𝑟𝑡 ∙ (𝑈ℎ ∙ ℎ𝑡−1) + 𝑏ℎ)                         (13) 

ℎ𝑡 = 𝑧𝑡 ∙ ℎ𝑡−1 + (1 − 𝑧𝑡) ∙ ℎ̃𝑡                                     (14) 

where 𝑧𝑡  represents update gate output, 𝜎  stands for the sigmoid activation 
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function, 𝑊  represents weight matrix, 𝑈  is the weight matrix from the 

previous hidden state, 𝑏 represents bias, 𝑟𝑡 is reset gate output, ℎ̃𝑡 stands for 

the candidate hidden state, and 𝑡𝑎𝑛ℎ  represents the hyperbolic tangent 

activation function. 

2.3.2.2 Characteristics of recurrent neural networks 

(1) Advantages of recurrent neural networks 

Compared to feedforward neural networks and other deep learning models, 

RNNs have the following advantages: 

1). Handling sequential data: RNNs are designed explicitly for processing 

sequential data and can capture temporal dependencies in input sequences. This 

makes them particularly suitable for time series forecasting, natural language 

processing, and speech recognition. 

2). Parameter sharing: RNNs employ parameter sharing across time steps, 

enabling consistent transformation application at each stage. This design 

reduces parameter count, enhances training efficiency, and improves scalability. 

3). Modeling temporal dependencies: RNNs can retain and use previous input 

information to compute the current time step. This is crucial for modeling 

temporal dependencies. For instance, in next-token prediction tasks, RNNs 

leverage their capacity to process sequential context, analyzing preceding 

tokens to estimate a probability distribution for the subsequent word, enabling 

autoregressive text generation. 

(2) Shortcomings of recurrent neural networks 

RNNs face several challenges apart from their advantages: 

1). Vanishing and exploding gradients: RNNs suffer from vanishing/exploding 

gradient issues when modeling long-range dependencies. The vanishing 

gradient problem, for instance, results in ineffectual parameter updates, thereby 

hindering the model’s ability to capture relationships across extended 

sequences. Conversely, the exploding gradient problem leads to overly rapid 

parameter updates, destabilizing the model. Although model variants like 

residual connections, grid LSTM [147], and layer trajectory LSTM [148] have 
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been proposed to mitigate these issues, they remain a significant obstacle, 

significantly when increasing model depth. Much progress is still needed to 

solve the gradient issues fully. 

2). Training complexity: Due to the sequential nature of data, training RNNs is 

more complex than training neural networks for non-sequential data. BP in 

RNNs requires BPTT, which is computationally intensive and time-consuming. 

3). Difficulty in parallelization: Because RNN computations depend on 

previous time steps, they are inherently sequential and difficult to parallelize. 

This limits the ability to fully leverage the powerful parallel computing 

resources available today, resulting in slower training, especially when 

handling long sequences. 

4). Limited ability to capture long-term dependencies: While RNNs can model 

temporal dependencies, their ability to capture long-term dependencies is 

limited. Variants like LSTM and GRU significantly improve this, but they still 

struggle with long sequences. For tasks such as long-range TP, the accuracy 

drops sharply as the time span increases [149], [150]. 

2.3.2.3 Optimization methods for recurrent neural networks 

When applying RNNs, it is essential to address their limitations by optimizing 

them according to specific application scenarios and objectives. The following 

are feasible optimization methods: 

(1) Using advanced architectures 

Advanced architectures like LSTM, GRU, Bidirectional RNNs, and Stacked 

RNNs emerged to overcome the shortcomings of vanilla RNNs. LSTM and 

GRU, for instance, explicitly tackle long-range dependency learning and 

gradient flow stabilization through gated mechanisms. Bidirectional RNNs 

consider both forward and backward sequences, fully utilizing contextual 

information. Stacked RNNs increase the model's expressiveness. Optimizing 

RNNs with these advanced architectures is an effective way to improve model 

performance. 

(2) Choosing the right optimizer 
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The choice of optimizer significantly impacts model training efficiency and 

quality. Since vanishing and exploding gradients are common issues in RNNs, 

selecting the right optimizer for specific tasks is crucial. Several well-

established optimizers, such as SGD, Adam, and RMSprop, can be used 

depending on the application needs. 

(3) Gradient clipping 

Gradient clipping—a widely adopted technique to mitigate exploding gradients 

in RNNs—caps gradient magnitudes during backpropagation, ensuring stable 

training dynamics. Any gradient that exceeds this threshold is clipped by setting 

a maximum norm for the gradients, helping maintain training stability. 

(4) Handling sequence length 

One of the primary causes of vanishing or exploding gradients is the sequence 

length. Managing sequence length appropriately for the specific application is 

critical. For very long sequences, truncated BPTT can be used to break long 

sequences into shorter sub-sequences for more manageable computations. 

Dynamic RNNs can be employed for variable-length sequences, which 

compute the sequences based on their actual length rather than padding them to 

a uniform length. 

(5) Parallelization and acceleration 

Parallelizing RNNs are inherently challenging due to their sequential nature. 

However, data and model parallelism can be leveraged to improve 

computational efficiency, especially on multi-GPU systems. Data parallelism 

involves splitting the data into batches and processing them parallel across 

multiple devices, sharing the same model parameters. Model parallelism 

distributes different parts of the model across various devices, each handling 

the computation of specific model parameters. This approach is beneficial when 

dealing with models with many parameters. 

Additionally, hyperparameter tuning, choosing appropriate activation functions, 

regularization techniques, and preprocessing training samples are effective 

ways to enhance the adaptability of RNNs. Optimizing RNNs requires 

combining multiple methods and techniques to achieve the best results. 
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2.3.3 Sequence-to-sequence generative model 

The sequence-to-sequence architecture maps variable-length input sequences to 

output sequences, forming the backbone of tasks like machine translation, text 

summarization, and dialogue generation. It employs an encoder-decoder 

framework: the encoder compresses the input into a fixed-dimensional latent 

representation (context vector), which the decoder autoregressively decodes 

into the target sequence. 

Depending on the underlying neural network used, sequence-to-sequence 

models can be categorized into: 

a). RNN-based sequence-to-sequence models: These rely on recurrent neural 

networks to process sequential data. b). Attention-based sequence-to-sequence 

models: Attention mechanisms allow the model to focus on different parts of 

the input sequence. c). SA-based sequence-to-sequence models: These models, 

like the Transformer, rely on SA mechanisms to capture dependencies in the 

input sequence without relying on RNNs. d). Hybrid sequence-to-sequence 

models: These combine multiple neural networks such as Attention, RNN, and 

CNN to enhance the performance of sequence-to-sequence tasks. 

SA-based sequence-to-sequence models, such as the Transformer, are primarily 

used in aircraft TP. The Transformer architecture, with its self-attention 

mechanism, demonstrates superior efficacy in modeling long-range 

dependencies across sequential data, excelling in tasks such as machine 

translation, text summarization, and dialogue generation. 

2.3.3.1 Evolution of Transformers 

In 2017, Vaswani et al. introduced the Transformer architecture [83], a purely 

attention-based model that revolutionized sequence modeling. As illustrated in 

Figure 2.11, it employs stacked encoder-decoder blocks. Each encoder layer 

contains a multi-head self-attention (MHSA) mechanism and a position-wise 

feedforward network, each followed by residual connections and layer 

normalization to stabilize training and mitigate information degradation. The 

decoder mirrors this structure but incorporates two critical modifications: 1). a 

masked MHSA layer in its first sublayer to prevent future token leakage during 

autoregressive decoding, and 2). a cross-attention layer where the encoder’s 
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output supplies keys (K) and values (V), enabling decoder queries (Q) to attend 

to the source sequence. To compensate for the lack of recurrence or convolution, 

positional encodings are injected into input embeddings, explicitly encoding 

sequential order. 

 

Figure 2.11 Transformer architecture. 

As a sequence-to-sequence model, the emergence of Transformer has set off a 

wave of application research in natural language processing and has formed many 

variants. For example, BERT improves the performance of natural language 

understanding tasks by using a bidirectional SA mechanism for pre-training [151]. 

GPT, using a unidirectional SA mechanism for pre-training, is better adapted to 

generation tasks [152]. T5 (Text-To-Text Transfer Transformer) simplifies the 

conversion between different tasks by unifying text processing tasks into text-to-

text conversion [153]. Transformer-XL enhances the ability to capture long 

sequence dependencies by introducing a memory mechanism [154]. XLNet, 

through autoregressive modeling (i.e. predicting the next word based on context), 

improves the performance of multiple natural language processing (NLP) tasks 
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such as question answering, natural language reasoning, and text classification 

[155]. The Transformer model has become more efficient and powerful in 

different tasks and application scenarios through these improvements and variants. 

2.3.3.2 Characteristics of Transformers 

(1) Advantages of the Transformer model 

1). Strong parallelization: The SA mechanism of the Transformer allows 

simultaneous processing of all positions in the sequence during training, unlike 

RNNs, which require sequential processing. This significantly speeds up training. 

2). Capturing long-range dependencies: The SA mechanism enables the 

Transformer to simultaneously attend to all positions in a sequence, inherently 

capturing dependencies across arbitrary distances without degradation, 

overcoming the distance limitations of recurrent architectures. 

3). Good model interpretability: The SA mechanism’s attention weights offer 

inherent interpretability. They reveal how the model prioritizes token-level 

interactions during decision-making, a critical advantage for model introspection, 

saliency analysis, and diagnosing biases or overfitting. 

4). High flexibility: The Transformer model demonstrates broad applicability and 

is effectively employed in diverse domains such as natural language 

understanding, computer vision, and temporal forecasting. 

5). Modular design: Since the Transformer comprises multiple identical encoder 

and decoder layers, its design and adjustments are more flexible and 

straightforward, making it easier to tailor the model for specific tasks. 

(2) Shortcomings of the Transformer model 

1). High computational resource requirements: Despite its strong parallelization 

capabilities, the total computational complexity of the SA mechanism is 𝑜(𝑛2𝑑), 

where 𝑛 is the length of the input sequence, and 𝑑 is the dimensionality of each 

vector. This quadratic relationship with sequence length means processing long 

sequences requires significant computational resources. The Transformer may 

underperform in resource-constrained environments compared to lighter models 

like smaller RNNs or CNNs. 
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2). Dependence on large-scale data: Transformers typically require large datasets 

to train and learn their parameters thoroughly. In scenarios where data is limited, 

the model may struggle to perform well and not generalize effectively. 

3). Hyperparameter tuning complexity: The Transformer model has many 

hyperparameters (e.g., the number of layers, number of Attention heads, 

embedding dimensions), and understanding how these hyperparameters interact 

and affect the model's performance is complex. This increases the complexity of 

hyperparameter tuning, making it more challenging to optimize the model. 

2.3.3.3 Optimization methods for Transformers 

Since the Transformer model was proposed, many researchers have made various 

improvements to overcome its shortcomings and improve its performance. The 

following are some of the main enhancements that provide valuable references for 

optimizing the application of Transformer in different fields and scenarios. 

(1) Reducing computational complexity 

The complexity is reduced by linearizing the SA mechanism, making the model 

more suitable for handling long sequences. Techniques like sparse SA and 

focusing only on local windows and global content can lower computational 

complexity. Additionally, using locality-sensitive hashing (LSH) to approximate 

SA helps reduce the complexity further. 

(2) Enhancing positional encoding 

Relative positional encoding enhances a model's ability to learn relative token 

distances compared to absolute positional encoding. It improves long-range 

dependency modeling. Rotary positional embeddings (RoPE) also enhance the 

expressiveness of positional encoding. 

(3) Hybrid architectures 

Combining the Transformer with RNNs or CNNs can improve performance by 

leveraging the local properties of RNNs/CNNs and the global capabilities of the 

Transformer. 

(4) Parameter sharing 
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Cross-layer parameter sharing reduces the number of model parameters, 

improving training and inference efficiency. 

(5) Pretraining and fine-tuning 

Using bidirectional pretraining followed by task-specific fine-tuning improves 

performance on natural language processing tasks. Unsupervised pretraining 

combined with supervised fine-tuning enhances the effectiveness of generative 

tasks. 

(6) Improved loss functions and regularization 

Label smoothing mitigates overfitting by regularizing confidence peaks, thereby 

enhancing generalization performance. Adversarial training fortifies model 

robustness by exposing it to perturbed inputs during training, increasing resistance 

to adversarial perturbations. 

2.3.4 Convolutional neural networks 

In 1998, LeCun et al. introduced the LeNet-5 architecture for handwritten digit 

recognition, pioneering using CNNs in practical ML applications [156]. LeNet-5 

is a CNN based on the gradient BP algorithm, which laid the foundation for the 

subsequent development of CNNs. With features like local connections, weight 

sharing, and hierarchical feature extraction, CNNs have proven highly effective in 

processing complex images and data, becoming a fundamental network in deep 

neural networks. 

Due to their unique properties, such as translation invariance and powerful feature 

extraction capabilities, CNNs are extensively employed in diverse domains, 

including image classification (e.g., handwritten digit recognition, object 

recognition), object detection (e.g., face detection, object detection in autonomous 

driving), image segmentation (e.g., tumor segmentation in medical imaging), 

video analysis (e.g., action recognition, video surveillance), NLP. CNNs also 

serve as a crucial deep learning foundation for aircraft TP, commonly used for 

tasks like extracting weather features and spatial trajectory characteristics. 

2.3.4.1 Evolution of convolutional neural networks 

LeNet-5, developed by LeCun et al., although it appeared at the earliest, is also a 

very successful CNN. Many banks in the United States used the handwritten digit 
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recognition system developed based on LeNet-5 in the 1990s to recognize the 

handwriting on checks. Since LeNet-5 was developed by LeCun and others in 

1998, multiple CNN variants have been developed for different application 

scenarios and needs. For example, the squeeze-and-excitation network (SENet) 

improves the classification performance of the network by capturing the 

correlation between channels [157]. The ResNet network changes the content of 

network learning from complete output to learning residuals by introducing 

shortcut connections, which effectively alleviates the training problems of deep 

neural networks [158]. AlexNet introduces data enhancement  and dropout, which 

significantly improves the classification ability of images [159]. GoogLeNet 

employs parallel multi-scale convolutional kernels to enhance image classification 

and detection performance [160]. The densely connected convolutional network 

（DenseNet) utilizes dense connections, where each layer receives concatenated 

feature maps from all preceding layers, enabling richer feature reuse [161]. 

(1) Typical convolutional neural networks 

CNNs exhibit a structurally more straightforward design compared to other deep 

neural networks. The core architecture (Figure 2.12) comprises an input layer, 

alternating convolutional and pooling layers (interleaved and repeated as needed), 

fully connected layers, and an output layer. 

 

Figure 2.12 Basic structure of convolutional neural networks. 

1). Convolutional layer 

The convolutional layer is the most essential structural unit in the convolutional 

neural network model. The architecture employs multiple convolutional filters to 

process input data, extracting hierarchical features. Shallow convolutional layers 

usually only extract detailed features, while deep convolutional layers iterate and 

integrate these shallow features to obtain abstract features. The operation process 
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is shown in Figure 2.13. 

 

Figure 2.13 Convolutional layer operation process. 

The mathematical expression of the convolutional layer is shown in formula (15): 

𝑥𝑙 = 𝑓(∑ 𝑥𝑖
𝑙−1

𝑖𝜖𝑀 ∗ 𝑊𝑖
𝑙 + 𝑏𝑖)                                 (15) 

where 𝑊𝑙 and 𝑏𝑖 represent the weight and bias corresponding to the convolution 

filter at the 𝑖𝑡ℎ position of the input feature vector, respectively; 𝑥𝑙−1represents 

the feature map of the previous layer; 𝑥𝑙−1  stands for the feature map of the 

current layer; 𝑓 represents the activation function; 𝑀 represents the set of feature 

maps. 

2). Activation function 

Following each convolutional layer, an activation function applies nonlinear 

transformations to the feature maps, enabling complex feature space 

transformations and enhancing model expressivity for improved label fitting. 

Typical activation functions include sigmoid, tanh, ReLU, etc. The activation 

function can be regarded as a component of the convolution layer. The operation 

process of the convolution layer is shown in Figure 2.13. 

3). Pooling layer 

Generally, the pooling layer is periodically embedded after the convolution layer. 

Using the pooling layer can reduce the dimension of the input features to a certain 

extent and further reduce the training parameters and computational cost of the 
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network model, which can not only accelerate the processing speed of the model 

but also prevent overfitting. The two most common pooling operations in CNNs 

are average and max pooling. 

4). Fully connected layer 

In a fully connected layer, all neurons interconnect with every neuron in the 

preceding layer. Following pooling operations, the features are flattened into a 1D 

vector and fed into the fully connected layer to capture high-level abstract patterns 

for classification. Typically positioned at the network’s final stage, the fully 

connected layer optimizes classification accuracy by integrating global feature 

representations. 

(2) Residual networks 

Compared with shallow structures, deep CNN models have better performance. 

However, as the depth of the model grows, the gradient will disappear or explode, 

making the network training process more difficult and hindering the convergence 

of the network. To handle the above problems, He et al. proposed the ResNet in 

2015 [158]. By introducing shortcut connections to the nonlinear convolutional 

layer, shallow features can be reused so that the content of network learning is 

changed from the complete output of the previous layer to the learning residual, 

which improves learning efficiency. ResNet comprises multiple basic residual 

units stacked together, forming an intense network. Each residual unit consists of 

numerous cascaded (equal width) convolutional layers and a cross-layer direct 

connection, and then output after activation by ReLU, as shown in Figure 2.14. 

 

Figure 2.14 Schematic diagram of residual networks. 
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ResNet addresses the training challenges of deep neural networks through residual 

blocks with skip connections, which stabilize gradient flow and enable deeper 

architectures. This innovation has achieved state-of-the-art performance across 

computer vision tasks such as image classification, object detection, semantic 

segmentation, and visual tracking. 

2.3.4.2 Characteristics of convolutional neural networks 

CNN was developed from image processing (handwritten digit recognition) and 

has significant advantages in image recognition and processing. The 

characteristics of CNN can be intuitively described from the perspective of image 

data processing. 

(1) Advantages of convolutional neural networks 

1). Local connectivity: In CNNs, each neuron is connected only to a local region 

of the previous layer rather than to all neurons. This regional connectivity 

leverages the spatial locality of image data, reducing the number of parameters 

and improving computational efficiency. 

2). Weight sharing: In convolutional layers, the same convolutional filter (kernel) 

is applied across the entire input image to extract features. This weight-sharing 

mechanism reduces the number of learning parameters, enhances training 

efficiency, and improves the model's generalization ability. 

3). Translation invariance: Thanks to convolution and pooling operations, CNNs 

exhibit translation invariance. This means that even if the object in an image shifts 

position, the CNN can still effectively recognize and extract features. 

4). Hierarchical feature extraction: CNNs hierarchically extract features via 

alternating convolutional and pooling layers, capturing low-level patterns (e.g., 

edges, textures) that progressively evolve into high-level abstractions (e.g., shapes, 

objects). This hierarchical feature learning mechanism—enabling multi-scale and 

spatially invariant pattern recognition—underpins their effectiveness in 

processing complex visual data. 

5). Dimensionality reduction: Pooling layers down-sample feature maps by 

reducing their spatial resolution, thereby decreasing computational complexity 

and retaining critical spatial information. This dimensionality reduction mitigates 
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overfitting and improves generalization by emphasizing dominant features while 

discarding redundant details. 

6). Versatility: While CNNs were pioneered for image-based tasks, their 

architectural principles have enabled successful adaptation to non-grid data, such 

as time series and text. With appropriate modifications, CNNs perform well across 

various tasks. In aircraft TP, trajectory data has both spatial and temporal features. 

Since spatial features are also fundamental to images, CNNs are frequently used 

as a core machine-learning model for TP. 

(2) Shortcomings of convolutional neural networks 

CNN has several limitations, as outlined below: 

1). Large data requirements: CNNs rely heavily on extensive labeled datasets to 

achieve robust performance. A lack of sufficient data may lead to overfitting or 

suboptimal performance. 

2). Sensitivity to noise: CNNs are sensitive to noise in the input images. Even 

small amounts of noise or perturbations can cause the model to make incorrect 

predictions. 

3). Low sensitivity to position and orientation: CNNs have limited sensitivity to 

the positional and directional information within images. Small changes in the 

object's position within the image may result in the CNN failing to recognize it 

correctly. 

4). Lack of robustness to rotation and scaling: CNNs are not inherently robust to 

transformations like rotation or scaling. Improving performance often requires 

data augmentation or specialized network structures, such as spatial transformer 

networks. 

5). High computational resource requirements: The training and inference 

processes of CNNs demand significant computational resources, including GPUs 

and memory. This becomes incredibly challenging when handling high-resolution 

images or complex models, making hardware requirements critical. 

2.3.4.3 Optimization methods for convolutional neural networks 

(1) Data enhancement 
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Many shortcomings of CNN, such as large data demand, sensitivity to noise, 

insensitivity to position and direction, and non-robustness to rotation and scaling, 

are closely related to data. Data enhancement is an effective means of improving 

CNN's performance. For example, increasing the diversity and number of training 

data by rotating, translating, scaling, cropping, flipping, and adding noise can 

reduce overfitting and effectively improve the performance of CNN. 

(2) Training process optimization 

For specific application scenarios and goals, the performance of CNN can be 

effectively improved by setting appropriate model structures and hyperparameters, 

selecting appropriate model training methods and processes, and optimizing 

model parameters. 

2.4 Deep Learning TP support data 

The primary data resources for aircraft TP include aircraft performance, aircraft 

surveillance, meteorological, and flight plan data. Aircraft performance data is 

critical for TP methods based on dynamics. Deep learning-based TP methods 

focus on extracting trajectory features from relevant data to optimize model 

parameters and enhance prediction capabilities. The three main data types used 

for training deep learning models in this domain are aircraft surveillance, 

meteorological, and flight plan data.  

Aircraft surveillance data records the actual flight trajectory and is the 

fundamental data source for training aircraft TP models. Due to the rich 

availability, which is easier to obtain and has higher accuracy and broadcast 

frequency than traditional radar surveillance data, ADS-B data have become the 

preferred data source for deep learning-based TP. Meteorological data is a crucial 

factor affecting aircraft trajectories and is essential for improving TP accuracy. 

Weather parameters—including wind speed/direction, temperature gradients, and 

atmospheric turbulence—are critical determinants of aircraft flight trajectory 

planning. Flight plan data reflects flight intent and is valuable for improving 

medium- and long-term TP accuracy. Flight plans are primarily held by national 

and regional aviation authorities, their subordinate agencies, and relevant airlines 

and operators. ATC, ATFM, and airline operations centers possess these data. 
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Access to flight plan data is generally obtained through collaboration with these 

organizations. 

Below is an introduction to two essential data resources: ADS-B and 

meteorological data. 

2.4.1 Automatic dependent surveillance–broadcast data 

The ADS-B is a contemporary aviation technology for real-time aircraft 

monitoring. It consists of four parts: an airborne ADS-B output transmitter, an 

airborne ADS-B in receiver, and an ADS-B ground station. It monitors aircraft 

and perceives the flight situation in the air by broadcasting and receiving relevant 

aircraft flight status information. The system composition is shown in Figure 2.15. 

ADS-B data is the main data transmitted and exchanged between system users, 

recording the aircraft's location, heading, speed, and other flight status information. 

 

Figure 2.15 Composition of the automatic dependent surveillance–broadcast 

system. 
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2.4.1.1 Data content and format 

The broadcast ADS-B data includes ICAO code, aircraft position, time, ground 

speed, track angle, data integrity, and other information. After receiving the 

transmitted data, the ADS-B ground station encodes all the data into Asterix 

cat021 format and forwards it to the ADS-B IN component of the ATC system. 

This structure aligns with the standard schema of ADS-B historical trajectory 

datasets, which comprise nine core fields detailing flight parameters (e.g., position, 

altitude, velocity, and identification metadata) [162], shown in Table 2.3. 

Table 2.3 ASTERIX category 021 message fields.  

Category Description Data example 

Position in WGS-84 

co-ordinates 

Latitude and longitude in 

WGS-84 Co-ordinates. 

Lat: 39.9042° 

Lon: 116.4074° 

Target address 

24 bit target address (emitter 

identifier) assigned uniquely 

to each target. 

3C65B9 

(ICAO number) 

Time of reception 

for position\velocity 

Time of reception of the latest 

position\velocity squitter in 

the ground station, in the form 

of elapsed time since last 

midnight, expressed as UTC. 

45982.15 

(UTC time) 

Geometric height 

Minimum height from a plane 

tangent to the earth’s 

ellipsoid, defined by WGS-

84, in two’s complement 

form. 

3025 (feet) 

Quality indicators 

Navigation integrity category 

(NIC) and other quality 

indicators. 

NIC=8 

Flight level 

Flight level from barometric 

measurements in two’s 

complement form. 

350 (FL) 
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Geometric vertical 

rate 

Geometric vertical rate, in 

two’s complement form, with 

reference to WGS-84. 

-12.8 (feet/minute) 

Airborne ground 

vector 

Ground speed and track angle 

elements of airborne ground 

vector. 

GS: 480 kt, Track: 

125.6° 

Target identification 

Target (aircraft or vehicle) 

identification in 8 characters, 

as reported by the target. 

"CPA475" 

(callsign) 

 

2.4.1.2 Data characteristics 

(1) Update frequency and accuracy 

ADS-B transmits position updates every 0.5 seconds, while other information, 

such as aircraft address codes and flight numbers, are updated every 1 second. 

Under normal circumstances, two ADS-B messages are expected every second. 

However, because the time information in these messages is recorded in 1/128-

second units, rounding errors can occur when converting to conventional time 

units (hours, minutes, seconds). As a result, some timestamps may have three 

messages while others might only have one. Theoretically, there should always be 

at least one message per second. The update frequency of ADS-B is significantly 

higher than traditional radar systems, which typically update every 4 to 15 seconds 

[163]. This higher update rate allows for a reduction in the minimum required 

separation between aircraft, thereby increasing airspace capacity. 

Leveraging the GNSS, the ADS-B system improves location accuracy to better 

than 0.1 nautical miles [164]. Additionally, by broadcasting data, ADS-B 

overcomes the limitations of radar surveillance systems, such as significant signal 

loss during extreme weather conditions and the inability to cover remote, oceanic, 

and low-altitude areas. As a result, ADS-B has become a vital tool in surveillance 

operations, playing an essential role in ATM by providing higher accuracy, 

continuity, and broader coverage than traditional radar systems. 

(2) Data quality 
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ADS-B reports incorporate quality assessment metrics—such as Navigation 

Integrity Category (NIC), Navigation Uncertainty Category for Position (NUCp), 

and Navigation Accuracy Category for Position (NACp)—to evaluate the 

reliability of transmitted navigation data. NIC and NUCp values, which relate to 

the horizontal protection level (HPL), are crucial for ensuring the integrity of the 

ADS-B report. The data is considered precision condition data when NIC > 8 or 

NUCp > 7. However, these parameters may sometimes fall below the expected 

values or even be absent. NACp, which measures accuracy, is defined by the 

estimated position uncertainty (EPU), using a 95% confidence constraint to 

estimate position uncertainty. The FAA requires a minimum NACp value of 8 

(EPU < 92.6 m). Generally, when NIC ≥ 7, the NACp value is 8; when NIC < 7, 

the NACp value drops to 0. 

The 1090 MHz frequency used by ADS-B is highly congested due to spectrum 

sharing by multiple systems, leading to same-frequency interference that can 

disrupt the system's regular operation. Complex electromagnetic environments are 

the main factor contributing to reduced ADS-B surveillance performance. This 

reduction is primarily reflected in data loss and incomplete data. Data duplication 

may also occur due to retransmissions by ground-receiving stations. In a study 

analyzing ADS-B data collected by the Hong Kong Observatory (HKO) from 

December 23 to December 27, 2016, covering 2,100 flights (both arrivals and 

departures), it was found that 95% of trajectory points had complete data 

parameters. Most trajectory points had a time interval of approximately 1 second, 

with a maximum interval of less than 10 seconds. This falls short of the theoretical 

expectation of one message per second, confirming the commonality of abnormal 

data phenomena. In practice, ADS-B data update intervals may vary based on 

flight conditions such as flight phase, GNSS receiver performance, and airspace 

density [163]. Therefore, these discrepancies must be analyzed and processed 

according to specific situations. 

2.4.1.3 Main data sources 

Currently, ADS-B data resources are widely available, and several organizations 

and companies provide comprehensive ADS-B data services: 

(1) Flightradar24 
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Hosted and operated by the Swedish company Svenska Resenätverket AB, 

Flightradar24 is a comprehensive flight tracking platform offering real-time 

global air traffic information. It has over 40,000 ADS-B receivers worldwide. The 

primary channel for collecting information is ADS-B data received via ground 

stations or satellites. It also supplements its data collection with MLAT (for non-

ADS-B aircraft), radar data from specific regions, and FLARM (for small aircraft 

like gliders). Flightradar24's data is accessible via its website and mobile apps, 

providing services like real-time flight tracking, historical flight data, and data 

subscriptions. 

(2) FlightAware 

FlightAware, run by a U.S.-based multinational tech company, is one of the most 

comprehensive flight-tracking platforms globally in terms of data resources. It 

operates a network of over 35,000 ADS-B ground stations in more than 200 

countries and territories. FlightAware offers real-time flight tracking, flight 

trajectory data (real-time, historical, and predictive), data application tools, and 

industry solutions. 

(3) OpenSky Network 

The OpenSky Network is a community-based, open, non-profit platform 

comprising over 6,000 sensors operated by volunteers, industry supporters, and 

academic/government organizations. It archives all unfiltered raw data collected, 

including ADS-B data, in one of the most significant historical databases with 

more than 30 trillion messages. The platform provides data access and application 

tools like OpenSky Explorer for browsing historical air traffic, a detailed aircraft 

metadata database, and curated datasets for specific research needs. It supports 

researchers in improving ATC technologies and processes. 

(4) ADS-B Exchange 

ADS-B Exchange is a community-driven, open platform that provides free access 

to its data. The platform relies on a global network of ADS-B ground receivers 

operated by enthusiasts and institutions. These receivers capture raw, unfiltered 

data directly from aircraft, including all types of flights, such as private flights. 

ADS-B Exchange offers several API options for accessing flight data, including a 
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commercial-grade API for enterprises and a lightweight API for hobbyists. These 

APIs support the retrieval of real-time airspace information and historical data. 

(5) Plane Finder 

Operated by Pinkfroot Ltd. in the UK, Plane Finder collects flight trajectory data 

through ADS-B receivers, MLAT (which calculates aircraft position using signals 

received by multiple ground stations), FAA feeds, and FLARM (for monitoring 

small planes and gliders). The platform offers real-time flight tracking based on 

trajectory data, historical data playback, data sharing, mobile apps, and 

commercial-grade enterprise solutions. 

2.4.2 Meteorological data 

There are two main uses for meteorological data required for aircraft TP. One is 

to be used for model training, historical tracks, and related data (such as track, 

flight intention, etc.). The other is to be used as a condition for predicting the track, 

usually using weather forecast data or historical statistical data. Meteorological 

data related to aircraft TP include temperature, humidity, wind speed, direction, 

clouds, precipitation, etc. When meteorological data is not available, estimated 

values are sometimes used instead. The European Centre for Medium-Range 

Weather Forecasts (ECMWF) and the North American Mesoscale Forecast 

System (NAM) are widely utilized meteorological datasets, which support 

medium-range meteorological forecasting in aviation and climatology, among 

other fields. 

2.4.2.1 Data types and exchange formats 

(1) Data types 

When using ML for aircraft TP, various weather data are crucial in improving 

model performance and prediction accuracy. These weather data types may 

represent different stages of similar information or products containing multiple 

data types. The selection of weather data depends on specific requirements, 

compatibility with trajectory information, and the availability of resources. Below 

are commonly used weather data types in TP: 

1). Wind speed and wind direction: Wind speed and direction at different altitude 

levels (e.g., upper-level winds) affect horizontal and vertical aircraft movement. 
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2). Temperature: Temperature at various altitude levels influences aircraft 

performance and fuel efficiency. Unique temperature phenomena, such as 

temperature inversions, can affect flight level selection. 

3). Air pressure: Atmospheric pressure at different levels is used to correct flight 

altitude and assess aircraft performance. 

4). Humidity: Relative humidity affects cloud formation and the risk of icing. 

5). Precipitation: Precipitation intensity and type (e.g., rain, snow, hail) influence 

visibility and flight safety. The location and movement speed of precipitation 

areas are also crucial factors. 

6). Cloud cover: Cloud types, coverage, and height affect flight visibility and 

turbulence risk. Cumulonimbus clouds, in particular, are associated with strong 

turbulence and thunderstorms. 

7). Turbulence: Predictions of turbulence intensity and location are critical for 

flight comfort and safety, including clear air turbulence (CAT) and terrain-induced 

turbulence. 

8). Thunderstorms: The location, movement path, and intensity of thunderstorms 

significantly impact route selection and flight safety. 

9). Visibility: Horizontal and vertical visibility data are vital for takeoff and 

landing operations. 

10). Echo top (ET): ET is a meteorological radar product representing the top 

height of radar echoes. It is used to characterize the distribution and intensity of 

thunderstorms and strong convection, helping to analyze the vertical structure and 

strength of thunderstorms. Research indicates that ET is one of TP's most suitable 

overall weather products [92]. 

(2) Data format 

Standard data exchange formats for weather data include six types, each suitable 

for different kinds of data handling and applications: 

1). NetCDF (network common data form): NetCDF is a self-describing and 

portable file format well-suited for storing multi-dimensional array data, such as 
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meteorological data. It is widely used in climate and weather research due to its 

ability to store large, complex datasets. 

2). GRIB (gridded binary): GRIB is a compressed binary format specifically 

designed for storing and transmitting weather forecast data. It is beneficial for 

handling large datasets in numerical weather prediction models. 

3). HDF5 (hierarchical data format version 5): HDF5 is a versatile format for 

storing and managing complex data, supporting multi-dimensional arrays and rich 

metadata. It is used for a variety of scientific data, including weather datasets. 

4). CSV (comma-separated values): CSV files store structured tabular data in a 

simple, human-readable format. While CSV is not typically used for large-scale 

meteorological data due to its limitations in handling complex datasets, it is 

helpful for more straightforward applications or smaller datasets. 

5). JSON (Javascript object notation): JSON is a lightweight data exchange format 

widely used for Web-based applications to transfer and store structured data. It is 

helpful for representing hierarchical data structures and can be used to transmit 

weather data over networks. 

6). GeoTIFF: GeoTIFF is an image file format that includes geographic 

information, making it ideal for storing raster data. It is commonly used to 

represent the spatial distribution of meteorological elements such as precipitation, 

temperature, humidity, wind speed, and ET data, providing geographic context for 

the data. 

These formats are chosen based on the specific needs of the weather data 

application, such as data complexity, size, and ease of integration with other 

systems. 

2.4.2.2 Data sources 

(1) European Centre for Medium-Range Weather Forecasts 

ECMWF is an independent intergovernmental organization with over 30 members 

and cooperating countries. The ECMWF specializes in meteorological data 

reanalysis, producing medium-range to seasonal forecasts, and advancing 

numerical modeling and data assimilation methodologies. Additionally, it 
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operates the EU's Copernicus Atmosphere Monitoring Service and Climate 

Change Service, supporting global environmental and climate policy initiatives. 

Some of its notable products include real-time weather forecasts, reanalysis 

datasets (such as ERA-Interim and ERA5), seasonal forecasts, and climate 

monitoring products, primarily available in GRIB and NetCDF formats. 

(2) AMDAR 

AMDAR is a key component of the World Meteorological Organization (WMO)'s 

Integrated Global Observing System and uses sensors and equipment on 

commercial aircraft to collect meteorological data. The data collected includes 

temperature, wind speed, wind direction, pressure, and, increasingly, humidity 

and turbulence measurements. These data are transmitted in real-time to ground 

meteorological stations for aggregation, processing, and storage. Over 700,000 

high-quality observations are collected daily, providing essential high-altitude 

data, particularly in remote and oceanic areas where traditional meteorological 

networks fall short. Some AMDAR data are available through public channels, 

though the publicly accessible data may be processed and aggregated, excluding 

detailed raw observations. 

(3) WorldClim 

WorldClim is a high-resolution global climatology database curated by an 

international consortium, offering 19 bioclimatic variables  and monthly baseline 

climate layers for ecological modeling and species distribution studies. These 

datasets include temperature (e.g., annual mean temperature, monthly mean 

temperature, maximum and minimum temperatures) and precipitation data 

(including seasonal variation). WorldClim offers past climate data (1970-2000 

averages), current and future climate predictions based on different climate 

models and scenarios. The spatial resolution ranges from 30 arc seconds (~1 km) 

to 10 arc minutes (~18 km). WorldClim is a free online platform that provides 

high-resolution climate datasets for ecologists, geographers, climatologists, and 

other researcher. 

(4) National Centers for Environmental Information 

The National Centers for Environmental Information (NCEI), a division of the 
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U.S. National Oceanic and Atmospheric Administration (NOAA), serves as a 

primary repository for archiving and disseminating global environmental datasets, 

including weather, climate, hydrology, and space weather observations. Managing 

over 37 petabytes of data, NCEI integrates operational forecast models such as the 

North American Mesoscale (NAM) and Global Forecast System (GFS), while 

providing open-access historical climate records and real-time meteorological 

variables (e.g., temperature, precipitation, wind speed) via its public digital 

platform. 

(5) China Meteorological Data Service Center 

The China Meteorological Data Service Center (CMDC), a division of the China 

Meteorological Administration (CMA), serves as a critical node within the 

WMO's global data exchange framework. It provides various meteorological and 

climate data services, including real-time weather data (e.g., observations, weather 

forecasts, radar data, and satellite cloud imagery) and historical weather data. 

CMDC also offers long-term climate data and statistical analyses that support 

climate change research. While the primary coverage is for China, it also provides 

some global data through international collaboration and satellite observations. 

Users can access the data through Web services, API interfaces, or mobile apps. 

2.5 Chapter summary 

This chapter primarily focuses on the theoretical and technical foundations 

necessary for the subsequent deep learning-based TP methods research. The 

specific contents include the following: 

1). Summary of the fundamentals and developmental needs of aircraft TP 

The chapter outlines critical concepts of aircraft TP, the division of trajectory 

phases, and different classification methods for TP. It then analyzes the basic 

framework of TP under the new TBO operational model, emphasizing the latest 

requirements for higher accuracy, faster computation speed, longer LAT, more 

complete trajectories, and more excellent stability. 

2). Summary of current status of aircraft TP research 

This section outlines the current research status of aircraft TP. It is structured to 
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review the field through three key methodological approaches: Dynamics methods, 

state estimation methods, and machine learning methods. It then introduces the 

application of above TP methods, and last gives an overview of the research status. 

3). Summary of the evolution, technical characteristics, and optimization methods 

of typical deep learning networks  

This section reviews and summarizes the formation, development, advantages, 

limitations, and optimization methods of various deep learning models, such as 

GAN, RNN, CNN, and sequence-to-sequence networks. The goal is to provide a 

foundation for effectively applying aircraft TP's latest deep learning 

advancements. 

4). Overview of critical data resources for deep learning-based TP  

The chapter highlights two essential data resources for aircraft TP: ADS-B and 

meteorological data. The contents, exchange formats, update frequencies, quality 

characteristics, and key data sources are summarized for ADS-B data. The types 

of data, exchange formats, and significant data sources are outlined for 

meteorological data, giving a comprehensive understanding of the dataset 

resources crucial for TP tasks. 
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Chapter 3.  

Trajectory prediction technology 

framework based on deep learning 

Deep learning has emerged as a transformative force in big data applications due 

to several key attributes that align well with the demands of processing vast and 

complex datasets.  Exploratory research in the field of aircraft TP also 

demonstrates the promising potential of this technology in this domain. Studying 

the characteristics, application methods, and system features of deep learning in 

aircraft TP helps to understand its intrinsic attributes better and promotes the 

field's development. 

3.1 TP system composition 

As a critical component of ATM DSTs, TP can be delivered in various software 

forms, such as modules, plugins, components, or services. The TP system consists 

of multiple software units, including data input, data management, data processing, 

and data output, which work together to solve aircraft TP problems and exhibit 

the fundamental characteristics of an information system. The TP systems used in 

real-world ATM operations primarily rely on physics-based models. However, 

prediction models based on ML have unique advantages that physics-based 

models lack. The coexistence and even integration of both approaches is a 

practical need. Therefore, the system architecture design should accommodate 

both types of TP models, allowing for the flexibility to incorporate physics-based 

models and machine-learning models in a cohesive framework. 

3.1.1 Basic system architecture 

To promote the exchange and sharing of research findings in TP and to build a 

TBO-based ATM operational environment, FAA/Eurocontrol AP16 proposed a 

general TP model. This model defines a TP system composed of four key modules: 
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preparation, computation, update, and output, along with the corresponding TP 

data processing workflow. This model is a conceptual framework that aims to be 

concise for ease of understanding the core content. From the perspective of 

operational applications, additional auxiliary modules must be incorporated to 

form a complete information system capable of delivering the necessary TP 

functionalities. As a specialized subset of TP systems, deep learning-integrated 

TP frameworks must conform to the core structure of conventional TP models, 

preserving identical logical dependencies and essential interface partitioning. 

Figure 3.1 illustrates the basic architecture of a TP system embodying this 

approach. It logically describes the essential components and their relationships 

within the TP system, ensuring alignment with the general TP model while 

accommodating the unique requirements of deep learning-based prediction 

systems. This structure is a foundation for developing a comprehensive TP system 

that seamlessly integrates with existing ATM operations, enabling efficient and 

accurate TP in a TBO environment. 

 

Figure 3.1 Basic architecture of TP system. 

In this architecture, the data preprocessing, data update, and prediction result 

output units correspond to the preparation, data update, and data output functions 

of the AP16 general TP model. The trajectory unit computation and trajectory 

integration/fusion unit handle the trajectory computation functionality of the 
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general TP model. Along with the scheduling control, data management, and input 

data reading units, these components form a complete TP system that executes TP 

tasks. The specific roles of each unit are described as follows: 

1). Scheduling control: This unit monitors external system requests and internal 

unit operation status in real-time. It triggers the execution of relevant software 

units based on preset conditions and coordinates their operations to complete the 

TP task. 

2). Data management: This unit provides storage, organization, and retrieval 

capabilities for data required in TP. Physics-based TP includes storing data such 

as trigger conditions for data updates, flight intent, aircraft performance models, 

weather models, adaptation data, preprocessed input data, trajectory data from 

prediction units, and the final fused trajectory data. For ML-based methods, it may 

store data such as model parameters, preprocessing results, and similar trajectory 

data. 

3). Input data reading: This unit reads external data required for TP, including 

aircraft initial state data, flight intent, weather conditions, and airspace 

information, all of which are time-sensitive. 

4). Data preprocessing: This unit cleans, reorganizes, and normalizes input data to 

ensure consistency. Depending on the needs of the prediction unit, it may also 

perform specialized tasks like extracting aircraft states and flight intent and 

constructing behavioral models. 

5). Trajectory unit computation: This unit predicts trajectory segments or complete 

trajectories. This involves software-based TP models with predefined parameters 

for ML methods. These models can include single neural networks or hybrid 

models combining multiple neural networks and traditional ML algorithms. 

6). Trajectory integration/fusion: This unit integrates or fuses the output trajectory 

segments from various prediction models into a final =TP result. This process is 

handled by a trajectory integration/fusion model implemented as a software 

module. 

7). Data update: This unit checks the conditions that trigger a recalculation of the 

trajectory. When the conditions are met, a new round of data reading, 
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preprocessing, and TP, generating updated trajectory data, is initiated. 

8). Prediction result output: The system outputs the predicted trajectory data, 

including the aircraft's predicted trajectory and any associated errors or warnings. 

The users of this data may be human operators or, more often, other software 

systems such as ATM DSTs. 

The system's basic architecture logically describes the key elements and their 

interrelationships within the TP system. The logical structure remains the same 

whether using physics-based or machine-learning models or even a hybrid of both. 

Both models are considered part of the trajectory computation unit, meaning this 

architecture is equally applicable to TP systems based on physics and ML models. 

3.1.2 Trajectory calculation 

Trajectory computation encompasses two components within the system’s 

foundational architecture: trajectory unit calculation and integration fusion. As the 

central component of the TP system, it produces the final predicted trajectory. 

3.1.2.1 Integration framework 

For deep learning and other iterative optimization algorithms, no single algorithm 

is efficient or effective for all problems. Similarly, each deep learning-based TP 

model has an optimal range of applications. Using a single TP model or method 

can often lead to inefficiency and complexity in complex scenarios, such as gate-

to-gate complete TP or variable LAT TP. Therefore, integrating multiple TP 

models or methods is essential. 

The integrated framework for applying multiple TP models is illustrated in Figure 

3.2. Among them, the TP model is a prediction unit calculation module that has 

been materialized as a software module. The design of the trajectory integration 

fusion unit mainly determines the integrated fusion algorithm of the calculation 

output results of the relevant prediction units, including selection, staged 

integration, and data fusion. Selection means selecting one of the multiple 

prediction results as the final predicted trajectory. Staged integration, if the output 

result of the prediction unit calculation module is the expected trajectory of 

different route stages, it is necessary to splice the trajectories of each stage to form 

a multi-segment trajectory or a full-segment trajectory from gate to gate. Data 
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fusion fuses the output results of different prediction unit calculation modules 

(such as weighted average based on spatial distance) to form the final predicted 

trajectory. 

 

Figure 3.2 Integrated application framework of TP models. 

3.1.2.2 Model description 

To facilitate the sharing and application of the TP models and the trajectory 

integration and fusion models that have been materialized into software units, it is 

essential to organize them according to relevant software engineering standards. 

In addition to the software code, detailed documentation is crucial as it is the 

foundation for correctly using the TP models. The software unit description for 

TP models should include the following key elements: 

1). Name: A descriptive name for the TP model. 

2). Scope of application: Defines the scenarios where the model is applicable, such 

as short-term or long-term TP, terminal area arrival predictions, etc. 

3). Functionality and performance: Describes the functions and performance 

metrics of the model, with particular emphasis on the TP  accuracy metrics. 

4). Invocation method: Specifies the process to execute the TP model, such as an 

APP call, Web service call, or other APIs. 

5). Runtime environment requirements: Specifies the necessary infrastructure, 

including hardware, software, network resources, and other dependencies such as 

database systems, Web servers, or runtime environments. 
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6). Parameter configuration details: Describes all parameters, including their 

names, meanings, purposes, types, formats, ranges of values, and how they affect 

the prediction outcomes. This part focuses on model parameters and 

hyperparameters for ML-based TP models. 

7). Interface definition: Provides detailed information about the input and output 

data, including their names, meanings, types, formats, and acceptable ranges of 

values. 

8). Model training and testing documentation: This part should describe the 

sample data used for training and testing, along with ML-based models' training 

and testing methodologies. It should also include details about the sample data's 

composition, size, accuracy, and resolution. 

9). Additional notes: Includes any specific information, particularly regarding 

factors that may impact the accuracy and confidence of the TPs. 

The TP model software unit documentation should be accessible to human users 

and machines. Therefore, it is recommended to use appropriate standards and 

formats for description, such as Representational State Transfer (REST), Web 

Services Description Language (WSDL), Universal Description, Discovery, and 

Integration (UDDI), JSON-RPC, OpenAPI, and other Web service-related 

standards. This approach ensures that the software units are well-documented and 

can be easily integrated into broader systems, enabling seamless interoperability 

and use. 

3.2 Construction and application of TP system 

The construction and application of the TP system based on deep learning includes 

the rules of general information system construction and reflects the 

characteristics of deep learning technology application. Figure 3.3 shows the 

system's construction and application process based on deep learning. 



105 

 

 

Figure 3.3 Construction and application process of TP system based on deep 

learning. 

3.2.1 Demand analysis 

Based on the specific conditions of the TP system application service objects, 

application deployment environment, usage requirements, and available resources, 

the business requirements for the TP system are sorted out and further converted 

into more specific and clear technical demands for the design and usage of the 

traction system. 

3.2.2 System design 

Based on the proposed technical requirements, design the system components, the 

internal and external relationships of the system, and the system shared database, 

and then design each system unit on this basis. The design of the trajectory 

calculation model is the core of the system design, including the design of two 

types of units: trajectory unit calculation and trajectory integration fusion. The 

trajectory unit calculation unit's design is essentially the TP model's design, 

including which essential deep neural networks to use and how to apply and 

connect, which data to use for model training and how to train, which optimization 

method to use for training, etc. The typical structure of the deep learning TP model 
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is shown in Section 3.4.1 of this chapter. The design of the trajectory integration 

fusion unit mainly determines the integrated fusion algorithm of the calculation 

output results of the relevant prediction units. 

3.2.3 Programming implementation 

The process of programming each unit of the designed system separately and 

combining them to form a complete system. According to the characteristics of 

each unit of the TP system, a suitable software framework can be selected for 

development. Common software frameworks for TP models based on ML include 

TensorFlow, PyTorch, and Keras. 

3.2.4 Model training and validation 

This task is unique for data-driven TP methods such as ML. It mainly involves 

training and verifying the trajectory calculation model composed of the TP and 

the trajectory integration fusion models. The objective involves identifying 

parameters and hyperparameters for the ML-based trajectory computation model, 

assessing its generalizability and predictive accuracy, and validating compliance 

with specified design criteria. For details on the setting and optimization of model 

parameters and hyperparameters, see Section 3.4.2 of this chapter. 

An essential task in the model training and verification stage is sample data 

preparation, closely related to model design. Sample data preparation should be 

completed according to the sample data content, attributes, format, scale, and 

quality requirements designed in the system design link and separated into training 

sets, verification sets, and test sets based on design requirements. The sample data 

sources include ADS-B data, flight plans, weather, ATC instructions, airport 

facilities, and other flight-related historical data, which can directly or indirectly 

reflect information such as flight intentions, flight environment, flight restrictions, 

and airline preferences. 

3.2.5 System testing and evaluation 

Based on the results of the development of each system unit, the complete TP 

system is constructed. The system is then tested and evaluated either in a test 

environment or in a real operational environment to verify the correctness and 

stability of its operation. This process involves assessing the system’s overall 

capabilities to determine whether it meets the designed functionality and 
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performance metrics, as well as its ability to satisfy the business's operational 

requirements. If the business operation requirements are unmet, corresponding 

improvements and supplements must be made according to the deficiencies. 

3.2.6 Deploy application 

The TP system that has passed the test evaluation is installed and deployed in the 

actual business operation environment and runs independently or integrated with 

relevant information systems to undertake TP tasks. 

3.3 Evaluation of TP system 

TP is an essential function of most (if not all) ATM DSTs. Each DST relies on its 

customized trajectory predictor, which has unique requirements for its software 

and hardware operating environment, input and output interfaces, TP accuracy, 

calculation time, prediction time span, and usage. Therefore, the evaluation of TP 

systems should be comprehensive, objective, and focused to characterize system 

characteristics accurately. 

3.3.1 TP system evaluation framework 

3.3.1.1 Framework analysis 

The aircraft TP system is a professional information system that should follow the 

evaluation standards of general information systems while highlighting the 

characteristics of professional information systems to objectively, accurately, and 

comprehensively evaluate particular systems' capabilities and quality 

characteristics and facilitate user understanding and application. The evaluation 

indicators of general information systems should cover multiple aspects such as 

function, performance, efficiency, safety, maintainability, cost-effectiveness, and 

user satisfaction. Software-based information systems should also include 

portability indicators to evaluate the software's platform independence and 

environmental adaptability. Among them, function and performance indicators are 

the most fundamental indicators of information systems and are also the focus of 

system evaluation and assessment. 

Some research results have been obtained on the evaluation framework of aircraft 

TP methods. Olive et al. [165] proposed two expectations for TP based on 

analyzing various typical application scenarios of TP, namely operational realism 
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and physical realism. Operational realism requires that the generated trajectory 

should be familiar to experts, pilots, and air traffic controllers; physical realism 

means that the generated trajectory should be consistent with the performance of 

the aircraft, such as limited climb rate. The authors believe that in most cases, the 

generated trajectory is intended to serve realistic simulation, but the focus of 

realism is not static but depends on the application scenario. Therefore, there is no 

"best" TP method (model), only "the most suitable". The author of this paper 

proposes an evaluation framework for TP methods from the aspects of realism, 

operability, and accuracy of prediction results, including expert evaluation, 

similarity evaluation, statistical evaluation, and physical evaluation:  

1). Expert evaluation: From the perspective of professionals such as air traffic 

controllers or pilots, judge whether the generated trajectory realistically 

reproduces the characteristics of the actual trajectory in real life and evaluate the 

realism of the predicted trajectory. 

2). Similarity evaluation: The realism of generated trajectories and actual 

trajectories is assessed by measuring their proximity to class-specific sample 

trajectories, while the accuracy of predicted trajectories is evaluated. 

3). Statistical evaluation: From the perspective of trajectory distribution, judge the 

similarity between the distribution of the generated trajectory dataset and the real 

trajectory set, and evaluate whether the TP model accurately reflects the essential 

characteristics of the real trajectory set. 

4). Physical evaluation: From the perspective of physical laws, evaluate the 

rationality of the predicted trajectory while considering the aircraft's performance, 

such as climbing ability. 

Mondoloni et al. [166] considered the evaluation framework from the TP role and 

impact perspective. They believed that only TP performance indicators that affect 

the higher-level system goals supported by TP are meaningful. TP is an important 

supporting component of DSTs, and its performance directly affects the 

performance of related DSTs. When DST is combined with other systems, the 

interoperability of TP, which is its essential support, also needs to be considered. 

On this basis, a set of TP performance evaluation indicators, including accuracy, 



109 

 

confidence, speed, stability, reliability, uniformity, and synchronization, is 

proposed, among which uniformity and synchronization are only required for the 

interoperability evaluation between TPs.  

1). Accuracy: The ability of a system to accurately predict future flight trajectories. 

Accuracy can be evaluated across multiple dimensions, such as vertical, lateral, 

longitudinal, and temporal aspects. 

2). Confidence: A high-confidence TP signifies a high probability of attaining the 

defined accuracy level. Distinct confidence values may apply to individual 

accuracy metrics. 

3). Speed: The speed of a TP is defined as the duration required to generate a 

prediction following a request. These measurements may vary depending on the 

request type. 

4). Stability: When the input conditions do not change, the results of multiple 

predictions remain consistent, and it is called a stable TP. 

5). Reliability: Reliability is the ability of the system to complete TPs under 

specified conditions and within a specified time. 

6). Uniformity: This metric is only applicable when considering interoperability. 

If the predictions of two trajectory predictors are consistent, they are defined as 

uniform. This property is similar to accuracy, and the comparison is made between 

predictors rather than between predictors and "true" data. 

7). Synchrony: This property is only applicable when studying interoperability. 

Two predictors are synchronized when the predictions are made at the same time. 

In addition, Schuster et al. [17] believe that the LAT is a crucial parameter of 

interest in TP. Ideally, the TP model should be able to accurately predict the 

aircraft's trajectory from the departure gate to the arrival gate in advance. This will 

maximize the benefits provided by TP by identifying conflicts before they occur, 

thereby achieving strategic optimization of air traffic capacity. At the same time, 

long-duration TP also supports short- and medium-duration conflict detection and 

resolution. 
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3.3.1.2 Basic evaluation indicators 

The above authors have studied the evaluation of TP systems from different 

aspects. The relevant research results are expressed differently, the content is the 

same, and they complement each other in detail. Some indicators have significant 

correlations, such as the uniformity indicator and accuracy, which are closely 

related. The synchronization indicator mainly depends on the control of driving 

time of different prediction methods and is related to the speed indicator. Based 

on the above research results, combined with the evaluation content of general 

information systems and based on the perspective of TP system users, the TP 

system evaluation framework should include the following aspects: 

1). System function: Describes the business areas and capabilities of the system 

service, such as take-off TP, terminal arrival TP, cruise TP, full route TP, TP 

considering multiple aircraft, etc. 

2). TP accuracy: Describes the accuracy of the predicted trajectory, usually 

expressed by multiple error indicators, such as mean absolute error (MAE), MSE, 

root mean square error (RMSE), mean absolute percentage error (MAPE) and 

time-of-overfly errors (TOE). For absolute errors, they should be expressed in 

units of commonly used physical quantities, such as spatial errors in nautical miles 

or meters, to facilitate user understanding. Accuracy usually has prerequisites, 

such as the prediction time span (the so-called LAT), so the prerequisites are 

crucial additional information for accurately describing the accuracy. 

3). Confidence of prediction results: Describe the credibility of each predicted 

trajectory point, which is generally expressed in the form of confidence interval, 

confidence ellipse, PDF, and Bayesian confidence. 

4). Response speed: Describes the speed of TP service, usually refers to the time 

required from receiving the TP service request to outputting the TP result. 

5). Stability: Describes the stability of the prediction result. The ability to maintain 

consistency in multiple prediction results when the input conditions remain 

unchanged or change slightly. 

6). Reliability: Describes the reliability of TP capability, manifested as the 

system's ability to complete TP within a specified time under specified conditions. 
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7). Input information requirements: Describe the input parameters required for TP, 

such as the type, number, and input parameter quality requirements. 

8). Environmental adaptability: Describes the operating environment that the 

system adapts to and the minimum requirements for the operating environment 

for regular operation. The adapted environment includes a cloud environment, 

distributed computing environment, etc. The minimum requirements for the 

operating environment include software, hardware, and network elements, such as 

the number and performance of processors, storage space requirements, etc. 

9). System architecture: Describes the software architecture form adopted by the 

system, such as C/S, B/S, or stand-alone form. 

10). User experience: Describes the convenience of using the system, such as 

system deployment, interface settings, user learning, and operation convenience. 

11). System maintainability: Describe the system's operating stability and its 

recovery capabilities when failures occur, such as mean repair time, mean time 

between failures, etc. 

The above are several factors that need to be considered when evaluating a TP 

system. For specific application backgrounds, the primary evaluation criteria 

should be to meet the expected application, add or refine relevant factors, and fully 

reflect the content of particular concerns in the application background. 

3.3.1.3 Machine learning evaluation metrics 

In TP methods based on ML, the evaluation metrics should account for the unique 

characteristics of these approaches compared to traditional physics-based models. 

Unlike physics-based models, which rely on precise operational mechanisms and 

universal applicability across similar scenarios, ML models extract hidden 

knowledge from historical data and apply it to predict unknown situations. Given 

this distinction, ML models are highly dependent on the quality and relevance of 

the training data, and the model trained on one scenario (e.g., a specific route or 

airport) may not easily generalize to others. Therefore, the evaluation metrics for 

ML-based TP methods should reflect these characteristics, and the following 

indicators are recommended: 

1). Sample data requirements 



112 

 

This metric evaluates the model's dependency on training data, including a). Data 

types: Specifies the data types required for model training, such as ADS-B data, 

meteorological data, or flight plans. b). Data volume: Describes the scale of data 

required for practical model training. c). Data quality: Assesses the quality 

standards of the input data (e.g., accuracy, completeness) and their impact on 

model performance. d). Data source: Identifies the origin of the training data and 

outlines the processes or methods used to transform raw data into a usable dataset 

for training. 

2). Training complexity 

This indicator assesses the difficulty of training the model, including a). Stability 

of training: Measures how stable the training process is and whether it converges 

consistently. b). Time requirements: Estimates the time required to train the model 

under different data and computing resource conditions. c). Computational 

resources: Evaluate the resource intensity of the training process, such as 

CPU/GPU usage and memory requirements. 

3). Route generalization ability 

This metric evaluates the model’s capacity to generalize beyond its training 

conditions: a). Transfer learning capability: This metric evaluates whether the 

model can utilize transfer learning to adapt knowledge from one route or airport 

to other routes or airports. b). Reinforcement learning capability: This metric 

assesses the model’s capacity to enhance and adapt its performance in novel 

scenarios via reinforcement learning. c). Cross-scenario application: Assesses 

how effectively model parameters learned in one scenario (e.g., a specific airport 

or route) can be applied to others and how well this transfer reduces the training 

time and enhances the performance for new scenarios. 

4). Loss curve characteristics 

The loss curve provides insights into the model’s training process: a). Loss 

function behavior: The shape and behavior of the loss curve during training, which 

indicates how well the model is learning. b). Optimization guidance: The loss 

curve can guide hyperparameter tuning for future applications, helping to select 

or adjust initial values in new scenarios. c). Overfitting/underfitting detection: 
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Provides an early indication of whether the model is overfitting or underfitting, 

allowing for adjustments in model complexity or data usage. 

5). Hyperparameter Tuning 

This metric evaluates the model’s capacity for optimizing hyperparameters: a). 

Automatic hyperparameter tuning: Determines whether the model can 

automatically adjust and optimize hyperparameters during training. b). 

Hyperparameter robustness: Assesses whether the hyperparameters are adaptable 

and provide strong generalization across different scenarios, ensuring the model 

remains effective without frequent manual tuning. 

These specialized evaluation metrics ensure that ML-based TP models are 

assessed on traditional performance criteria and how well they adapt to real-world 

complexities such as data dependency, scenario generalization, and model tuning. 

This structured approach holistically assesses the model’s strengths, weaknesses, 

and operational boundaries across diverse environmental conditions. 

3.3.2 TP accuracy evaluation 

3.3.2.1 Framework analysis 

TP accuracy serves as the primary performance metric, quantified by analyzing 

deviations between predicted trajectories and real-world aircraft trajectories. 

Spatial and temporal errors measure it. The spatial error can be divided into 

distance errors in the horizontal and height directions. Horizontal error can be 

disaggregated into two components: lateral (cross-track) error and longitudinal 

(along-track) error [12], [17], [92], [166], shown in Figure 3.4. 
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Figure 3.4 Horizontal error of the aircraft. 

During the implementation of ATM services, the trajectory accuracy impact in 

different directions on different stages and different services is not equally 

essential and unchanging, so it is necessary to subdivide the spatial error: 

1). Spatial error: This metric quantifies the three-dimensional Euclidean deviation 

between predicted and observed flight positions, providing a holistic assessment 

of positional accuracy. Used to indicate how accurate a forecast is. 

2). Horizontal error: This metric quantifies the horizontal deviation between 

predicted and actual flight positions, calculated as the Euclidean distance in the 

horizontal plane. The error is decomposed into across-track error (perpendicular 

to the planned flight path) and along-track error (parallel to the planned path), 

enabling targeted analysis of directional deviations. 

3). Cross-track error: Measures the position difference between a flight's predicted 

position and the flight's actual position, projected onto a vector perpendicular to 

the actual flight path for a specific event. Tools that use aircraft position forecasts 

for separation or load balancing rely on accurate position information. 

4). Along-track error: Measures the difference between a flight's predicted 

position and the flight's actual position, projected onto the actual flight path at the 

time of a specified event. Tools that use aircraft position forecasts for separation 
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or load balancing rely on accurate position information. 

5). Altitude error: This metric quantifies the vertical error (altitude discrepancy) 

between predicted and observed flight altitudes at a defined event. Aviation tools 

leveraging aircraft TPs for separation assurance, load balancing, or altitude 

clearance depend on precise altitude data to ensure safe and efficient airspace 

management. 

6). Temporal error: This metric calculates temporal deviations between forecasted 

and observed event timestamps (e.g., arrival/departure) along flight trajectories. 

ATM systems requiring time-synchronized operations (e.g., aircraft sequencing, 

airspace merging) critically depend on precise temporal predictions at designated 

waypoints. 

The key to TP accuracy assessment is error measurement. Given that 4D 

trajectories have spatiotemporal characteristics, trajectories are usually defined as 

discrete point samples representing time and position. Spatial error is generally 

generated by measuring the distance error between predicted and actual trajectory 

points that coincide in time (i.e., at the same moment). Temporal error is usually 

defined by measuring the difference in time attributes (the time interval between 

the aircraft passing through the point) between predicted and actual trajectory 

points that coincide in position (i.e., at the same location). It can be seen that the 

essence of error measurement is the process of determining the corresponding 

point pairs between the predicted and the actual trajectory. Since the sampling 

points of the predicted and actual trajectory may not be at the same time and 

position, interpolation between points is required for comparison, which may 

introduce interpolation errors and further lead to errors in TP accuracy assessment.  

There are many methods for measuring the error between trajectory points. 

Various methods have different adaptability to different situations (such as 

straight and turning segments), and different methods will also lead to different 

calculation results. Therefore, the appropriate error measurement method should 

be selected for specific application scenarios. Standard trajectory error 

measurement methods include co-temporal, co-spatial, and nearest point methods, 

which determine the corresponding points between the predicted and actual 

trajectory [15], [167].  
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1). The synchronous error measurement method, as shown in Figure 3.5, usually 

uses the time interpolation method to simultaneously calculate the position of the 

predicted and actual trajectory. Vertical/horizontal deviations are quantified and 

divided into cross-track (perpendicular to the path) and along-track (parallel to the 

path) components. These components may be derived from observed or forecasted 

trajectories, computed along the path's curvature, or mapped onto local tangent 

planes at interpolated points. This synchronized approach ensures accurate 3D 

positional error analysis. In our study, we primarily used this error calculation 

method. 

 

Figure 3.5 The synchronous error measurement. 

2). The spatial error measurement method (Figure 3.6) aligns observed and 

predicted positions at shared geographic reference points (e.g., waypoints). By 

propagating both trajectories equidistantly from these anchor points, temporal, 

vertical, cross-track, and along-track deviations are computed. This approach 

enables integrated spatiotemporal error analysis. 

 

Figure 3.6 The common space error measurement method. 

3). The closest point error measurement method, as shown in Figure 3.7, calculates 

the closest point between the actual trajectory point and the point on the 

interpolated predicted trajectory and regards it as the corresponding point. The 
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difference between these points in height, time, and cross-track can be calculated, 

but the along-track component cannot be strictly defined. This method can be used 

to estimate time and space errors. 

 

Figure 3.7 The closest point error measurement method. 

3.3.2.2 Calculation method 

Combined with the specific application scenarios and requirements of TP, the 

horizontal error and its component errors (cross error and along-course error), 

altitude error, and time error, which are indicators describing TP accuracy, can be 

characterized by their statistical properties in the form of maximum value, average 

value, standard deviation, RMS and 𝑁𝑡ℎ  percentile. The quantification of TP 

accuracy first requires the definition of the meaning of prediction accuracy and a 

detailed description of the operating environment and conditions for accuracy 

measurement, such as the variation of accuracy as a complex function of the 

forward-looking time span, which is an additional condition that must be stated 

when describing TP accuracy. All spatial error indicators will rely on the 

definition of distance. Although there are many definitions of trajectory spatial 

distance, such as Euclidean, Hausdorff, Frechet, warp distance, and distance based 

entirely on trajectory shape [104], the Euclidean distance is still the most widely 

used and basic one for TP accuracy. The commonly used TP accuracy evaluation 

indicators and their definitions are as follows [73], [87], [108], [168]: 

1). Mean deviation error (MDE) / MAE 

𝑀𝐷𝐸 =
1

𝑛
∑ |𝑦̂𝑖 − 𝑦𝑖|
𝑛
𝑖=1                                        (16) 

where 𝑦̂𝑖  is the predicted value, 𝑦𝑖  is the actual value, 𝑛 is the number of data 

points. 

2). Euclidean error (EE) 
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𝐸𝐸 = √(𝑥𝑖 − 𝑥̂𝑖)
2 + (𝑦𝑖 − 𝑦̂𝑖)

2 + (𝑧𝑖 − 𝑧̂𝑖)
2                    (17) 

where 𝑥𝑖, 𝑦𝑖, 𝑧𝑖 are the actual spatial coordinates, and 𝑥̂𝑖, 𝑦̂𝑖, 𝑧̂𝑖 are the predicted 

coordinates. 

3). MSE 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦̂𝑖 − 𝑦𝑖)

2𝑛
𝑖=1                                 (18) 

where 𝑦̂𝑖  represents the predicted value, 𝑦𝑖  stands for the actual value, 𝑛 is the 

number of data points. 

 

4). RMSE 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦̂𝑖 − 𝑦𝑖)2
𝑛
𝑖=1                                   (19) 

 

5). MAE 

MAE = max⁡(|𝑦̂1 − 𝑦1||𝑦̂2 − 𝑦2|, … , |𝑦̂𝑛 − 𝑦𝑛|)           (20) 

 

6). MAPE 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
|𝑛

𝑖=1 × 100%                            (21) 

where  𝑦𝑖 ≠ 0, to avoid division by zero. 

 

3.4 Deep learning TP model 

The core of TP is the TP model. Other software modules of the TP system exist to 

ensure the regular operation of the TP model and to give full play to its service 

capabilities. 

3.4.1 Typical structural model 

With the deepening of research, at present, the TP model based on ML is usually 
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a hybrid model, which is generated by combining two or more neural networks 

and/or traditional ML basic models to fully develop the advantages of each basic 

model, achieve complementary advantages, and effectively improve the 

comprehensive ability of TP. The combination of basic models reflects a certain 

regularity. Standard aircraft TP hybrid models can be summarized as GAN 

framework, RNN + CNN, Attention + RNN, clustering algorithm +, and other 

modes [16]. These modes can flexibly add related components in practical 

applications, such as dense layers, Dropout regularization measures, etc. 

According to task requirements, more complex TP models can also be constructed. 

It can combine ML networks such as RNN, CNN, Attention and clustering 

algorithms, and even models based on the GAN framework, RNN + CNN, 

Attention + RNN, clustering algorithm + pattern formation to build new complex 

models. 

3.4.1.1 The framework mode of generative adversarial networks 

Since GAN supports unsupervised training, it avoids the time-consuming and 

laborious work of producing many sample labels and is widely used in many fields. 

GAN is also a commonly used deep learning model for aircraft TP [16]. TP can 

be performed based on this model and can also be regarded as a framework for 

generative adversarial training strategies. Each network can be any neural network. 

CNN, RNN, Attention, and clustering algorithms, as well as their learning models 

and algorithms, can be integrated into it to build an aircraft TP model. 

Figure 3.8 shows the application model based on the GAN framework in aircraft 

TP. The generator and discriminator have different functions and goals, and the 

network structures they use are also different. The sample data contains historical 

trajectories, planned routes, weather, and other information. Historical trajectories 

are often used as actual trajectories [21], [81]. 
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Figure 3.8 The framework mode of generative adversarial networks. 

3.4.1.2 The framework mode combining convolutional neural networks and 

recurrent neural networks 

CNNs utilize localized connectivity and parameter sharing to minimize model 

complexity, enhance computational performance, and simplify training processes. 

Their translation-invariant nature allows robust extraction of spatially invariant 

patterns. In contrast, RNNs process sequential data through cyclic connections 

that retain temporal state information, enabling effective modeling of long-range 

dependencies by unfolding time steps into feedforward-like layers. The spatial 

attributes of trajectory data align with CNN’s feature extraction capabilities, while 

its temporal dynamics match RNN’s sequential modeling strengths. A hybrid 

CNN-RNN architecture has become prevalent in aircraft TP, where CNNs first 

extract spatial and weather-related features, followed by RNNs capturing temporal 

patterns. The integrated features are then processed through dense layers to 

generate trajectory forecasts. [14], [87], [88], [90], [92], [93].  

Weather data can be divided into two modes depending on whether it is used. 

Figure 3.9 shows the mode of using weather and historical trajectory data to train 

the model. CNN first extracts weather feature data from the weather cube, 

concatenates the weather feature data with the trajectory data based on the 

trajectory point, and then inputs it into the RNN, and finally generates the 

predicted trajectory through the output layer. 
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Figure 3.9 The framework mode combining convolutional neural networks and 

recurrent neural networks (using weather data and trajectory data). 

Figure 3.10 is a model without using weather data. CNN is used to dig out the 

spatial features of historical trajectory data, which is then input into RNN to obtain 

the trajectory time series features. Then, the predicted trajectory is generated 

through the output layer. 

 

Figure 3.10 The framework mode combining convolutional neural networks and 

recurrent neural networks (using only trajectory data). 

3.4.1.3 The framework mode combining Attention mechanism and recurrent 

neural networks 

The Attention mechanism enables models to dynamically prioritize specific 

segments of input sequences during information processing, enhancing both 

predictive accuracy and interpretability Soft Attention, Hard Attention, Multi-

head Attention, SA, etc. are common variants. Although RNN can effectively 

extract the long-term correlation of sequences, it is still insufficient in capturing 

long-term global features. In aircraft TP, Attention is often used in combination 

with RNN to determine the different roles of each trajectory point of the aircraft 

trajectory, assign different weights, and determine the dynamic impact of different 

trajectory points on the current trajectory point, making up for the shortcomings 

of RNN in capturing long-term global features and improving TP accuracy [87], 

[88], [105]. Its commonly used combined architecture is shown in Figure 3.11 
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Attention follows the RNN to determine the dynamic impact of different trajectory 

points on the current trajectory point and generates a predicted trajectory through 

the output layer. 

 

Figure 3.11 The framework mode combining Attention mechanism and recurrent 

neural networks. 

3.4.1.4 The framework mode combining clustering 

Clustering techniques, as unsupervised machine learning approaches, organize 

unlabeled datasets into distinct groups (clusters) by maximizing intra-cluster 

similarity while minimizing inter-cluster resemblance. In contrast, data points in 

different clusters have low similarity. K-means, K-medoids, and DBSCAN are 

specific algorithms commonly used in aircraft TP. Clustering can simplify the 

characteristics of each group or cluster, facilitate model training, and improve the 

accuracy of TP, especially for data generation models commonly used in TP (such 

as GAN), which capture the potential structure and characteristics of data through 

hidden variables. Clustering grouping helps to reduce the complexity of the multi-

peak distribution of hidden variables, effectively alleviates the phenomenon of 

mode collapse, and improves the generation quality and stability of the model. 

The application mode of the clustering algorithm in TP is clustering first and then 

training, as shown in Figure 3.12; that is, first cluster the sample data and then 

train the model for each category to determine the best model parameters for each 

category. During inference, TP requires an initial cluster assignment to activate 

the corresponding cluster-specific predictor [11], [13], [88], [98], [99]. 
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Figure 3.12 The framework mode combining clustering. 

3.4.2 Model parameter determination method 

The essence of ML is to let the computer automatically find an optimal function 

from a set of functions to approximate the true mapping relationship between each 

sample feature vector and the label (or output). The function set is equivalent to 

the structure of the ML model. The optimal function is a specific function that can 

reflect the true mapping relationship. It is uniquely determined from the function 

set through appropriate parameters. "Automatic search" means that it is completed 

through the learning algorithm. ML models involve two types of parameters: 

parameters and hyperparameters. Parameters are model components and can be 

automatically updated through optimization algorithms during model training. 

Hyperparameters are parameters used to define model structure and optimization 

strategies. Manual settings or some search methods mainly determine them. 

3.4.2.1 Hyperparameter determination 

Hyperparameters are parameters that need to be set in advance during the training 

process of ML algorithms. These parameters are not updated or learned through 

training data but are set manually by developers or determined through some 

search method before training begins. The setting of hyperparameters affects the 

model's training process and final performance. 

(1) Hyperparameter content 

Common hyperparameters include: 

1). Learning rate: This critical hyperparameter regulates the magnitude of 

adjustments made to model weights during training iterations, directly influencing 

convergence speed and stability in gradient-based optimization processes. 

2). Batch size: This configuration parameter specifies the quantity of input 
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examples processed during a single optimization step, directly affecting memory 

usage and gradient estimation stability. 

3). Epochs: This configuration parameter defines how many complete passes the 

algorithm makes over the training dataset during optimization, directly impacting 

learning thoroughness and convergence stability. 

4). Network structure parameters: These architectural hyperparameters define the 

network's structural configuration, including its depth (layer count), node density 

per layer, and activation operations, collectively shaping model complexity and 

hierarchical feature learning capabilities. 

5). Regularization parameters:  Such as the L1 or L2 regularization coefficient, 

are used to prevent overfitting. 

6). Optimizer parameters: Momentum, Adam optimizer's beta value, etc. 

(2) Hyperparameter tuning 

Correctly selecting and adjusting hyperparameters can significantly improve 

model performance and generalization, preventing overfitting or underfitting. For 

example, a learning rate that is too high may cause the model to fail to converge, 

while a learning rate that is too low could result in excessively long training times. 

Similarly, too many hidden layers may lead to overfitting, while too few layers 

may prevent the model from capturing complex data patterns. In practice, 

hyperparameter tuning is a time-consuming and computationally intensive task. 

High-performance ML models can be trained through iterative experimentation 

and tuning combined with data-driven parameter optimization. Standard 

hyperparameter tuning methods include: 

1). Grid search: This optimization technique performs a systematic evaluation of 

the entire hyperparameter space by testing every possible parameter combination 

within predefined ranges, prioritizing search completeness over computational 

efficiency to identify the highest-performing configuration. It is suitable when the 

number of hyperparameters is relatively tiny. 

2). Random search: Randomly selects combinations of hyperparameters for 

evaluation. This approach demonstrates superior computational efficiency 
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compared to exhaustive parameter exploration methods, particularly within high-

dimensional parameter configurations. 

3). Bayesian optimization: This method uses Bayesian inference to construct a 

probabilistic model to select the optimal combination of hyperparameters. 

4). Cross-validation: This technique assesses hyperparameter configurations by 

iteratively partitioning the dataset into complementary subsets under systematic 

rotation protocols. Integrated with optimization strategies like grid or random 

search, it identifies optimal configurations through repeated validation on rotated 

data splits, enhancing the generalization capability evaluation. 

5). Loss visualization: A graphical method to display the change in the loss 

function during training, helping to determine and adjust hyperparameters. By 

plotting the loss curve, one can intuitively see how the loss on the training and 

validation sets changes over time. The model enters an overfitting state when the 

training loss decreases, but the validation loss rises. When both training and 

validation losses are high and show no significant decrease, the model is 

underfitting. Loss visualization helps to understand the dynamics of model 

training, detect possible overfitting or underfitting, and adjust hyperparameters to 

optimize model performance. 

3.4.2.2 Parameter optimization 

Parameters are numerical values learned from data during model training. They 

directly affect the model's predictive power. In neural networks, parameters 

include weights and biases. The model minimizes the loss function by optimizing 

these parameters to produce accurate outputs given inputs. The parameter 

optimization process of the deep learning TP model is shown in Figure 3.13.  
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Figure 3.13 TP model parameter optimization process based on deep learning. 

Parameter optimization is achieved through optimization algorithms. They are 

used to minimize or maximize the objective function and promote the model's 

performance by adjusting the model parameters. Commonly used parameter 

optimization algorithms include: 

1). GD (gradient descent) 

This includes batch GD, stochastic gradient descent (SGD), and mini-batch GD. 

a). Batch GD uses the entire training set to calculate the gradient each time. b). 

SGD uses one training sample to calculate the gradient each time. c). Mini-batch 

GD uses a small batch of training samples to calculate the gradient each time. 

2). Momentum method 

Add momentum term to GD to accelerate convergence. 

3). Adaptive learning rate method 

Mainly including AdaGrad, RMSprop, Adam, AdaDelta and Nadam, etc. These 

adaptive learning rate methods have their advantages and disadvantages in 

different application scenarios. Choosing the appropriate method can significantly 

promote the efficiency and effect of model training. 

3.5 Chapter summary 

This chapter studies the technical characteristics of a deep learning-based TP 

system from the perspective of business operations and applications, specifically 
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addressing the following aspects: 

1). Proposed composition of the deep learning-based TP system 

Considering general information system components, the architecture of the TBO-

based general TP model, and the integration needs of ML TP models, this chapter 

proposes a TP system composed of crucial business processing units such as data 

preprocessing, data updating, prediction result output, trajectory unit calculation 

(TP model), and trajectory integration and fusion. Additionally, auxiliary system 

units such as scheduling control, data management, and input data reading are 

included. A framework for the integrated application of TP models is presented. 

From the perspective of shared application, the chapter outlines the essential 

descriptive information needed to characterize ML TP model software units 

accurately. 

2). Proposed construction and application process of the deep learning-based TP 

system 

The process includes essential stages such as requirement analysis, system design, 

programming implementation, model training and validation, system testing and 

evaluation, and deployment and application. Model training and validation are 

unique stages specific to ML-based TP systems. 

3). Proposed evaluation metric system for deep learning-based TP systems 

Based on an analysis of related research findings, this chapter proposes a basic 

evaluation metric system composed of elements such as system functionality, TP 

accuracy, confidence in prediction results, response speed, stability, reliability, 

input information requirements, environmental adaptability, system architecture, 

user experience, and system maintainability. Particular emphasis is placed on 

metrics specific to ML-based TP methods. For TP accuracy, a core element, 

commonly used evaluation metrics, and their calculation methods are proposed. 

4). Proposed typical structure patterns and parameter determination methods for 

deep learning-based TP models 

TP often uses hybrid models of multiple typical ML models to enhance prediction 

performance. Based on an analysis of hybrid models, this chapter proposes typical 
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structural patterns such as the GAN framework, RNN+CNN, Attention+RNN, and 

clustering algorithms. Additionally, methods for determining and optimizing the 

parameters and hyperparameters of deep learning-based TP models are introduced. 
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Chapter 4.  

Aircraft trajectory prediction based 

on conditional tabular generative 

adversarial networks 

The basic TP model is the basis for forming a hybrid model, and it largely 

determines the characteristics and quality of the TP method. As a new 

achievement of the GAN architecture, CTGAN has many outstanding features that 

can be used for TP. Based on the analysis of the characteristics and its relationship 

with aircraft TP, this chapter designs an aircraft TP method based on the improved 

CTGAN. It conducts comparative experiments with typical deep learning models 

such as LSTM and GAN. The results show that the improved CTGAN is a basic 

model suitable for 4D aircraft TP and has good application potential. 

4.1 Research background 

Aircraft TP is the process of using a trajectory model to predict the future flight 

status of an aircraft. Its core is to establish a trajectory model that can accurately 

reflect the comprehensive influence of various factors, such as flight intention, 

environmental conditions, aircraft performance, flight rules, and procedures [169]. 

TP involves many deterministic and uncertain factors, making it challenging to 

construct a trajectory model accurately. Because of the importance of TP, experts 

and scholars have long been committed to the work to improve the accuracy and 

reliability of TP. Various TP methods have been proposed such as estimation 

methods, kinetic methods, and ML methods.  

The estimation and kinetic methods are considered traditional approaches that 

have been widely used in the ATM field. The estimation method primarily 

establishes motion equations based on parameters such as the aircraft's position, 

velocity, and acceleration. This allows for TP based on the aircraft's current state. 
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This method is relatively simple, and large aircraft typically have tiny variations 

in motion parameters. Therefore, it exhibits good short-term predictive 

performance and is commonly used in short-term (several minutes or less) TP 

scenarios. Its main drawback is that prediction errors increase rapidly with longer 

prediction time spans. The kinetic method builds a TP model based on 

aerodynamic principles. Modeling requires consideration of various factors, 

including aircraft performance, aircraft state, environmental conditions, and 

aircraft intent. This involves a large number of parameters. Some parameters may 

be commercially sensitive and not easily accessible. Additionally, specific 

parameters exhibit dynamic characteristics, continuously changing during flight, 

making accurate estimation challenging. To simplify the model, assumptions are 

often necessary. The uncertainty associated with a large amount of input 

parameter data introduces a more significant delay in TP, affecting its accuracy 

and reliability.  

ML methods have some unique advantages not present in traditional modeling 

approaches. They can extract trajectory features, identify hidden patterns, and 

implement TP from historical trajectory data without prior knowledge or 

assumptions. This has become a new research direction [16]. In this thesis, prior 

knowledge refers to the relevant factors that need to be understood before 

conducting TP, such as aircraft performance, aircraft state, environmental 

conditions, and aircraft intent. It also encompasses their specific impact on flight 

trajectories. This knowledge supports the construction of mathematical models 

and other aspects of analysis. LSTM neural networks can effectively capture the 

long-term correlation of a sequence, which is consistent with the temporal 

characteristics of the trajectory data. They are the most commonly used neural 

network for short-term TP [67-70]. Although the LSTM model has an excellent 

time series memorization ability, its prediction ability is still be limited by the 

chaotic phenomenon in the TP process [150]. As the predicted period becomes 

longer, the output probability density of the predicted trajectory position gradually 

becomes uniform. This phenomenon caused by flight uncertainty makes it difficult 

for most LSTM models to support TP over a longer time span, such as medium- 

and long-term TP. 
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Recently, a GAN, as the latest neural network technique, has been widely used in 

various fields and has achieved remarkable results, such as image generation [170], 

data generation [171], image resolution enhancement [172], trajectory synthesis 

[173], framework design [174] and other fields. A GAN can learn the data 

distribution from the competition between a generator and discriminator and find 

the characteristics of the dataset without a priori knowledge or assumptions. 

The outstanding features and performance of GANs have been explored in their 

application in aircraft TP, aiming to address some of the limitations of LSTM-

based algorithms. Jarry et al. [82] used a traditional GAN to model a trajectory 

based on the take-off and landing data of aircraft near an airport. They proved that 

the trajectory generated by a GAN is consistent with the actual flight trajectory 

and can be used for aircraft TP. Pang and Liu [80] used CGANs to predict flight 

trajectories using weather as a conditional parameter. Their research mainly 

predicts 2D (longitude, latitude) trajectories. In the most recent research, Wu et al. 

[21] converted aircraft time series data into RGB images and then used an image-

based GAN for 4D TP. The study significantly increased the amount of calculation 

due to converting aviation data into images. To ensure the calculation efficiency, 

each prediction only selects a small number of (200 in the study) 4D trajectory 

points from one route as input, which cannot fully express the subtle trajectory 

characteristics. The studies above based on GANs demonstrate the feasibility of 

applying this technology to aircraft TP. However, it's worth noting that these 

studies are still preliminary, and further exploration is needed. 

4.2 Features analysis of CTGANs 

CTGAN is a deep learning network proposed for the characteristics of tabular data 

and is the latest development in the GAN family [128]. Although GAN has the 

potential to simulate arbitrary distributions, for tabular data, due to several unique 

properties of tabular data, including non-Gaussian distribution of continuous 

columns, unbalanced distribution of discrete columns, and mixture of discrete and 

continuous columns, GAN-based models cannot outperform simple statistical 

methods. CTGAN improves GAN's tabular data processing performance by 

introducing several technical methods, including strengthening the training 
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process with reversible data transformation and architecture changes and solving 

the data imbalance problem by using conditional generators. 

CTGAN directly uses tabular data as input and organizes the sample data into a 

large table, where each row is randomly sampled as an independent unit. CTGAN 

can solve many problems of single-table non-sequential data well, including: 

1). Mixed data types. Tabular data in real-world applications typically comprises 

mixed data types (e.g., continuous, ordinal, categorical), and is further 

complicated by the presence of complex, inter-column correlations. 

2). Non-Gaussian distribution: Pixel values follow a Gaussian-like distribution in 

illuminated images. Continuous variables in tabular data are usually non-Gaussian 

and have a long-tailed distribution. 

3). Multimodal distribution: Ordinary GAN cannot model all the modes on a 

simple 2D dataset, so it cannot model the multimodal distribution of continuous 

columns. Suppose the generator finds a realistic example and tries to repeat it 

every time. In that case, ordinary GAN only makes a real/fake decision on one 

example, and the discriminator does not have enough information to determine 

the problem. 

4). Learning from sparse one-hot vectors: To handle non-sequential categorical 

columns, they are typically encoded as one-hot vectors. During generation, the 

model outputs a probability distribution over categories using the softmax 

function. However, this approach poses a challenge in GANs, as a discriminator 

can easily exploit the sparsity difference—real data exhibit perfectly sparse one-

hot vectors, while generated samples produce smoother probability 

distributions—to distinguish real from fake, bypassing the need to assess the 

holistic authenticity of the row. 

5). Highly imbalanced categorical columns: Most categorical columns have highly 

imbalanced distributions in real-world datasets. 

6). High dimensionality: The high dimensionality of tabular data increases the 

complexity exponentially. 

Compared to GANs, CTGAN allows the model to better learn the distribution of 
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tabular data by introducing mode-specific normalization and training-by-sampling 

mechanisms. 

Mode-specific normalization is a mechanism used in CTGAN to handle the 

relationship between continuous features and categorical features. Continuous 

features (numerical features) in tabular data are often associated with categorical 

features (discrete features), such as age (continuous feature) and occupation 

(categorical feature). Numerical features of different categories may have 

different distributions, such as the age distribution of different occupations is 

different. In CTGAN, to better capture the distribution of continuous features 

under different category features, the model normalizes the continuous features of 

each category separately, that is, the continuous features in each category are 

normalized using the specific mean and variance in the category. This makes it 

easier for the model to learn the particular distribution pattern of continuous 

features for each category, thereby avoiding confusion caused by the difference in 

distribution between categories. 

Training-by-sampling is a mechanism used to solve the class imbalance problem 

during training, especially for scenarios where the class distribution in tabular data 

is severely imbalanced. In real-world tabular data, different class features may be 

distributed very unevenly, for example, the number of samples in some categories 

is much larger than in others. In CTGAN, to solve this class imbalance problem, 

the model samples rare classes more frequently during training to ensure that the 

model can learn enough patterns from these minority classes. Training-by-

sampling adjusts the sampling frequency according to the number of samples in 

each class. For minority classes, the probability of sampling will increase 

accordingly so that the features of these classes can be fully learned during training. 

In summary, mode-specific normalization helps the model handle feature 

distribution issues, including mixed data types, non-Gaussian, and multi-mode 

distribution. Training-by-sampling solves the problem of class imbalance. 

The architecture of CTGAN can be simplified, as shown in Figure 4.1. 
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Figure 4.1 Simplified architecture for CTGANs. 

Recently, Afonja et al. [175], based on the marginal distribution, column pair 

correlation, joint distribution, and downstream task utility performance analysis 

and evaluation from high sample to low sample state, to address the shortcomings 

of CTGAN in the case of low sample number, the method of adding decorrelated 

edge feature matching was adopted to improve the downstream utility and 

synthetic data statistical property performance of CTGAN. 

Many studies in multiple fields, such as privacy protection, network intrusion, 

fault diagnosis, etc., have preliminarily confirmed the excellent performance of 

CTGAN [177-181]. It has achieved higher stability and model training efficiency 

while improving classification accuracy [181]. Given that aircraft TP involves 

sample data suitable for tabular representation, non-Gaussian distribution of data, 

and an unbalanced distribution of sample data, which is consistent with several 

advantages of CTGAN, the application of CTGAN in the field of aircraft TP is 

worth exploring. 

4.3 TP method based on CTGANs 

Regarding data representation, aircraft TP primarily utilizes two data types: 

secondary radar surveillance data and Automatic Dependent Surveillance–

Broadcast (ADS-B) data. Among them, ADS-B data is expected to become the 

mainstream and future trend in civil aviation [182]. ADS-B data is typically stored 

in ASTERIX Category 021 format. It organizes received aircraft broadcast 

messages chronologically, with each message as a unit. Each message includes 
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crucial information such as aircraft identification, transmission time, longitude, 

latitude, altitude, heading, ground speed, and data quality. Additional information, 

such as indicated airspeed, wind speed, wind direction, and air temperature, may 

also be included. This data can be easily transformed into tabular form, with each 

data point corresponding to a row in the table. Regarding data distribution, each 

flight trajectory has spatial positions different from other routes. Even for flights 

on the same route, the spatial positions of the trajectory points are not the same. 

ADS-B data lack symmetry and do not conform to Gaussian distribution 

characteristics. In terms of sample data composition, samples of aircraft trajectory 

data under extreme weather conditions are scarce, and they are not proportional to 

the number of samples under typical meteorological conditions. This leads to an 

imbalanced distribution of sample data, which can be easily overlooked during 

ML model training. Furthermore, uncertain factors such as space weather and 

route congestion influence actual aircraft flight trajectories. To accurately predict 

trajectories, these uncertain factors need to be considered, and the "C" (conditional) 

in CTGAN is suitable for expressing these uncertainties. 

The correlation between the advantages of CTGAN and the characteristics of 

aircraft TP is shown in Figure 4.1. The advantages of CTGAN in supporting 

tabular data, mixed data types, non-Gaussian distribution, multi-modal 

distribution, and highly unbalanced distribution match the characteristics of 

aircraft TP, which are important issues that must be faced in aircraft TP. It can be 

seen that CTGAN may become a suitable machine-learning method for aircraft 

TP. 

Table 4.1 Correlation between CTGAN advantages and aircraft TP 

characteristics. 

CTGAN 

advantages 
Aircraft TP features Relevance 

Mixed data 

types 

TP sample data may include discrete and 

continuous data types: 1). Discrete data, such as 

flight code, aircraft type, airline branch, etc.; 2). 

Continuous data, such as the location coordinates 

of trajectory points and the time elapsed, etc. 

Direct 

support 
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Non-

Gaussian 

distribution 

The TP sample data is non-Gaussian distribution 

data. 1). Symmetry: the aircraft trajectory is 

linear, and its shape is mainly determined by the 

location of the take-off and target airports and the 

geographical environment along the way. There is 

no symmetry in the position of the trajectory 

points; 2). Concentration: the trajectory points are 

relatively evenly distributed along the route, and 

no concentration exists. 

Direct 

support 

Multi-mode 

distribution 

There are many types of trajectories in TP sample 

data. Due to different aircraft models, airline 

flight strategies, and environmental conditions in 

different seasons and periods, the same route 

historical trajectory has different trajectory 

patterns, and the aircraft trajectory is distributed 

in multiple modes. 

Direct 

support 

Sparse One-

hot vectors 

Some dimensions of the feature vector in the TP 

sample data can be expressed in the form of 

classification and grading, such as using graded 

cloud, rain, fog, and wind factors to express the 

meteorological environment, but these categories 

may appear at the same time, and the sparsity 

characteristics of the TP feature vector are not 

obvious. 

Not much 

demand 

High 

imbalance 

Some dimensions of the feature vector in the TP 

sample data can be expressed by classification 

and grading, such as using graded clouds, rain, 

fog, and wind factors to express the 

meteorological environment. Still, these 

categories may appear simultaneously, and the 

sparsity characteristics of the TP feature vector 

are not prominent. 

Direct 

support 

High The dimension of TP sample data is not high. Not much 
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dimension Although the aircraft TP feature vector may 

include information such as airline, aircraft type, 

flight season and time, airport environment, 

meteorological environment, trajectory point 

location, elapsed time, ground speed, and 

heading, the dimension is usually insignificant. 

demand 

 

Figure 4.2 shows the overall framework of the proposed 4D aircraft TP method, 

which includes three major parts, i.e. the improvement of the CTGAN framework, 

the design of model evaluation metrics, and 4D aircraft TP. The 4D aircraft TP 

consists of data preparation, normalization of flight time parameters, model 

training and TP generation.  

 

Figure 4.2 The overall framework of the 4D aircraft TP approach based on an 

improved CTGAN architecture. 

4.3.1 Improvements for CTGANs 

We made two key improvements to the original CTGAN architecture to 

accommodate the ADS-B data characteristics. The first improvement focuses on 

the CTGAN sampling category, replacing the logarithmic frequency with the 

actual data frequency. Given that the original CTGAN is primarily designed for 
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data augmentation, it requires a deliberate effort to expand the proportion of less-

represented categories when generating data. This is done to maintain diversity in 

the augmented data types, often achieved through logarithmic frequency sampling. 

However, using the ADS-B dataset, there is no need to alter the proportion of data 

categories for TP tasks. Logarithmic frequency sampling in this context will make 

the generator oversample rare types unrealistically, significantly impacting model 

convergence [183]. The second improvement involves replacing the original 

CTGAN's one-hot encoding with leave-one-out encoding. For 4D aircraft TP, the 

ADS-B parameters we input are all continuous parameters. There is no need to 

use a condition class label for classification in the CTGAN framework. Compared 

with leave-one-out encoding, the one-hot encoding adds many dimensions to the 

dataset but does not provide much information. These dimensions can lead to very 

sparse results from the generator, making it challenging to optimize, especially for 

neural networks. What is worse is that each pair of information-sparse columns 

has a linear relationship between them. This linear relationship means that one 

variable can be easily predicted using other variables, resulting in problems of 

parallelism and multicollinearity in high-dimensional cases. Instead, we use 

randomly generated noise as input to increase data augmentation. Thereby it can 

improve the operating efficiency of the entire framework. It should be noted that 

when the input ADS-B data contains categorical data (such as aircraft type, ICAO 

code, etc.), it is better to choose one-hot encoding instead. Figure 4.3 shows the 

improved CTGAN architecture, where we determine the hyperparameters through 

multiple experiments. 
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Figure 4.3 Improved CTGAN architecture for ADS-B data. 

The new CTGAN architecture includes two networks, a generator network and a 

discriminator network. In the generator network, we normalize each column of the 

ADS-B data using a variational Gaussian mixture (VGM) model. This vector will 

be used as an input with randomly generated noise for data augmentation. The first 

hidden layer is a fully connected layer with 256 nodes. Here, we carry out a linear 

transformation process of vector with noise. We also apply batch normalization to 

the rectified linear unit (ReLU) activation function of this layer and set it to 750 

[184]. The second hidden layer is also a fully connected layer with 512 output 

nodes. We use the same linear transformation process. The last layer converts 

neurons from 512 dimensions to 1 output neuron. In the Gumbel Softmax 

activation function [185], we set the vector alpha to 0.2. In this way, the generator 

network is interpreted as Equation (22): 
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{
  
 

  
 

ℎ0 = 𝑧⨁𝐶⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡

ℎ1 = ℎ0⨁ReLU(BN(FC|𝐶|+|𝑧|→256(ℎ0)))⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡

ℎ2 = ℎ1⨁ReLU(BN(FC|𝐶|+|𝑧|+256→256(ℎ1)))⁡⁡⁡⁡⁡⁡⁡⁡

𝛼̂𝑖 = tanh(FC|𝐶|+|𝑧|+512→1(ℎ2)) ⁡⁡⁡⁡⁡⁡⁡⁡⁡1 ≤ 𝑖 ≤ 𝑁𝑐

𝛽̂𝑖 = gumbel0.2(FC|𝐶|+|𝑧|+512→𝑚𝑖
(ℎ2))⁡⁡⁡⁡1 ≤ 𝑖 ≤ 𝑁𝑐

                (22) 

where ⊕ represents the concatenate vectors; 𝐶 stands for the normalized input 

vector; 𝑚𝑖 is the mask vector; 𝑧 is random noise; FC𝑢→𝑣(𝑥) represents applying a 

linear transformation on a u-dimensional input to obtain a v-dimensional output; 

and gumbel𝜏(𝑥) stands for applying the Gumbel Softmax activation function with 

parameter 𝜏  to a vector 𝑥 . BN , tanh , and ReLU  functions are used for batch 

normalization. 

In the discriminator network, we use a PacGAN framework [186] with 10 samples 

in each Pac to avoid model loss. In the first hidden layer, the input dimensions are 

linearly transformed into fully connected layers to produce 256 dimensions at the 

output. We apply a leaky ReLU activation function with a parameter of 0.2 and 

utilize a dropout function [187] with a parameter of 0.3 on each input layer. In the 

second hidden layer, the same linear transformation is also performed in the fully 

connected layer to produce 256 dimensions at the output. The leaky ReLU 

activation function is set to 0.2 together with a dropout function of 0.3 on each 

input layer. Starting from the second hidden layer with 256 dimensions, a WGAN 

is used with a penalty on the gradient [188] for linear transformation and we adapte 

the Adam optimization with a learning rate of 1 ∙ 10−6  to produce 1 output 

dimension. Thus, the discriminator network is interpreted as follows: 

{
 
 

 
 

ℎ0 = 𝑟1⨁. .⨁𝑟10⨁𝐶1⨁. .⨁𝐶10⁡⁡⁡⁡⁡⁡⁡⁡
ℎ1 = drop(leaky0.2(FC10|𝑟|+10|𝐶|→256(ℎ0)))⁡

ℎ2 = drop (leaky0.2(FC256→256(ℎ1)))⁡⁡⁡⁡⁡⁡⁡⁡

𝐶(∙) = FC256→1(ℎ2)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡

                     (23) 

where drop indicates the dropout; leaky𝛾(𝑥) represents applying a leaky ReLU 

activation on 𝑥 with leaky ratio 𝛾; 𝐶(∙) stands for the critic (with 10 samples) in 

discriminator. 

The project description is shown as follows: 
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The project involves the implementation of an improved CTGAN architecture for 

flight TP. The CTGAN is a type of GAN explicitly designed for tabular data. This 

project aims to train a GAN on given tabular ADS-B data to generate synthetic 

samples that closely resemble the statistical properties of the original ADS-B data 

to do the flight TP. The key components include: 

1). Data transformation: The project employs a transformer to normalize the 

training ADS-B data. 

2). Model architecture: The CTGAN consists of a generator and a discriminator. 

The generator aims to create synthetic samples, while the discriminator 

distinguishes between real and synthetic samples. 

3). Training process: The training process involves an iterative loop over epochs. 

The discriminator is trained for multiple steps within each epoch, followed by the 

generator. The generator generates synthetic samples, and the discriminator is 

trained to distinguish between real and synthetic samples. 

4). Optimization: Adam optimizers are used to update the generator and 

discriminator parameters during training. 

5). Logging and deprecation warning: The project includes logging training loss 

information and issuing a deprecation warning about the epochs argument. 

The input and outputs are described as: 

Input: the ADS-B data. Include time, latitude, longitude, geometric height, ground 

speed, and track angle. Output: the trained model. It can be used to generate the 

predicted trajectory. 

4.3.2 Evaluation metrics design 

For TP modeling, the CTGAN generator input ADS-B data are usually real 

trajectory time series data, and the output generated data are non-time series 

random data. Although the generated data distribution range is in the same range 

as the input data, there is no one-to-one correspondence between the two datasets. 

Thus they cannot be directly compared. If the distribution of two datasets is similar, 

the mean difference of their trajectories will also be small, which can 

approximately reflect the gap between the real distribution and the generated 
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distribution. Therefore, the mean is used to reflect the similarity between the 

generated data and the input data. 

We consider both data distribution and trajectory distance to evaluate this 

similarity. There are three commonly used GAN model evaluation metrics: the 

inception score (IS) [189], Frechet inception distance (FID) [190], and maximum 

mean discrepancy (MMD) [191]. They are mainly designed for image evaluation 

needs and evaluated from the data distribution perspective. 

The IS is not selected as an evaluation metric with the following considerations. 

The IS needs to train a neural network for the classifier and then calculates the 

conditional distribution characteristics of samples according to this neural 

network. The IS is an indirect method to evaluate image quality. It is sensitive to 

the constructed network weights and relies too much on the classifier. It cannot 

directly reflect the differences between real and generated data and often cannot 

truly reflect the distribution of ADS-B data trajectories. 

The FID judges the distribution similarity of two datasets by calculating the 

Wasserstein-2 distance or Frechet distance between the real data and the generated 

data characteristic distribution. It comprehensively evaluates the characteristic 

distance between the real distribution and the generated distribution and can well 

reflect the TP effect. However, the FID mainly aims at image GAN model 

problems and needs to be evaluated on a pretrained Inception V3 model, which 

may only be able to capture some features. Furthermore, the FID requires many 

samples, with a suggested minimum sample size of 10,000 [192]. These sample-

converted images are computationally expensive and slow to run. At the same 

time, altering the tabular data generated by the CTGAN into image data and then 

evaluating it is more computationally expensive, so we did not choose the FID. 

The MMD is a statistical method used to measure the distance between two 

probability distributions by comparing the means of their respective feature spaces. 

MMD is a non-parametric technique that, unlike other evaluation metrics, does 

not rely on data distribution assumptions. One of the advantages of using MMD 

as an evaluation metric for GANs is its simplicity and ease of computation. Due 

to these properties, we choose MMD as one of the evaluation metrics in our study. 
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As an alternative, we choose the most commonly used metrics to measure the 

similarity of two distributions in ML, Jensen‒Shannon (JS) divergence. This 

metric can analyze the distribution similarity of different parameters separately to 

find the parameter with the worst-fitting degree. After testing, we find that the 

agreement of the real distribution and the generated distribution is good. The JS 

divergence can explain the similarity between the two distributions. In addition, 

due to the spatial properties of the flight trajectories of the experimental subjects, 

it is necessary to use the Euclidean distance to calculate the spatial distance 

between the two trajectories. Since there is no one-to-one correspondence between 

the data generated by the CTGAN and the input data, we use the mean Euclidean 

distance (MED) instead of the commonly used Euclidean distance to calculate the 

distance between two trajectory data points. 

In summary, we used the JS divergence, MMD, MED, and average running time 

to evaluate the model. 

4.3.2.1 JS divergence 

Considering the randomness of the data generated by the CTGAN generator, we 

took the mean value after multiple generators run to calculate the JS divergence. 

The JS-divergence is a variant of the Kullback‒Leibler (KL) divergence, can be 

derived from it. The KL divergence can measure the distribution similarity 

between the pair columns in both the input and generated datasets. This value 

quantifies the information lost when the CTGAN model generates a new dataset, 

with the equation shown as follows: 

𝐷𝐾𝐿(𝑃 ∥ 𝑄) = −∑ 𝑃(𝑥)𝑙𝑜𝑔
1

𝑃(𝑥)
+ ∑ 𝑃(𝑥)𝑙𝑜𝑔

1

𝑄(𝑥)
= 𝐻(𝑃, 𝑄) − 𝐻(𝑃)𝑥∈𝑋𝑥∈𝑋  (24) 

where⁡𝐻(𝑃, 𝑄) refers to the cross-entropy of 𝑃 and 𝑄; and 𝐻(𝑃) is the entropy of 

𝑃 (which is the same as the cross-entropy of 𝑃 with itself). From Equation (24), 

when the similarity between 𝑃(𝑥)  and 𝑄(𝑥)  is higher, the KL divergence is 

smaller. 

𝐽𝑆𝐷(𝑃 ∥ 𝑄) =
1

2
𝐷(𝑃 ∥ 𝑀) +

1

2
𝐷(𝑄 ∥ 𝑀)                       (25)  

where 𝑀 =
1

2
(𝑃 + 𝑄). The JS value is between 0 to 1. The smaller the value, the 

more substantial the similarity is. When they are the same, it is 0. 

https://en.wikipedia.org/wiki/Cross_entropy
https://en.wikipedia.org/wiki/Information_entropy
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4.3.2.2 Maximum mean discrepancy (distribution similarity metric) 

Once the continuous function 𝑓 in the sample space is selected, the MMD can 

calculate the mean value of the 𝑓  function with different distributions. By 

calculating the difference between the mean values of the two 𝑓 functions from 

the ADS-B test set and the generated dataset, we can obtain the average 

discrepancy of different distributions to determine whether the two distributions 

are similar. We also use the mean value of multiple generated data for calculation 

using the Equation (26): 

𝑀𝑀𝐷2(𝑋, 𝑌) = ‖
1

𝑛
∑ 𝑓(𝑥𝑖)
𝑛
𝑖=1 −

1

𝑚
∑ 𝑓(𝑥𝑗)
𝑚
𝑗=1 ‖

𝐻

2

                    (26) 

where 𝐻 refers to the reproducing kernel Hilbert space (RKHS). If a Gaussian 

kernel function is used to replace 𝑓, the formula can generally be interpreted as:  

𝑀𝑀𝐷2(𝑋, 𝑌) = ‖
1

𝑛2
∑ ∑ 𝑘𝑛

𝑖′
(𝑥𝑖 , 𝑥𝑖

′)𝑛
𝑖 −

2

𝑛𝑚
∑ ∑ 𝑘𝑚

𝑗 (𝑥𝑖 , 𝑦𝑗) +
1

𝑚2
∑ ∑ 𝑘𝑚

𝑗′
(𝑦𝑗 , 𝑦𝑗

′)𝑚
𝑗

𝑛
𝑖 ‖

𝐻
(27) 

𝑘(𝑢, 𝑣) = 𝑒
−‖𝑢−𝑣‖2

2𝜎2                                          (28) 

where 𝑋 represents a random variable in the generated distribution; 𝑌 represents 

a random variable in the real distribution; 𝑛 represents the maximum value of X; 

𝑚 represents the maximum value of Y; 𝑘 stands for the Gaussian kernel function; 

and 𝜎 is the width parameter of the kernel function. The smaller the MMD values, 

the more accurate the model is. 

4.3.2.3 Mean Euclidean distance (sample-level accuracy metric) 

After first standardizing the parameters with a z score, based on the point-by-point 

calculation of the Euclidean distance from the two datasets, the MED is obtained 

by taking the average as Equation (29) shows: 

𝑀𝐸𝐷 =
1

𝑛
∑ |𝑠𝑖 − 𝑠𝑖̂|
𝑛
𝑖=1                                    (29) 

where 𝑠𝑖  is the average trajectory point of the generated dataset; and 𝑠𝑖̂  is the 

average trajectory point of the real dataset. 

4.3.2.4 Average running time 

The prediction time is an important metric to measure the performance of TP 

model, and the TP time can reflect the training efficiency of the model. It affects 
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the subsequent decision-making efficiency of air traffic controllers. It also reflects 

the ability to respond to airspace situations and apply high update frequency data. 

To ensure model convergence, we run multiple epochs for model training. 

Considering that different input flight data will significantly affect each epoch’s 

running time, the model’s average running time for each epoch of a single flight 

is taken as an evaluation metric. 

4.3.3 Aircraft TP process 

4.3.3.1 Data preprocessing 

Data preprocessing mainly includes two tasks: data cleaning and reorganization 

and time parameter normalization. 

(1) Data cleaning and reorganization 

During the broadcasting process, ADS-B data may cause data errors due to system 

failures and sensor errors, so it needs to be preprocessed before use. Common 

ADS-B data errors include data duplication, anomalies, data missing, etc. The data 

preprocessing process used in this thesis is shown in Figure 4.4. 
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Figure 4.4 The ADS-B data preprocessing flow chart. 

(2) Time parameter normalization 

Unlike common ADS-B data preprocessing workflows, this study introduces 

another step of aligning aircraft time parameters. Since CTGAN does not require 

equal-length trajectory samples for data augmentation, there is no need to 

interpolate the original data, preserving the original data distribution and 

improving the accuracy of the CTGAN-generated data. Different flights on the 

same route typically have varying departure, arrival, and waypoint times. To 

facilitate the training of the CTGAN model with more flight data, the time 

parameters of the trajectory data need to be aligned. 

Given the weather, equipment, and other reasons, some track points of the 

received ADS-B data cannot be used due to parameter defects [163]. This 
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phenomenon will cause an increase of the time intervals of some trajectory points. 

Therefore, it is first necessary to interpolate the relevant flight data track point 

near the designated waypoint when determining the relative time origin of an 

inbound flight. Then, the time of the track points within a certain radius from the 

waypoint and the closest to the waypoint is selected as the relative time origin. 

Finally, the standardized processing of the time parameters of the flight data of 

the same route is realized. Time parameters need to be normalized for both the 

training dataset and test dataset. The process is shown in Figure 4.5. 

 

Figure 4.5 The diagram of alignment of arrival flight time parameters. 

4.3.3.2 Model training 

The processed flight data are input into the improved CTGAN and processed 

according to the set hyperparameters, a trained TP model is obtained. The input 

flight data include the time, longitude, latitude, geometric altitude, ground speed, 

and track angle parameters. After continuous training of the mini-max game using 

the CTGAN generator and discriminator, we can accomplish a training model. 

Based on this model, trajectory points that conform to the distribution of input 

flight data can be generated. Next, the designed model evaluation metrics are used 

to evaluate the generated trajectory points. If the evaluation results show that the 

matching degree between the generated trajectory points and the test set is low, 

the hyperparameters are modified and model training is repeated. Given that the 

trajectory points in the CTGAN TP results do not have a strict one-to-one 

correspondence with the test set data's trajectory points, evaluating the prediction 

results on a point-by-point basis is not feasible. Therefore, a segmented evaluation 

method can be employed. This involves dividing the flight route into equally 

spaced segments. Each segment calculates and compares the average of the 

predicted trajectory points and the test data's trajectory points. When the density 
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of trajectory points is sufficiently high, this method can objectively reflect the 

degree of conformity between the prediction results and the test data. Considering 

that the intervals between trajectory points in the test data set are uneven and can 

differ significantly (with experimental data having differences up to tenfold), it is 

necessary to perform trajectory point interpolation on the test data to improve the 

accuracy of the comparison assessment. The trajectory points of ADS-B raw data 

are represented in the WGS-84 coordinate system, with geographic positions 

indicated by latitude and longitude and geometric altitude in feet. Due to the 

inconsistent coordinate units, performing a coordinate transformation from the 

WGS-84 coordinate system to the Cartesian coordinate system is necessary. This 

will standardize the three-dimensional coordinate units, facilitating the generation 

of a comparative analysis between trajectories and the test set. Figure 4.6 

illustrates the segmented comparison method. 

 

Figure 4.6 Schematic diagram of data alignment between the test dataset and 

generated data. 

4.3.3.3 TP using the trained model 

The goal of 4D TP is to predict the spatiotemporal state sequence of the aircraft 

through the trained model. For every track point 𝑆𝑖, it is represented by time 𝑡, 

longitude 𝑥, latitude y, geometric height 𝑧, ground speed 𝑣𝑥𝑦, and track angle ℎ, 

as shown below: 

𝑆𝑖 = {𝑡, 𝑥, 𝑦, 𝑧, 𝑣𝑥𝑦 , ℎ}                                    (30) 

If the 4D trajectory is regarded as a random variable 𝑃, the historical trajectory set 

is expressed as 𝑇 = {𝑇1 = 𝑠1:𝑁
1 , . . . 𝑇𝑘 = 𝑠1:𝑁

𝑘 , . . . , 𝑇𝑀 = 𝑠1:𝑁
𝑀 }, where 𝑁 denotes the 

number of points in the track; M denotes the number of historical tracks. 

Assuming that 𝑇  follows the distribution of 𝑃 = ⁡𝑃(𝑠1:𝑁; 𝜃) , where 𝜃  is a 
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parameter, then the 4D TP problem can be expressed as solving 𝑃(𝑠1:𝑁; 𝜃) . 

According to the maximum likelihood estimation (MLE), the 4D trajectory 

distribution is expressed as: 

𝑝(𝐷|𝜃) = ∏ 𝑃(𝑠1:𝑁
𝑖 ; 𝜃)𝑀

𝑖=1𝜃

𝑎𝑟𝑔𝑚𝑎𝑥

𝜃
𝑎𝑟𝑔𝑚𝑎𝑥

                       (31) 

For this article, the essence of model training is to learn the distribution of 

𝑃(𝑠1:𝑁
𝑖 ; 𝜃) . The trajectory generated by the trained model is the predicted 

trajectory for the selected route. Given that CTGAN outputs trajectory point data 

that is not arranged in chronological order, it is necessary to reorganize it in 

ascending order based on its time variable to form the predicted trajectory. 

4.4 Experiment and analysis 

4.4.1 Data preprocessing 

4.4.1.1 Data selection 

Hong Kong is one of the top three regions in terms of air traffic volume in China, 

and the nearby airspace has an extensive flight flow and complex airspace 

structure. We used the ADS-B data around the Hong Kong region for aircraft TP. 

In particular, the dataset collected by the HKO from December 23, 2016, to 

December 27, 2016, was selected. After data processing, we obtained 2100 

complete flight data (including inbound and outbound flights) from the ADS-B 

dataset, and each flight data contains at least 5000 trajectory points. The time 

interval of track points recorded in the ADS-B dataset is approximately 1 s, with 

a maximum interval of less than 10 s. The parameter integrity is above 95% and 

the farthest waypoint is 400 km from the airport.  

Inbound flights are subject to more air traffic control than outbound flights. 

Inbound flight trajectories have more circling track points and they more often 

deviate from flight plan waypoints. Thus they are more complicated than 

departure flights and worthy of more attention. Considering that flights between 

the KADLO and VHHH (Hong Kong International Airport) waypoints account 

for 1/5 of the total data in our dataset, we focused on selecting this route to test 

the TP model in the experiment. The flight trajectory from KADLO to VHHH is 

shown in Figure 4.7. 
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Figure 4.7 Flight trajectory from KADLO to VHHH on December 23, 2016. 

4.4.1.2 Data preprocessing 

According to the method outlined in Section 4.3.3.1, the ADS-B data is first 

converted from ASTERIX Category 021 format to tabular form. Following this, 

coordinate transformation and standardization of time parameters are applied. 

Finally, the sample data is split into a training set and a test set, with proportions 

of 0.9 and 0.1, respectively. The path between the KADLO and VHHH waypoints 

is divided into 200 segments on average to facilitate the comparison between 

generated data and the test dataset. The average of the predicted trajectory points 

and the test data's trajectory points are calculated and compared for each segment. 

We selected 30 flight trajectories from waypoint KADLO to waypoint VHHH as 

our experimental data. The training and testing data were divided in a ratio of 0.9 

to 0.1. This created two sets of sample data, one tailored to meet the data 

requirements of CGAN and the other for LSTM. 

For comparison with CGAN, considering CGAN's requirement for samples to 

have equal length, the preprocessed ADS-B data needs to be evenly divided by 

distance for each trajectory, ensuring that all courses on the same route have the 

same number of trajectory points. In this experiment, each trajectory consists of 

4336 trajectory points. 

For comparison with the LSTM model, since the LSTM model describes the 

length of time using a sequence of trajectory points, the sample data needs to be 
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processed into data with equally spaced time intervals. This means transforming 

each trajectory into a series of trajectory points with uniform time intervals. In this 

experiment, we set the time interval to be one second. 

4.4.2 Model hyperparameter confirmation and training 

For CTGAN, we built an improved CTGAN using Keras and TensorFlow in 

PyCharm. 

For the determination of hyperparameters, we used the grid search algorithm. 

Referring to the default settings of CTGAN, the fixed category embedding 

dimension is 128, the number of hidden layers of the generator and discriminator 

is set to 256*256, and the number of steps of the discriminator is 1 to save training 

time. The number of samples designed by Pac is 10 to reduce the risk of mode 

collapse, and 50,000 epochs are uniformly used as the training cycle to ensure 

convergence. The learning rates used by the grid search algorithm are 0.0005, 

0.0002, 0.001, 0.001, 0.01, and the batch sizes are 500, 750, and 1000. After 

training, MED is used as the evaluation indicator. The results are shown in Table 

4.2. 

Table 4.2 MED calculation under different hyperparameters of the CTGAN model. 

Batch size\learning 

rate 
0.0005 0.0002 0.0001 0.001 0.01 

500 0.03827 0.03818 0.03831 0.03833 0.03841 

750 0.03816 0.03829 0.03831 0.03833 0.03840 

1000 0.03821 0.03822 0.03834 0.03828 0.03841 

 

After comparison, the training parameters of the final improved CTGAN are 

shown in Table 4.3. 

Table 4.3 Training parameters for the improved CTGAN. 

Parameter Description Value 

Embedding dim Size of the random sample passed to the 

Generator. 

128 
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Generator dim Size of the output samples for each one of the 

residuals. 

(256,256) 

Discriminator 

dim 

Size of the output samples for each one of the 

Discriminator layers. 

(256,256) 

Generator lr Learning rate for the generator. 5 ∙ 10−4 

Generator decay Generator weight decay for the Adam 

Optimizer. 

1 ∙ 10−6 

Discriminator lr Learning rate for the discriminator. 5 ∙ 10−4 

Discriminator 

decay 

Discriminator weight decay for the Adam 

Optimizer. 

1 ∙ 10−6 

Batch size Number of data samples to process in each 

step. 

750 

Step ratio Number of discriminator updates to do for 

each generator update. 

1 

Epochs Number of training epochs. 50,000 

Pac Number of samples to group together when 

applying the discriminator. 

10 

 

For the CGAN model, the running environment is the same as CTGAN model. 

We set the model training to 50,000 epochs, the ReLU to 0.2, batch size to default. 

Both the generator and discriminator dimensions were set to (256×256). 

For the LSTM model, we used MATLAB to run the prediction algorithm for 

comparison purposes. The remaining parameters were set as follows: 100 hidden 

layers, 2000 epochs, a learning rate of 0.005, a learning drop factor of 0.9, and a 

learning rate drop period of 1600. 

4.4.3 Improved CTGAN model testing and analysis 

To test the accuracy and stability of the TP model, we conducted three types of 

experiments. The first type of experiment uses the trajectory data of multiple 

flights to train and build a prediction model. The probability density function of 

the generated and real datasets is used to express the distribution's essential 

characteristics to verify the model's accuracy. The second type of experiment 

includes two experiments: one is to test the stability of the model by reducing the 
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number of input flights, and the other is to artificially thin out track data to further 

test the stability of the model. The third type of experiment compares the CTGAN 

model's effect before and after improvement. 

4.4.3.1 Evaluation metric testing and analysis 

Experiment datasets were selected from the 4D trajectory data of the inbound 

flights from KADLO to VHHH, which includes 80 flights. Table 4.4 shows the 

evaluation results of the training model of multiple flights according to the 

evaluation metrics. Overall, all evaluation metric results are within a reasonable 

range, indicating that the model's generated and real data have a high degree of 

fitting. The JS divergence evaluation results show that the fitting degree of the 

trajectory angle parameter is the worst compared with other parameters, because 

there is a sudden change in this parameter, that is, when the track angle exceeds 

360 degrees, it will be recalculated from 0 degrees. 

Table 4.4 Evaluation results of different parameters for 80 flights from KADLO to 

VHHH from December 23, 2016, to December 27, 2016, in the Hong Kong region.  

Parameter JS MMD MED Running time (S) 

Timestamp (UTC 

seconds) 
0.0032 

0.0152 0.0083 4.1702 

Longitude (°) 0.0479 

Latitude (°) 0.0060 

Geometric height (ft) 0.0181 

Ground speed 

(NM/s) 
0.0131 

Track angle (°) 0.2348 

 

To observe the similarity of the distribution more intuitively, the PDFs 

(probability density functions) of all parameters in the 4D trajectory of the test 

dataset and the generated data are plotted based on the kernel function. The 

difference in the PDFs intuitively reflects the distance between the predicted 

distribution and the real distribution. Figure 4.8 shows the different distributions 

of the real and generated 4D trajectory data, containing six characteristic 

parameters: time, longitude, latitude, geometric height, ground speed, and track 
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angle. The vertical axis is the probability density of each characteristic parameter, 

and the horizontal axis is the value of each parameter. Overall, for each parameter, 

the red line (representing the generated data distribution) agrees well with the real 

data distribution (i.e. blue line). This implies that the distribution generated by the 

improved CTGAN model is close to the real 4D trajectory distribution. Figure 4.9 

shows the value of the loss function for the generator and discriminator with every 

100 epochs for training. It shows that the model has converged. 

 

Figure 4.8 Distribution comparison of generated and real data for 80 flights from 

way KADLO to VHHH during December 23-27, 2016, in the Hong Kong region.  

 

Figure 4.9 Loss function value of the generator and discriminator for training. 
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4.4.3.2 Stability testing and analysis 

(1) Experiment with different numbers of flights 

We used different input flight data to analyze the impact of data volume on the 

improved CTGAN model training, as shown in Figure 4.10. The qualitative trends 

observed in the figure are quantitatively validated by the evaluation metrics in 

Table 4.5. Specifically: 

1). For Figure 4.10 (a) (single flight), the most significant difference occurs in the 

track angle parameter, indicating overfitting. This is supported by the high JS 

divergence (0.1271) and MMD (0.0522) values in Table 4.5, which are the highest 

among all configurations. The time and longitude parameters also show 

distributional discrepancies, consistent with these metrics. 

2). For Figure 4.10 (b) (5 flights), the distribution of the track angle parameter is 

better learned, as evidenced by the reduced JS divergence (0.0396) and MMD 

(0.0316). This indicates that increasing input data reduces overfitting. However, 

the geometric height distribution learning is worse than in (a), which may be due 

to random sampling in the generator when data is limited. 

3). For Figure 4.10 (c) (10 flights), the distributions of most parameters show good 

fitting, except for the time parameter. The MMD value decreases to 0.0152, 

demonstrating improved distribution learning, and the JS divergence is 0.0465. 

The MED value (0.0100) remains low, indicating consistent geometric accuracy. 

4). For Figure 4.10 (d) (80 flights), the time parameter distribution difference is 

significantly improved compared to (c), with a JS divergence of 0.0539 and an 

MMD of 0.0150. The MED value (0.0083) further confirms consistency. 

Overall, the visualization and metrics suggest that the improved CTGAN model 

can capture the real data distribution well with even a small number of inputs (5 

flights), as shown by the low JS divergence (0.0396) and MMD (0.0316). With 

more input data, distribution learning quality improves further, and the model 

shows stability, as the MMD value stabilizes at around 0.015 for 10 and 80 flights. 

The MED metric remains consistently low (ranging from 0.0048 to 0.0100) across 

all input sizes, demonstrating robust performance. Finally, the running time 

increases linearly from 0.5041 seconds (1 flight) to 4.1702 seconds (80 flights) 
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per epoch, as expected. 

 

  

Figure 4.10 Distribution comparison of real and generated data for different 

numbers of input flights. (a) includes a single flight, (b) includes 5 flights, (c) 

includes 10 flights, and (d) includes 80 flights. 

Table 4.5 Multiflight model evaluation results from KADLO to VHHH during 

December 23-27, 2016, in the Hong Kong region. 

Number of flights  JS MMD MED  Running time (s) 

1 0.1271 0.0522 0.0066 0.5041 

5 0.0396 0.0316 0.0048 0.7661 

10 0.0465 0.0152 0.0100 0.9156 

80 0.0539 0.0150 0.0083 4.1702 

 

(2) Experiment with thinned data 

We also artificially reduced the number of input trajectory points to simulate a 

situation with insufficient data integrity to further verify the model’s stability. 

During December 23-27, 2016, the 4D trajectory data of 80 inbound flights from 

KADLO to VHHH were thinned at a given time interval, and the trajectory data 
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with different data percentages were used as input. Table 4.6 shows the evaluation 

results for different thinning percentages. The JS divergences still represent the 

mean value of time stamp, latitude, longitude, geometric altitude, ground speed, 

and track angle divergence. 

The results indicate that equal step-size thinning has little effect on the model's 

ability to learn the overall data distribution, as evidenced by the relatively close 

and stable values of JS divergence and MMD across all thinning percentages (e.g., 

MMD ranges narrowly from 0.0140 to 0.0162). 

The most sensitive metric to data thinning is the MED. As the thinning percentage 

decreases (i.e., more data is removed), the MED generally increases, indicating a 

gradual degradation in the point-wise geometric fitting of the generated 

trajectories. Crucially, when the thinning percentage is 80%, the MED value is 

0.0097, which remains very close to the MED value of 0.0085 for the full dataset 

(100% data). This small difference supports the conclusion that an 80% thinning 

percentage retains sufficient information for the model to generate trajectories 

with a high degree of geometric fidelity. 

This finding is visually corroborated by Figure 4.11. The generated data 

distribution using an 80% thinning percentage (sub-figure d) maintains a high 

degree of visual fitting with the real data distribution, closely resembling the 

results achieved with the full dataset. Therefore, based on the quantitative 

evidence from Table 4.6 (specifically the MED, JS, and MMD values) and the 

qualitative evidence from Figure 4.11, we conclude that the model exhibits good 

stability and can maintain high performance even with a significant portion (80%) 

of the data removed. 

Table 4.6 Evaluation results of models with different levels of thinning from 

KADLO to VHHH during December 23-27, 2016 in the Hong Kong region. 

Data percentage remained after 

thinning 
JS MMD MED 

Running time 

(s) 

100% 0.0539 0.0150 0.0085 4.1702 

80% 0.0414 0.0155 0.0097 3.8102 

60% 0.0516 0.0162 0.0114 2.5944 
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40% 0.0371 0.0140 0.0148 1.5533 

20% 0.0540 0.0158 0.0254 1.2183 

 

 

 

Figure 4.11 Distribution comparison of real and generated data for different 

levels of thinning from 80 flights. (a) 20% data remaining, (b) 40% data remaining, 

(c) 60% data remaining, and (d) 80% data remaining.  

4.4.3.3 Comparative experiment before and after CTGAN improvement 

The hyperparameters of the original CTGAN adopt the original default settings, 

in which the leaky ReLU function, alpha, and dropout function are all set to 0.2, 

the Adam optimization learning rate being 2 ∙ 10−4, the batch size being 500, and 

the generator dimension and the discriminator dimension being set to (256×256).  

The dataset selected in the previous experiment was input into both the original 

and improved CTGAN. The evaluation results are presented in Table 4.7, which 

includes the calculated improvement rates for the key metrics. 

An analysis of the improvement rates reveals the specific advantages of our 

proposed enhancements: 

1). Accuracy enhancement (MED): The improved CTGAN achieves a dramatic 
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reduction in trajectory distance error. The improvement is most pronounced with 

smaller datasets, showing a 79.8% and 67.1% improvement for 1 and 5 input 

flights, respectively. Even with larger datasets (10 and 80 flights), a consistent and 

significant accuracy gain of over 17% is maintained. This demonstrates that our 

model is particularly effective and data-efficient. 

2). Computational efficiency (Running Time): The improved architecture and 

hyperparameter tuning also lead to consistent reductions in running time across 

all data sizes, with improvements ranging from 9.8% to 26.1%. The most 

substantial relative speedup is observed for small to medium-sized inputs (5 and 

10 flights). 

3). Distributional metrics (JS and MMD): As noted by the reviewer, the 

differences in JS divergence and MMD are less pronounced. This is expected, as 

these metrics measure the overall distribution match, which the original CTGAN 

was already designed to optimize. Our improvements primarily target sample-

level geometric accuracy (MED) and computational efficiency, areas where the 

quantitative results now clearly demonstrate superior performance. 

In conclusion, by introducing the improvement rate analysis, we can definitively 

state that our proposed modifications successfully enhance the CTGAN model, 

delivering the best performance results in terms of a significant boost in prediction 

accuracy (especially for limited data) and a consistent improvement in 

computational speed. 

Table 4.7 Comparison of CTGAN model evaluation metrics before and after 

improvement. 

Metric 
Number of 

Flights 

Original 

CTGAN 

Improved 

CTGAN 

Improvement 

Rate 

JS 

Divergence 

1 0.1507 0.1271 +15.7% 

5 0.0270 0.0396 -46.7% 

10 0.0463 0.0465 -0.4% 

80 0.0620 0.0539 +13.1% 

MMD 
1 0.0325 0.0522 -60.6% 

5 0.0287 0.0316 -10.1% 
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10 0.0155 0.0152 +1.9% 

80 0.0152 0.0150 +1.3% 

MED 

1 0.0327 0.0066 +79.8% 

5 0.0146 0.0048 +67.1% 

10 0.0121 0.0100 +17.4% 

80 0.0104 0.0085 +18.3% 

Running 

Time (s) 

1 0.6229 0.5041 +19.1% 

5 1.0365 0.7661 +26.1% 

10 1.1948 0.9156 +23.4% 

80 4.6240 4.1702 +9.8% 

 

4.4.4 Comparison experiment and analysis with CGANs 

Given that CGAN builds upon GAN by incorporating the 'Condition' component, 

and as this paper primarily explores the potential application of CTGAN in aircraft 

TP, factors such as weather, holidays, aircraft type, and pilot characteristics—

suitable for representation with 'Condition'—have not yet been integrated. 

Without using 'Condition,' CGAN reverts to GAN. Hence, this paper does not 

conduct a separate comparative experiment for GAN. 

As CTGAN is an extension of CGAN, comparative experiments can be assessed 

using the model evaluation metrics outlined in Section 4.3.2. We selected flights 

from KADLO to VHHH for comparison and computed the average JS divergence, 

MMD, and MED. The results are presented in Table 4.8. Among them, JS and 

MMD stand for the degree of distribution characteristics of the input data learned 

by the model. MED represents the error between the data generated by the model 

and the input data, which can better reflect the prediction accuracy. Compared 

with CGAN, the JS divergence and MMD of the improved CTGAN remain at 

similar levels, which means that both the CGAN and improved CTGAN models 

have learned the distribution characteristics of the input data. The MED has 

reduced by 81.55%, highlighting a significant improvement in CTGAN's 

prediction accuracy. This is attributed to the fact that CTGAN treats each row of 

the table data as an independent sample. In contrast to CGAN, which processes 

the entire trajectory as a sample unit, this increases the ability to use sample data 
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fully. Therefore, the improved CTGAN exhibits a more prominent advantage 

when dealing with small sample data. Figure 4.12 shows the distribution 

comparison between CGAN and improved CTGAN models. This result is 

consistent with the MED findings. 

Table 4.8 Comparison of CGAN and improved CTGAN models. 

Model  JS MMD  MED 

CGAN 0.1363 0.0420 0.0374 

Improved CTGAN 0.1595 0.0415 0.0069 

 

 

Figure 4.12 Distribution comparison of real and generated data based on CGAN 

and improved CTGAN models from 30 flights. (a) CGAN, (b) CTGAN. 
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4.4.5 Comparison experiment and analysis with Transformers 

The Transformer model is a prominent representative of the series-to-series model. 

We selected 30 flights from KADLO to VHHH for comparison and calculated the 

average JS divergence, MMD, and MED. The results are shown in Table 4.8. 

Compared with the Transformer, the JS divergence and MMD of the improved 

CTGAN remain at a similar level, with a slightly higher JS and a marginally lower 

MMD, which means that both the Transformer and the improved CTGAN models 

have learned the distribution characteristics of the input data, but the improved 

CTGAN is better. The MED is reduced by 22.56%, indicating that the prediction 

accuracy of CTGAN has been greatly improved. Figure 4.13 shows the 

distribution comparison of the Transformer and improved CTGAN models. This 

result shows that the Transformer and improved CTGAN data distribution are 

similar. The improved CTGAN model is more suitable than the Transformer 

model for aircraft TP using ADS-B data. 

Table 4.9 Comparison of Transformer and improved CTGAN models. 

Model  JS MMD  MED 

Transformer 0.1001 0.0367 0.0421 

Improved CTGAN 0.1026 0.0365 0.0326 
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Figure 4.13 Comparison of distribution of real data and generated data from 30 

flights based on Transformer and improved CTGAN models. (a) Transformer, (b) 

CTGAN. 

4.4.6 Comparison experiment and analysis with LSTMs 

Currently, for TP problems, the most widely used ML method is the model based 

on LSTM. Various hybrid models based on LSTM have been developed for 

different scenarios. Similarly, multiple hybrid models based on CTGAN can be 

designed for different application scenarios. For simplicity, this paper only 

conducted comparative experiments between the basic LSTM model and 

improved CTGAN model. The MAE of the LSTM and improved CTGAN models 

was calculated based on experimental data. For the LSTM model, experiments 

were conducted with time spans of 1, 3, 5, 7, 10, 15 minutes. The experimental 

results are presented in Table 4.10, where Lat represents latitude, Lon represents 
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longitude, GH stands for geometric height, GS for ground speed, and TA for track 

angle.  

Table 4.10 Comparison of MAE between LSTM and improved CTGAN Models. 

Model MAE 

Lat (°) Lon (°) GH (ft) GS (NM/s) TA (°) 

LSTM-1 min 0.0032 0.0229 220.25 0.0008 2.9328 

LSTM-3 min 0.0052 0.0340 393.08 0.0012 4.2577 

LSTM-5 min 0.0116 0.0357 498.87 0.0041 5.0389 

LSTM-7 min 0.0108 0.0498 630.25 0.0052 6.4220 

LSTM-10 min 0.0116 0.0580 814.94 0.0063 8.7585 

LSTM-15 min 0.0148 0.0719 1148.80 0.0050 12.3732 

Improved CTGAN 0.0107 0.0090 146.89 0.0040 10.2938 

 

For the LSTM model, as the prediction time span increases, the accuracy of 

predicted trajectory parameters, except for Lat, rapidly decreases. This aligns with 

the conclusions drawn by other authors, namely that due to inherent limitations in 

the LSTM algorithm, its predictive capability is constrained by chaotic 

phenomena [150]. For the Lat parameter, its prediction accuracy decreases 

relatively slowly. This is because the experimental trajectories are distributed from 

east to west and are basically parallel to the lines of latitude. The latitude values 

do not undergo significant changes, making them easier to learn and predict. 

Therefore, the impact on prediction accuracy within a specific time span is 

minimal. 

Based on the comparison of MAE, the improved CTGAN model exhibits superior 

predictive capabilities for Lon and GH compared to the LSTM model. When the 

time span is 5 minutes, the LSTM model's prediction error for Lat and GS is 

comparable to that of the improved CTGAN model. The disparity between the 

two models grows as the time span increases. This aligns with CTGAN's ability 

to utilize PDFs to learn the distribution patterns of sample data, making it less 

susceptible to the influence of prediction time span.  

As a representative example, we selected the LSTM experimental results with a 
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time span of 10 minutes for comparative analysis. This time span falls within the 

medium to long-term prediction category. Compared to LSTM, the improved 

CTGAN model shows reductions in the average MAE for parameters Lat, Lon, 

GH, and GS by 7.76%, 84.48%, 81.98%, and 36.51%, respectively. The modest 

improvement in Lat prediction accuracy is attributed to the distribution 

characteristics of the experimental data, which are roughly parallel to lines of 

latitude. However, there is an increase of 17.52% in MAE for TA. This is 

attributed to the sudden transition of track angle values from 360 degrees to 0 

degrees, which significantly impacts the improved CTGAN model that relies on 

probability density for prediction. It is only after a time span of 15 minutes that 

the TA prediction accuracy of improved CTGAN surpasses that of the LSTM 

model. For TP, Lat, Lon, GH, and GS are core parameters, while TA is an 

auxiliary parameter that can be derived from the core parameters of adjacent 

trajectory points. 

In our experiments, we applied equal time interval interpolation to the original 

ADS-B dataset to enhance the accuracy of LSTM TP. However, for CTGAN, 

equal time interval interpolation introduced data errors and reduced prediction 

accuracy. Therefore, if uninterpolated ADS-B datasets are used, the performance 

advantage of the improved CTGAN model will be more pronounced. CTGAN 

demonstrates a significant advantage over the LSTM model in medium to long-

term TP. Additionally, in short-term predictions at the minute level, improved 

CTGAN performs on par with LSTM.  

For a more intuitive comparison of the TP performance, we took flight AAR723 

as an example and presented the TP results based on both the LSTM and improved 

CTGAN models. It is important to note that the trajectory parameters based on the 

improved CTGAN model have been smoothed for the ease of visualization. Figure 

4.14 displays the prediction results for latitude, longitude, geometric height, 

ground speed, and track angle. It can be observed that the improved CTGAN 

model provides a notably higher level of accuracy in predicting latitude, longitude, 

geometric height, and ground speed parameters, closely matching the actual 

trajectory. This aligns with the findings presented in Table 4.10. As for the track 

angle parameter, both improved CTGAN and LSTM models exhibit very similar 

prediction performance. 
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Figure 4.14 Comparison among the prediction results of improved CTGAN and 

LSTM models for flight AAR723. (a) latitude, (b) longitude, (c) geometric height, 

(d) ground speed, and (e) track angle.  

4.4.7 Experimental conclusion 

1). In this section, the average value reflects the gap between the real and 

generated distributions. We use JS divergence, MMD, MED, and average running 

time indicators to evaluate the model's performance. Different data amounts and 

data refinement schemes are used to verify the stability of the model. The JS 

divergence, MMD, and MED of the model evaluation indicators of the selected 

route TP are 0.0539, 0.0150, and 0.0085, respectively, proving that the model-

predicted trajectory is highly similar to the actual 4D trajectory. 
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2). The model evaluation indicators are similar to the unreduced case When 

reducing the number of input aircraft trajectories, except for the single flight case. 

The experimental results of trajectory point refinement show that moderate 

refinement does not affect the model's ability to learn the input data distribution. 

When the number of training flights is 5, and the trajectory point refinement 

percentage is 80%, model training can be achieved, indicating that the model has 

high stability and applicability, especially when the requirement for the number 

of training trajectories is low. 

3). The improved CTGAN was compared with the original CTGAN structure. The 

results show that the average running time of the improved CTGAN is about 10% 

shorter than that of TP, and the MED is 20% shorter than that of TP. Compared 

with CGAN, the improved CTGAN has a higher accuracy, and the MED is 

reduced by 81.55%. Compared with Transformer, the MED is reduced by 22.56%. 

Compared with LSTM, when the prediction time span is 10 minutes, the average 

MAE of Lat, Lon, GH, and GS are reduced by 7.76%, 84.48%, 81.98%, and 

36.51%, respectively. As the prediction time span increases, the advantages of the 

CTGAN model become more apparent. 

In summary, CTGAN is a promising new method for four-dimensional aircraft TP 

with practical application potential. 

4.5 Chapter summary 

To meet the higher accuracy requirements for TP under TBO and in response to 

the current state of ML-based TP, this chapter primarily undertakes the following 

tasks: 

1). Analysis of CTGAN characteristics 

CTGAN is a deep learning network designed explicitly for tabular data and 

represents the latest development in the GAN family. CTGAN effectively 

addresses specific challenges in tabular data, including handling non-Gaussian 

distributions, imbalanced data, and mixed discrete and continuous columns, with 

significant advantages in these areas. 

2). Introduction of the CTGAN Model into 4D aircraft TP  
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Based on an analysis of ADS-B data and the characteristics of aircraft TP, it is 

believed that CTGAN's strengths align well with the nature of ADS-B data and 

the requirements of aircraft TP. CTGAN has the potential to become a suitable 

machine-learning method for aircraft TP. 

3). Design of a 4D aircraft TP method 

Two essential modifications were made to the original CTGAN architecture. The 

sampling categories were changed from logarithmic frequency to actual data 

frequency, and one-hot encoding in the generator was replaced by leave-one-out 

encoding. The TP process included data preprocessing, model training, and TP. 

Additionally, a performance evaluation system was developed specifically for TP, 

using metrics such as JS divergence, MMD, MED, and average runtime to assess 

the overall model performance. 

4). Comprehensive comparative experiments  

Based on experimental data, tests, and analyses were conducted on JS divergence, 

MMD, MED, and average runtime. Stability tests and analyses were performed 

using varying sample sizes and trajectory points with different degrees of sparsity. 

Comparative experiments were conducted with the original CTGAN, CGAN, 

Transformer, and LSTM models. The results demonstrate that the improved 

CTGAN shows good stability and TP accuracy, indicating that CTGAN has 

promising application potential in 4D aircraft TP. 
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Chapter 5.  

Medium- and long-term aircraft 

trajectory prediction based on 

clustering and conditional tabular 

generative adversarial networks 

According to the selected time scale, aircraft TP can be divided into short-term 

and medium- and long-term prediction tasks [193]. Generally, short-term 

prediction refers to TP that occurs within a few minutes or less [55] and is mainly 

used for conflict detection and resolution [89], [194]. The medium- and long-term 

prediction tasks refer to TPs with a time scale exceeding ten minutes. These 

predictions are primarily used for coordinating flight missions and formulating 

flight plans. The accuracy of flight information decreases with the increase of 

prediction time interval [16]. Compared with short-term predictions, medium- and 

long-term predictions can effectively improve airspace utilization and aviation 

operation efficiency and are crucial for improving situational airspace awareness 

of air traffic controllers and flight flow management [195]. Based on the analysis 

of trajectory clustering and medium- and long-term TP methods, this section 

focuses on medium- and long-term aircraft TP. A 4D aircraft TP model based on 

clustering and conditional tabular generative adversarial network (C-CTGAN) is 

proposed to address this challenge. Comparative experiments with TP methods 

based on LSTMs and original CTGAN show that C-CTGAN can effectively 

improve the accuracy of medium- and long-term aircraft TP. 

5.1 Research background 

Aircraft TP involves many uncertainties, such as wind, temperature, pressure, and 
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weight. When the prediction time span increases, especially for medium- and 

long-term TPs of more than 10 minutes, these uncertainties will strongly affect the 

quality of the prediction. This is because such uncertainties usually accumulate 

over time, making the estimated variables increasingly inaccurate and decreasing 

TP accuracy. The accuracy of medium- and long-term TPs has always been a 

complex problem in the ATM field. 

Medium- and long-term aircraft TP methods can generally be categorized into 

aircraft planning- and ML-based models [196]. Aircraft planning-based models 

focus on pre-planned routes and schedules, leveraging deterministic approaches 

to predict future trajectories based on current and historical flight data. ML-based 

models leverage complex algorithms and large datasets to capture and predict 

intricate trajectories that account for various variables and uncertainties. Both 

models have unique strengths and applications, depending on the prediction task's 

complexity and data availability. 

Aircraft planning is a preformulated trajectory planning task that integrates 

multiple factors, including relationships among flights, air traffic control, and 

airports [197]. These models aim to align an aircraft's required time of arrival 

(RTA) with its flight plan, considering a predefined set of parameters and 

conditions. While aircraft planning-based models are widely used for medium- 

and long-term TP [198], they inherently assume ideal conditions and do not 

account for flight uncertainties or dynamic external influences, such as temporary 

airspace restrictions and weather variations [199]. Consequently, these models 

may produce TPs that significantly deviate from actual flight paths under non-

ideal circumstances, highlighting their limitations in adapting to real-time 

operational variability [117]. Therefore, reducing or limiting uncertainty is usually 

used to improve TP accuracy [109]. 

For example, Thomas et al. [20] proposed a method to quantify uncertainty factors 

and infer unknown state variables from observed data. This method considers the 

uncertainty of wind speed, wind direction, and temperature and uses Bayesian 

reasoning to infer the true airspeed, Mach number, or cost index variables 

expressed in probability density, and uses them as input parameters of the dynamic 

TP model, effectively improving the accuracy of medium-term TP. 
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Karim [4] optimizes TP by establishing a wind and temperature network. Precisely, 

the aircraft in flight measures its local atmospheric data, namely temperature, and 

pressure, calculates the local wind vector and local air density, and broadcasts it 

to other aircraft and ground stations. The ground station or aircraft quickly fuses 

these received raw measurement data, promptly updates the wind/temperature 

field data products, and shares them between aircraft and ground stations through 

the information network. Each aircraft can use the improved local 

wind/temperature to correct the position (3D) and time, significantly improving 

its TP. 

Tang et al. [38] proposed a method to improve the accuracy of strategic TP. This 

method estimates the trajectory points based on the corrected meteorological 

information based on the extraction of nominal flight profiles and corrected route 

weather forecast data to improve the accuracy of strategic TP. The nominal flight 

profile is the flight altitude line closest to the multiple trajectories in the route 

extracted from the historical trajectory data. The distance between the two flight 

altitude lines is measured using the author's DSW algorithm. The nominal flight 

profile eliminates the influence of meteorological factors and can reflect the flight 

intention. The correction of route weather forecast data is based on GRIB data, 

combined with the latest meteorological observation data forwarded by another 

reference aircraft (the aircraft in the previous flight), and the Cressman 

interpolation method is used to correct the GRIB data to improve the accuracy of 

the weather forecast. Then, by calculating the influence of weather on flight speed, 

the correction amount of trajectory point parameters is obtained, and finally, the 

TP accuracy is improved. 

Zhou et al. [117] proposed a framework for multi-model integration based on the 

time span of TP. This method integrates the best prediction performance models 

of different time spans to form a TP integration model suitable for short, medium, 

and longtime spans, thereby improving the adaptability of the prediction time span 

and the overall performance of TP. The test data is the ADS-B trajectory data of 

the A320 aircraft in three segments of Guangzhou during the cruising phase. The 

models involved in the test include the speed trend extrapolation method, LSTM, 

stateful LSTM, BP neural network, Conv1D, KF method, and flight plan 

interpolation method. The results show that after 22 minutes, the flight plan 
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interpolation method achieves the best TP performance. 

Compared with flight plan-based models, ML models have unique advantages. 

Their ability to extract trajectory features, identify hidden patterns, and obtain TPs 

from historical trajectory data has become a new research area [21], [98], [117]. 

Zhou et al. [117] conducted a model comparison experiment based on the TP time 

span and found that within the prediction time span of 25 s-22 min, the stateful 

LSTM has the best TP performance and can be used as an alternative model for 

medium-term TP. 

Wu et al. [21] designed three TP models based on the WGAN-GP network, 

utilizing Conv1D, Conv2D, and LSTM networks. They transformed the 4D 

trajectory sequence data into RGB images and applied image processing 

techniques to address the TP problem. The experimental dataset consisted of 

historical 4D trajectory data from flights between Beijing and Chengdu in China 

from June 1 to August 4, 2019. Each 4D trajectory was aligned over time, 

consisting of 200 4D trajectory points. These points included six features: latitude, 

longitude, altitude, heading, horizontal velocity, and vertical velocity. The 

trajectory position data was converted into 3D Cartesian coordinates, and after 

normalization, the feature values were multiplied by 255 to convert them into 

RGB images. These images were then processed using the three GAN models. 

After training, the generated images were converted back into time series data. 

The experimental results indicated that Conv1D-GAN was the most suitable 

generative adversarial network for long-term aircraft TP. 

Liu et al. [98] proposed a strategic TP method. This method uses the DBSCAN 

clustering algorithm to divide historical flight trajectories into multiple clusters, 

where the trajectories within each cluster are similar to each other. The centerlines 

of these clusters, called nominal paths, are extracted, and historical trajectory 

samples are generated by matching the centerlines with environmental features. 

Four ML models—logistic regression, SVM, RF, and gradient boosting—were 

selected for comparative experiments. After training the models, the 

environmental conditions of the flight to be predicted are used as input parameters 

to determine its category, and the centerline of the corresponding category is 

selected as its predicted trajectory. Each trajectory's environmental feature vector 
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includes information such as airline (major airline), local (departure time: morning 

or afternoon), season (spring, summer, autumn, or winter), convective weather, 

wind, and MIT (miles-in-trail restriction). The experiments used data from five 

airports in the United States, along with related convective weather, wind, and 

MIT data, covering the flight trajectories from 2013, 2014, and 2015. This method 

transforms TP into a classification problem based on environmental feature 

vectors. Instead of directly predicting individual flight trajectories, it selects the 

centerline corresponding to the environmental feature class as the predicted 

trajectory. 

In summary, most TP models based on aircraft flight planning are grounded in 

physical mechanism models, primarily relying on methods to reduce or constrain 

uncertainties to improve TP accuracy. One of the fundamental approaches to 

enhancing prediction accuracy is improving the accuracy and timeliness of 

weather forecast data. This involves using more precise weather data to adjust 

planned flight paths, enhancing TP accuracy. In contrast, research and results in 

ML-based TP models remain limited, especially for medium- and long-term TP. 

Achieving high precision and high reliability in medium- and long-term TP 

remains a significant challenge. 

5.2 Trajectory clustering algorithm 

Common clustering algorithms for aircraft TP include K-means, K-medoids, 

DBSCAN, etc. Clustering can improve the accuracy of TP, so it is widely used in 

TP. 

5.2.1 K-means 

K-means is a well-known clustering algorithm that divides a dataset into k distinct 

and non-overlapping clusters based on the proximity between data points. The 

proximity between data points is typically measured using Euclidean distance, 

although other distance metrics can be used. The input parameters for K-means 

are the number of clusters (k) and the centroids of the k clusters. The centroids 

can be randomly selected or determined through calculation methods or prior 

knowledge to accelerate convergence and reduce the number of iterations. 

For each iteration, each data point is assigned to the nearest cluster based on the 
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current centroids, and then the centroids are recalculated based on the points 

assigned to the clusters. This process is repeated until either the data point 

assignments no longer change or the centroids stabilize, at which point the 

algorithm converges. 

The mathematical formulation of K-means can be expressed as: 

Given a set of data points {𝑥1, 𝑥2, … , 𝑥𝑛}{, the goal of the K-means algorithm is 

to divide the data into k clusters 𝐶 = {𝐶1, 𝐶2, … , 𝐶𝑘}  to minimize the sum of 

squares of intra-cluster differences. Its objective function is: 

∑ ∑ ‖𝑥 − 𝜇𝑖‖
2

𝑥∈𝐶𝑖
𝑘
𝑖=1                                        (32) 

where 𝜇𝑖μi is the centroid of cluster 𝐶1. 

The algorithm has the advantages of simplicity, high efficiency, and good 

scalability. In terms of convergence, although it may converge to a local optimum 

rather than a global optimum, it usually converges quickly. Its shortcomings are 

mainly reflected in its sensitivity to initialization. First, the final cluster may 

depend on the initial position of the centroid. Secondly, the number of clusters is 

fixed, and the pre-specified number of clusters k may not be ideal in some cases. 

Furthermore, dividing a large cluster into two or more clusters is possible [200], 

[201]. Many improvement schemes have emerged for practical application needs 

[201]. The K-means algorithm has been widely used in many fields, such as image 

segmentation, document clustering, customer clustering, anomaly detection, etc. 

It is also a commonly used TP algorithm for aircraft TP. 

The calculation method of K-means is as follows: 

Input: Number of clusters 𝐾𝑦 ; dataset 𝐷𝑦  containing 𝑛  objects 

Output: Partition of 𝐷𝑦 into 𝐾𝑦 clusters 

Procedure: 

1). Begin with the dataset and the specified number of clusters 𝐾𝑦. 

2). If 𝐾𝑦 = 1, terminate and return the entire dataset as a single cluster. 

3). Otherwise, randomly select 𝐾𝑦  objects from 𝐷𝑦  to serve as initial cluster 
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centroids. 

4). Assign each object to the cluster whose centroid is closest, typically based on 

Euclidean distance. 

5). Recompute the centroid of each cluster by calculating the mean of all objects 

assigned to that cluster. 

6). Repeat steps 4 and 5 until convergence is achieved.  

Convergence can be determined by a maximum number of iterations or when 

cluster centroids no longer change significantly between consecutive iterations. 

5.2.2 K-medoids 

K-medoids is a clustering algorithm related to the k-means algorithm. K-means 

and k-medoid algorithms divide a dataset into groups and try to minimize the 

squared error, which is the distance between the points marked as being in a cluster 

and the point designated as the center of that cluster. Unlike the k-means algorithm, 

k-medoids uses the actual points in the dataset (called medoids) as the center 

points instead of using the average. K-medoids cluster the objects in the dataset 

into k clusters, where k is known a priori, i.e., set in advance. Compared with k-

means, it is more robust to noise and outliers. Still, its computational complexity 

is higher, and the initial selection of medoids significantly impacts the final result 

[200], [201]. K-medoids are more robust to noise and outliers because their 

objective function minimizes the sum of general pairwise dissimilarity rather than 

the sum of squared Euclidean distances. The k-medoids algorithm aims to 

minimize the sum of the distances of all points to their respective medoids. The 

formula is as follows: 

𝐽 = ∑ ∑ ‖𝑥 −𝑚𝑖‖𝑥∈𝐶𝑖
𝑘
𝑖=1                                       (33) 

where: 𝑘 is the number of clusters, 𝐶𝑖 is the 𝑖𝑡ℎ cluster, 𝑚𝑖 is the medoid of the 

𝑖𝑡ℎcluster (an actual point in the cluster), and 𝑥 is a data point. 

There are many possible choices for the objective function. Medoid is a data point 

in a finite data set, and its average dissimilarity with all data points is the smallest; 

it is the most central point in the set. The most common implementation of k-

medoid clustering is the partitioning around medoids (PAM) algorithm, which 
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includes parameter initialization, association of data points with medoids, and 

selection of new medoids. The specific algorithm is: 

Input: 𝐾𝑦 (number of clusters), 𝐷𝑦 (dataset with 𝑛 objects). 

Output: A partition of the data into 𝐾𝑦 clusters. 

Procedure: 

1). Initialize by randomly selecting 𝐾𝑦 objects from 𝐷𝑦 as the initial medoids. 

2). Assign each data point to the nearest medoid based on a chosen distance metric. 

3). For each medoid 𝑚 and each associated data point 𝑜, evaluate the effect of 

swapping m with o by calculating the total cost of the resulting configuration. 

4). Retain the swap that yields the lowest total cost, and update the medoid 

accordingly. 

5). Repeat steps 2 through 4 until the cluster assignments no longer change, 

indicating convergence. 

5.2.3 DBSCAN 

As a classic density-based clustering method, DBSCAN identifies clusters based 

on the density around core points. It classifies data instances as core points, 

density-reachable points, or noise. The algorithm initiates cluster formation from 

a core point and iteratively incorporates density-connected regions until the largest 

possible area containing both core and reachable points is formed. There are two 

main parameters in the DBSCAN algorithm: neighborhood radius and the 

minimum number of points required to form clusters. The value of the 

neighborhood radius affects the size of the clusters. The size of the minimum point 

value will affect noise identification and the significance of clustering. The 

settings of these two parameters directly affect the clustering effect [13]. The main 

advantages of DBSCAN are that it does not need to specify the number of clusters 

in advance, can discover clusters of arbitrary shapes, can divide the data set into 

multiple clusters and noise, and has good robustness to noise and outliers. Its main 

disadvantages are that the parameters are relatively sensitive, the distance 

calculation efficiency in high-dimensional space is low, and the clustering effect 

is not good when the density of the data sets is significantly different. DBSCAN 
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is very effective in practical applications such as processing geographical and 

image data and is especially suitable for discovering clusters of arbitrary shapes 

and identifying noise points. 

DBSCAN algorithm steps: 

1). Create a new cluster. Randomly select an unvisited point. If the number of 

points in the neighborhood of this point is greater than or equal to the set minimum 

number of cluster points, it will be used as the core point, and a new cluster will 

be created. 

2). Add neighbor points to the cluster. Add all neighbor points of the core point to 

the cluster, and then recursively add all points in the neighborhood of these 

neighbor points to the cluster until the cluster no longer grows. 

3). Mark all visited points, including core and neighborhood points. 

4). Repeat the above steps until all points have been visited. 

5). Output all clusters and noise points. 

5.3 Typical medium- and long-term aircraft TP methods 

There are few studies on the medium- and long-term aircraft TP. The following 

are several main prediction methods used in related papers: flight plan 

interpolation, stateful-LSTM, Conv1D-GAN, and nominal path method. 

5.3.1 Flight plan interpolation 

The flight plan trajectory is linearly interpolated according to the estimated time 

and waypoints of the original flight plan to obtain the trajectory points 

corresponding to each second. The TP accuracy of the flight plan interpolation 

method is independent of the predicted time span and will not change with the 

change of the time span. The linear interpolation calculation formula is as follows: 

𝑝𝑡 = 𝑝̂𝑡𝑘 +
𝑝𝑡𝑘+1−𝑝𝑡𝑘

𝑡𝑘+1−𝑡𝑘
(𝑡 − 𝑡𝑘)                            (34) 

where 𝑝𝑡 is the vector of the predicted trajectory position at 𝑡 s, 𝑡𝑘 is the estimated 

passing time of the 𝑘𝑡ℎ flight plan waypoint, and 𝑝̂𝑡𝑘 is the vector consisting of 

the longitude, latitude, and altitude of time 𝑡𝑘 in the flight plan. 
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Flight plan-based interpolation facilitates TP across varying temporal horizons 

without necessitating inputs such as aircraft speed or wind direction. Because the 

flight plan captures the aircraft's long-term motion behavior under predetermined 

environmental conditions—ignoring uncertain factors like wind and 

temperature—its prediction accuracy is independent of the forecast time span. 

However, this approach produces considerable trajectory deviations, making it 

impractical for short-term TP. In contrast, for long-term TP, it demonstrates 

superior performance compared to methods such as speed trend extrapolation, 

LSTM, stateful LSTM, BP neural network, Conv1D Net, and Kalman filtering 

[117]. 

5.3.2 Stateful LSTM 

Stateful LSTM retains the hidden state and memory unit from one batch as the 

initial state for the subsequent batch, thereby maintaining the temporal 

dependencies inherent in sequential trajectory data. Existing research indicates 

that this architecture is particularly effective for modeling long-range time series, 

especially when strong correlations exist between consecutive data segments. The 

predictive accuracy of stateful LSTM is notably influenced by the number of 

training epochs, contributing to its superior trajectory prediction performance 

compared to standard LSTM. Nevertheless, this enhanced capability also makes 

stateful LSTM more susceptible to overfitting relative to its stateless counterpart 

[117]. This is because inheriting the last state of the previous batch training is 

equivalent to adding the samples selected in the last batch to the current batch 

training, making the weight of the samples in the last batch higher than the weight 

of the samples selected in the later batch, thus leading to overfitting. 

5.3.3 Conv1D-GAN 

One-dimensional convolution, with its ability to extract translation-invariant 

features along a specific direction, offers a natural advantage in processing time-

series data such as 4D trajectories. Its core mechanism lies in progressively 

reconstructing the final predicted trajectory from noise sampling through the 

iterative alternation of feature extraction and upsampling modules. After 

converting the 4D trajectory time series data into RGB images, the Conv1D-GAN 

network is used to generate a synthetic image (the predicted trajectory represented 

in the form of an image). Then, the predicted trajectory is obtained after the inverse 
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transformation from RGB image to time series data. The Conv1D-GAN network 

structure used in the literature [21] is shown in Figure 5.1. 

 

Figure 5.1 Conv1D-GAN structure [21]. 

The Conv1D-GAN architecture consists of a generator and a discriminator. In the 

generator, latent variables with a shape of 200×25 are sampled from a standard 

normal distribution and subsequently transformed into a dimension suitable for 

convolution via a fully connected layer. These variables are then fed into a one-

dimensional upsampling convolutional subnetwork (UpSampleCNN1D), where 

the final trajectory is progressively generated through three upsampling operations. 

In the discriminator network, the generated trajectory is first passed through a 

Conv1D layer, followed by a one-dimensional downsampling convolutional 

subnetwork (DownSampleCNN1D) that progressively reduces the resolution. The 

final output score is produced through a fully connected layer. 

All networks employ the leaky rectified linear unit (LeakyReLU) as the activation 

function. This function inherits the computational efficiency of ReLU while 

mitigating its limitation by allowing gradient flow for negative input values, thus 

preventing neurons from becoming inactive during training. The dropout 
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mechanism is added to both the upsampling and downsampling networks to limit 

the interaction of hidden layer nodes and prevent the model from overfitting. 

Batch normalization enhances robustness in learning rate selection and weight 

initialization, significantly streamlining the parameter tuning process. 

Additionally, it helps mitigate overfitting by stabilizing the distribution of layer 

inputs during training. 

5.3.4 Nominal route method 

The nominal route method [98] can be used for long-term TP, and its basic process 

is shown in Figure 5.2. 

 

Figure 5.2 Basic process of TP using the nominal route method. 

This method describes the fundamental framework of a TP approach, where the 

trajectory clustering model and TP model can be flexibly determined according to 

the specific application scenario. Since each aircraft trajectory cluster usually 

covers a wide distribution range, the nominal route method, which uses the 

cluster's central path as the predicted trajectory, often struggles to achieve high 

prediction accuracy. 
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5.4 TP method based on C-CTGANs 

The flight plan interpolation method is often used with trajectory optimization 

algorithms. These optimization algorithms are primarily based on dynamic and 

kinematic models, and they adjust planned flight paths by incorporating or 

improving the evaluation of uncertainty factors, thus falling under the category of 

physical-mechanism-based models. RNNs (such as LSTM and GRU) have 

demonstrated excellent time-series memory capabilities regarding deep learning 

models. They have been widely used in many fields, including aircraft TP, where 

they are one of the most commonly used neural network models. However, the 

computational logic of RNNs, which predicts future states based on current and 

historical states, inherently leads to a decline in prediction accuracy as the time 

horizon increases. This makes RNNs more suitable for medium-term prediction 

(time spans of 10 to 20 minutes) but less effective for long-term prediction. 

The nominal trajectory method uses the cluster's centerline as the predicted 

trajectory for that class. However, since each cluster usually has a specific 

distribution range, this method often struggles to achieve high accuracy for TP. In 

contrast, GAN models learn the distribution of target data directly from the 

training set, and their prediction accuracy does not deteriorate with more extended 

time spans, making them particularly suitable for medium- to long-term TP. The 

research and comparative experiments in Chapter 4 show that CTGAN is well-

suited for aircraft TP applications, especially for medium- to long-term predictions. 

That being said, CTGAN, as a GAN-based model, inevitably inherits some of the 

inherent drawbacks of GANs, such as training instability and mode collapse. The 

primary cause of these issues is often the multi-modal nature of the data 

distribution. Clustering can segment data into multiple clusters, reducing the data 

distribution's complexity and mitigating the multi-modal distribution problem. 

Thus, a hybrid model combining clustering algorithms with the CTGAN 

architecture holds promise for improving the performance of medium- to long-

term aircraft TP. This combined model could enhance stability and accuracy by 

leveraging the advantages of clustering to reduce data complexity while retaining 

CTGAN’s strong ability for long-range prediction. 

The overall framework of the 4D aircraft TP method based on trajectory clustering 
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and CTGAN (referred to as C-CTGAN in this thesis) proposed in this section is 

shown in Figure 5.3. It consists of four parts: data preprocessing, trajectory 

clustering, model training, and TP. 

 

 

Figure 5.3 The general framework of the 4D aircraft TP method based on 

clustering and an improved CTGAN architecture. 

5.4.1 Data preprocessing 

The content and methods of data preprocessing in this chapter are the same as 

those in Chapter 4, mainly including data cleaning, reorganization, and time 

parameter normalization. For details, see Section 4.3.3.1. 

5.4.2 Trajectory clustering 

Clustering, an unsupervised ML method, has been widely used in various fields 

[202], such as data mining, pattern recognition [203], image analysis, 

bioinformatics, and recommendation systems. Trajectory clustering can be used 

to discover hidden trajectory patterns in an airspace model that are not easy for 
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humans to identify. The use of such hidden patterns helps improve the accuracy 

of TP [202]. For the CTGAN architecture, existing studies have shown that the 

CTGAN model integrated with the K-means method can effectively learn the 

distribution of data and then address imbalance issues in tabular data [178]. This 

is because clustering can be used to divide and classify data, decompose complex 

problems into relatively simple ones, and reduce the difficulty of problem 

processing. Based on this classification approach, the CTGAN can effectively 

learn the distribution characteristics of the data. For flights on the same route, an 

aircraft's trajectory parameters are primarily related to the aircraft's planar position 

(latitude and longitude). Considering this property, clustering is used to extract the 

plane position features from ADS-B data. The clustered trajectories are input into 

the CTGAN model as additional parameters to improve the TP accuracy. 

5.4.2.1 K-medoids clustering algorithm 

For trajectory clustering, we adopt the K-medoids algorithm. Its primary 

advantages are twofold: it robustly identifies planar features while being 

insensitive to noise and outliers, a clear improvement over K-means [204]; and it 

simplifies the clustering process compared to DBSCAN, as it only necessitates 

tuning the number of clusters to achieve optimal results. Considering that outliers 

inevitably exist in ADS-B data and that aircraft trajectory clustering is more 

suitable than DBSCAN clustering, we selected the K-medoids clustering method. 

Outliers in trajectory data can significantly affect the performance of clustering 

and prediction models. To handle outliers, we implemented the following steps: 

1). Initial data cleaning: We first performed an initial cleaning to remove any 

apparent errors and anomalies in the data, such as missing values, erroneous 

coordinates, and unrealistic speed or altitude changes. 2). Statistical analysis: We 

used statistical methods to identify potential outliers. Specifically, we calculated 

the z-scores for various trajectory parameters (e.g., speed, altitude) and removed 

data points that fell beyond a certain threshold (e.g., |z| > 3). This statistical 

approach helps detect data points that deviate significantly from the mean. 3). 

Visual inspection: For critical points regarding outliers, we visually inspected the 

trajectories to ensure that no significant flight patterns were wrongly identified as 

outliers. This step helps verify that the outliers identified by statistical methods 

are anomalies. 
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5.4.2.2 Selection of the number of clusters 

The key to K-medoids clustering is to choose an appropriate number of clusters 

K. In this section, the elbow method and silhouette coefficient (SC) [205] are used 

to select the expected number of clusters. The elbow method generally uses the 

sum of squared errors (SSE) to calculate the overall loss of each cluster, and the 

formula is as follows: 

𝑆𝑆𝐸⁡ = ⁡∑ ∑ |𝑝 − 𝑚𝑖|
2

𝑝∈𝐶𝑖
𝑘
𝑖=1                               (35) 

where 𝐶𝑖 refers to the 𝑖𝑡ℎ cluster, 𝑝 represents a sample point in 𝐶𝑖, and 𝑚𝑖 is the 

centroid of 𝐶𝑖. When the appropriate number of clusters is reached for the given 

data, the changes in the SSE tend to be stable. K is the expected number of groups, 

which are generally located at the elbow of the curve, as shown in Figure 5.4. 

 

Figure 5.4 The SSE curve for determining the appropriate K value via the elbow 

method. 

The silhouette coefficient reflects the quality of trajectory clustering based on 

cluster closeness and the separation between clusters; it is expressed as: 

effect.𝑆𝐶(𝑥) ⁡= ⁡
𝑏(𝑥)−𝑎(𝑥)

𝑚𝑎𝑥{𝑎(𝑥),𝑏(𝑥)}
                                (36) 

where 𝑎(𝑥) is the average distance between 𝑥 and the other trajectories in the 

cluster and 𝑏(𝑥) is the average distance between 𝑥 and the other trajectories in the 

nearest-neighbor cluster. Generally, the closer SC is to 1, the better the clustering 

effect.  
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In this section, we first calculate the SSE of the data set and plot the SSE as K 

changes. Next, we select three adjacent K values at the elbow of the curve and 

calculate the SC for different K values. Finally, we choose the K value with the 

SC closest to 1, which is the optimal number of clusters. 

5.4.3 Model training 

5.4.3.1 Improved CTGAN architecture 

In this work, three improvements are made to the original CTGAN to improve the 

accuracy of TP by combining the characteristics of the ADS-B data and the results 

of aircraft trajectory clustering. 

The first improvement addresses the aircraft characteristics contained in the ADS-

B data. We perform sampling with the actual data frequencies instead of 

logarithmic frequencies. The purpose of this strategy is to prevent the synthesizer 

from unrealistically oversampling rare classes. In this context, rare classes refer to 

specific categories or attributes within the ADS-B data that occur relatively 

infrequently. Oversampling these occasional classes could disrupt model 

convergence [183]. Therefore, actual data frequencies are adopted to maintain a 

balanced and representative dataset for improved model training and performance. 

In addition, we use target encoding instead of one-hot encoding to cluster the 

trajectory results. When the number of cluster centers increases, one-hot encoding 

adds many dimensions to the dataset but does not provide much information. 

These dimensions can lead to very sparse results from the generator, making 

optimization challenging, especially for neural networks. Even worse, each pair 

of information-sparse columns is linearly related. This linear relationship means 

that one variable can be easily predicted using other variables, resulting in 

problems of parallelism and multicollinearity in high-dimensional cases. In 

contrast, target encoding only occupies one feature space for processing trajectory 

clusters, so it can represent the relationships between categorical and target 

variables more directly. Therefore, we choose target encoding. 

The third improvement is that we input clustering data in the generator as 

additional parameters to improve the TP accuracy. Figure 5.5 shows the 

architecture of the improved CTGAN. Differences from the original CTGAN are 

marked in red. 
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Figure 5.5 Improved CTGAN architecture based on the K-medoids clustering 

method. 

The improved CTGAN architecture consists of a generator network and a 

discriminator network. In the generator network, the columns of the ADS-B data 

are normalized using a variational GMM. The selected clusters are converted to 

binary columns via target encoding and then concatenated with the normalized 

column vectors to form a combined vector. We input this vector and random noise 

into the fully connected generator layer as inputs. The first and second hidden 

layers are fully connected with 256 nodes, and the ReLU function (set to 750 

dimensions to produce stable and efficient updates) is applied for batch 

normalization [206]. The last layer converts the neurons from 512 dimensions to 

1 output dimension. The alpha values of the Gumbel softmax [207] function and 

the tanh function are set to 0.2, the same as in the original CTGAN.  

The discriminator network adopts the same settings as those of the original 

CTGAN architecture. The PacGAN framework [186] is employed, and 10 

samples are used in each Pac to prevent model loss. We uniformly set the leaky 
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ReLU parameter to 0.2 and the dropout function [187] parameter to 0.3. Finally, 

the loss is determined based on a WGAN and used to linearly transform the 

gradient [53]. The learning rate of adaptive moment estimation (Adam) 

optimization is set to 5 ∙ 10−4. 

5.4.3.2 Model evaluation metrics 

During model training, the CTGAN treats each row of tabular input data as an 

independent sample for random sampling without considering the order between 

rows. It learns to extract the overall distribution characteristics of the data through 

these samples. Based on the input data and the learned distribution characteristics, 

it outputs generated data in tabular form, where the rows are randomly arranged. 

For aircraft TP models, the input to the CTGAN generator is typically actual time 

series trajectory data. The generated output data consist of nontime-series random 

data that reflect the distribution characteristics of the trajectories. Therefore, there 

is no direct one-to-one correspondence between them. For the evaluation of model 

training results, if the distributions of two datasets are very close, the means of 

their trajectory parameters will also be very close. The mean values can 

approximately reflect the gap between the actual distribution and the generated 

distribution, so the mean values can be used to reflect the similarity between the 

generated data and the input dataset. To accurately evaluate the model, we use the 

MMD (maximum mean discrepancy) from the data distribution perspective and 

the MED (mean Euclidean distance) from the trajectory distance perspective. The 

formula can be found in Section 4.3.2. 

5.4.3.3 Training process 

To ensure the robustness and reliability of our model, we divided our dataset into 

three subsets: training, validation, and testing data. The following steps outline 

our process: 

1). Data splitting 

Training data: We used 80% of the dataset to train the model. This subset was 

used to learn the underlying patterns and relationships in the flight trajectory data. 

Validation data: 10% of the dataset was allocated for validation. The validation 

data was used to tune hyperparameters and prevent overfitting by evaluating the 
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model's performance during training. 

Testing data: The remaining 10% of the dataset was reserved for testing. This 

subset was not exposed to the model during training and was used to assess the 

model's generalization capability and final performance. 

2). Normalization 

We applied a Model-Specific-normalization technique to the input features to 

ensure all variables had a similar scale. This step was crucial for enhancing the 

convergence and stability of the training process. 

3). Model training 

K-medoids clustering: The K-medoids clustering was integrated with CTGAN to 

enhance the model's ability to handle mixed and complex trajectory patterns.  

CTGAN model: We trained the CTGAN model using the training data, ensuring 

that the model could capture the complex distributions and dependencies in the 

trajectory data. The training process involved multiple iterations, adjusting the 

model parameters to minimize the loss function. 

4). Validation and hyperparameter tuning 

We monitored the model's performance on the validation data throughout the 

training process. Hyperparameters such as the number of epochs, learning rate, 

and batch size were tuned based on the validation results to optimize the model's 

performance. This iterative process helped in selecting the best model 

configuration. 

5). Evaluation 

After training, we evaluated the model's performance on the testing data. MMD 

and MED metrics were used to quantify the model's accuracy and robustness. The 

testing phase ensured that the model's performance was consistent and reliable on 

unseen data. 

By providing this detailed explanation, we aim to clarify the training process and 

demonstrate the rigor applied to ensure the model's reliability and accuracy. 
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5.4.4 Trajectory prediction 

After the C-CTGAN model is trained, it can be used for TP. The planned route is 

input into the trained model when predicting the trajectory. C-CTGAN will output 

the prediction results of each trajectory segment according to the classification 

and form a complete predicted trajectory after splicing, which is the final 

prediction result. Since the aircraft-planned route data corresponding to the 

historical trajectory cannot be obtained, the planned route in the experiment is 

replaced by the historical trajectory of the test data set. 

5.5 Experiment and analysis 

5.5.1 Data preparation 

5.5.1.1 Experimental data 

This chapter uses the same data source as Chapter 4, namely the ADS-B dataset 

around HKIA (Hong Kong International Airport) collected by the HKO from 

December 23 to December 27, 2016. 

5.5.1.2 Data processing and grouping 

First, following the method outlined in Section 4.3.3.1, ADS-B data are initially 

converted from the ASTERIX category 021 format to tabular form, followed by 

data cleaning, trajectory organization, and time alignment processing. Next, to 

validate the accuracy, adaptability, and stability of the TP model, two groups of 

data are selected from the preprocessed trajectory dataset, each consisting of 30 

trajectories. The first sample data group consists of trajectories for flights that 

directly arrive and land, with relatively simple trajectory forms and no holding 

pattern data. The second sample data group consists of trajectories for flights with 

holding, with more complex trajectory forms. The trajectory conditions for each 

group are shown in Figure 5.6. Furthermore, the LSTM model indirectly estimates 

the time parameter through the arrangement of trajectory points. Therefore, the 

sample data must be processed into a trajectory composed of a series of trajectory 

points with the same time interval. To compare with those of LSTM-based models, 

the trajectory points of both data groups are recalculated and organized with equal 

time intervals (set as 1 second). Finally, for metric evaluation, each sample data 

group is further divided into training and testing sets at a ratio of 0.8 to 0.2. 
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For the C-CTGAN model, we express the basic characteristics of the data 

distributions using PDFs (probability density functions) of the generated dataset 

and the real dataset. We use the proposed model evaluation metrics, MMD and 

MED, to validate the model's accuracy. In a comparative experiment, we used the 

MAE to uniformly measure the accuracy of the prediction results of the C-

CTGAN, an LSTM-based model, and the original CTGAN method. 

 

Figure 5.6 The selected flight trajectories from waypoints KADLO to VHHH: (a) 

without holding, (b) with holding. 

5.5.2 Test environment and model parameter settings 

The experiment is performed on a PC with Microsoft Windows 10 (CPU: 12th-

Gen Intel(R) Core i9-12900KF at 3.20 GHz, RAM: 64.0 GB, GPU: NVIDIA GTX 

3080). The CTGAN-based models were built using Keras and TensorFlow. The 

detailed training parameters are shown in Table 5.1. 

Table 5.1 Training parameters for the C-CTGAN. 

Parameter Description Value 

Embedding 

dim. 

Size of the random sample passed to the 

generator 

128 

Generator 

dim. 

Size of the output samples for each one of the 

residuals 

(256, 

256) 

Discriminator 

dim. 

Size of the output samples for each one of the 

discriminator layers 

(256, 

256) 

Generator lr Learning rate for the generator 5 ∙ 10−4 
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Generator 

decay 

Generator weight decay for the Adam optimizer 1 ∙ 10−6 

Discriminator 

lr 

Learning rate for the discriminator 5 ∙ 10−4 

Discriminator 

decay 

Discriminator weight decay for the Adam 

optimizer 

1 ∙ 10−6 

Batch size Number of data samples to process in each step 750 

Step ratio Number of discriminator updates to perform for 

each generator update 

1 

Epochs Number of training epochs 50,000 

Pac Number of samples to group together when 

applying the discriminator 

10 

 

For the LSTM-based models, we use MATLAB to run the prediction algorithms 

for comparison purposes, and the proportions of the training set and test set are 

also 0.8 and 0.2, respectively. Previous studies [117] have shown that the accuracy 

of BP neural networks for medium- and long-term aircraft TP is far inferior to that 

of LSTM neural networks. Therefore, we selected four commonly used neural 

networks—LSTM, CNN-LSTM, CNN-LSTM-Attention, and CNN-BiLSTM—

for comparison analysis. The remaining parameters were set as follows: 100 

hidden layers, 2000 epochs, a learning rate of 0.9, and a learning rate reduction 

period of 1600 for LSTM; a 2-layer convolutional network and a convolution 

kernel size of [3,1], where the first convolutional layer has 32 feature maps, the 

second layer has 64 feature maps, and both apply ReLU activation, 100 hidden 

layers, 1000 epochs, a minibatch size of 200, a learning rate of 0.005, a learning 

rate reduction factor of 0.9, and a learning rate reduction period of 800 for CNN-

LSTM; the same as CNN-LSTM, with 100 hidden layers, 80 epochs, a minibatch 

size of 100, a learning rate of 0.005, a learning rate reduction factor of 0.9, and a 

validation frequency of 10 for CNN-LSTM-Attention. The parameters of CNN-

BiLSTM are the same as those of CNN-LSTM, except that the BiLSTM layer is 

used instead of the LSTM layer, the learning rate is changed to 0.001, and the 

learning rate reduction factor is set to 0.1. 
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5.5.3 Model testing and analysis 

5.5.3.1 C-CTGAN model testing and analysis 

First, we cluster the two sample datasets according to the method outlined in 

Section 5.4.2. Based on Equations (35) and (36), the optimal number of clusters 

for both datasets is 6. The clustered trajectories are shown in Figure 5.7, where 

different colors represent different clusters. 

Next, following the method described in Section 5.4.3, we train the model using 

the two sample datasets and calculate their respective MMD and MED based on 

Equations (26) and (29). For the first group of samples shown in Figure 5.7(a), the 

MMD is 0.0415, and the MED is 0.0049. For the second group of examples shown 

in Figure 5.7(b), the MMD is 0.0422, and the MED is 0.0069. Small values of 

MMD and MED indicate high accuracy in generating trajectories. When they are 

both equal to 0, the generated data are identical to the actual data. The parameter 

calculation results show that the predicted trajectory can simulate the actual 

trajectory well and is characterized by high prediction accuracy. 

 

 

Figure 5.7 The clustered flight trajectories from waypoints KADLO to VHHH: (a) 

without holding, (b) with holding. 
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To intuitively observe the similarity between the model-generated data and the 

real data distribution, we calculate the probability density distribution with the 

kernel function as the PDF for all parameters of the two sets of data. This 

probability density distribution difference intuitively reflects the distance between 

the generated and real data distributions. Figure 5.8 shows the PDFs of the time, 

latitude, longitude, geometric height, ground speed, and track angle variables for 

the two datasets. 

We found that there is a good fit between the blue line representing the real data 

distribution and the red line representing the generated data distribution except for 

the TA parameter. This result indicates that the real and generated data have a high 

degree of similarity in their distributions. This observation aligns well with the 

calculated evaluation metrics. 

Comparing Figure 5.8 (b) to Figure 5.8 (a), we notice a significantly poorer fit in 

the case of Figure 5.8 (b), indicating that trajectories with flight holding can 

impact the accuracy of the C-CTGAN model. Regarding the TA parameter, there 

is a situation in which the fit is poor at a particular position, regardless of the 

presence of flight holding data. This is because the trajectory angle values undergo 

a bidirectional mutation from 360 degrees to 0 degrees, significantly affecting the 

output of the C-CTGAN model, which relies on probability density for prediction. 

Fortunately, in long-term TP, parameters such as Lat, Lon, GH, and GS are core 

parameters, while TA is an auxiliary parameter that can be derived from adjacent 

trajectory points. As a result, this approach has a very limited impact on TP. 
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Figure 5.8 Distribution comparison between the generated and real data: (a) 

Flight trajectories without holding, (b) flight trajectories with holding. 

The experimental results demonstrate that the trajectories generated by the C-

CTGAN model exhibit a high degree of similarity with the actual trajectories. It 

should also be noted that compared to the commonly used LSTM-based models, 

CTGAN, being a probabilistic model, performs better in mixed scenarios due to 

its probabilistic nature. 

5.5.3.2 Comparative experiments and analysis 

To further demonstrate the TP accuracy of the C-CTGAN, we conducted 

comparative experiments with two sets of sample data using the LSTM, CNN-

LSTM, CNN-LSTM-Attention, CNN-BiLSTM, and original CTGAN models. 
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Since the MAE provides a direct indication of the degree of conformity between 

the generated and actual trajectories, in the comparative experiments, we 

calculated the MAE for each of the above methods to analyze and compare the 

accuracy of different TP methods. 

(1) Determination of the time span for the LSTM-based models 

Previous research has shown that due to the inherent algorithmic limitations of 

LSTM models, their prediction accuracy decreases rapidly with increasing 

prediction time [107]. To address this issue, we conducted experiments using 

LSTM to predict trajectories with time spans of 1, 3, 5, 7, 10, and 15 minutes, as 

shown in Figure 5.9. This illustrates the trend of the MAE values for various 

relevant parameters; notably, the error rapidly increases with the extension of the 

prediction time span after z-score standardization, consistent with previous 

research findings. A z-score, also called a standard score, is the difference between 

a number and the mean divided by the standard deviation. In statistics, a z-score 

is a signed number of standard deviations indicating if an observation or data point 

is above the mean of the observed or measured values. Scores larger than the mean 

receive a positive standard score, and scores smaller than the mean receive a 

negative standard score. Since medium- to long-term prediction refers to 

predictions with a time span of more than 10 minutes, 10 minutes is selected for 

the LSTM prediction models for comparative analysis. 

 

Figure 5.9 The relationship between the prediction error of the LSTM model and 

the prediction time span after z-score standardization. The ordinate represents the 

MAEs of different parameters. 
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(2) Comparison of TP models 

Table 5.2 and Table 5.3 present the MAEs for TP using the models based on the 

data with and without holding, respectively. In these tables, Lat represents the 

latitude, Lon represents the longitude, GH represents the geometric height, GS 

represents the ground speed, and TA represents the track angle. 

Table 5.2 MAE comparison among the LSTM, CNN-LSTM, CNN-LSTM-Attention, 

CNN-BiLSTM, original CTGAN, and C-CTGAN models based on flight 

trajectories without holding. 

Model 
MAE 

Lat (°) Lon (°) GH (ft) GS (NM/s) TA (°) 

LSTM 0.0116 0.0357 684.3974 0.0045 5.0389 

CNN-LSTM 0.0093 0.0340 789.4817 0.0038 8.7183 

CNN-LSTM-Attention 0.0101 0.0580 814.9366 0.0044 8.7585 

CNN-BiLSTM 0.0106 0.0346 700.9499 0.0047 7.6823 

Original CTGAN 0.0043 0.0297 266.3775 0.0023 3.2114 

C-CTGAN 0.0028 0.0289 204.6852 0.0006 2.0433 

 

Table 5.3 MAE comparison among the LSTM, CNN-LSTM, CNN-LSTM-Attention, 

CNN-BiLSTM, original CTGAN, and C-CTGAN models based on the flight 

trajectories with holding. 

Model 
MAE 

Lat (°) Lon (°) GH (ft) GS (NM/s) TA (°) 

LSTM 0.0216 0.0782 2025.96 0.0054 15.9191 

CNN-LSTM 0.0213 0.0929 1449.65 0.0035 13.8093 

CNN-LSTM-Attention 0.0339 0.2300 3250.20 0.0068 31.2471 

CNN-BiLSTM 0.0299 0.1810 2972.91 0.0072 27.3524 

Original CTGAN 0.0230 0.1164 1460.80 0.0041 17.5870 

C-CTGAN 0.0183 0.0709 993.61 0.0034 18.5150 

 

1). Comparative analysis of LSTM-based models 

Table 5.2 and Table 5.3 indicate that the CNN-LSTM model performs the best. 
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Based on the sample without holding data, the MAEs of various parameters (Lat, 

Lon, GH, GS, TA) for the LSTM-based models are generally small, and the MAEs 

for the same parameters are similar overall. This indicates that all models yield a 

high level of TP accuracy. Based on the sample with holding data, the MAEs of 

trajectory-related parameters for the LSTM-based models increase significantly, 

and the differences in the MAEs for the same parameter are notably different 

among different models. This indicates a significant difference in TP accuracy for 

different models. The results also suggest that different models have varying 

degrees of adaptability to the sample data. 

2). Comparative analysis between the C-CTGAN, original CTGAN and CNN-

LSTM models 

Since CNN-LSTM is the best-performing model of the LSTM family, we use it as 

the representative to perform a comparative analysis with other models. The data 

in Table 5.2 and Table 5.3 show that the MAEs of the trajectory-related parameters, 

except TA, in the C-CTGAN model are smaller than the corresponding values of 

the original CTGAN and CNN-LSTM models. The C-CTGAN model 

significantly outperforms the original CTGAN and CNN-LSTM models in terms 

of key TP parameters. For the data without holding, the TP accuracy of the C-

CTGAN is considerably better than that for the data with holding. 

When using the sample dataset without holding trajectories, the C-CTGAN model 

reduces the MAEs of core trajectory parameters such as latitude, longitude, 

geometric altitude, and ground speed by 69.89%, 15.00%, 74.07%, and 84.21%, 

respectively, compared to those of the CNN-LSTM model. Compared to those of 

the original CTGAN, the MAEs of the core parameters are reduced by 20.43%, 

39.09%, 31.98%, and 17.07%, respectively. 

When using the sample dataset with holding trajectories, the C-CTGAN model 

shows significant improvements in predicting parameters such as latitude, 

longitude, geometric altitude, and ground speed, with MAE reductions of 14.08%, 

23.68%, 31.46%, and 2.86%, respectively, when compared to those of the CNN-

LSTM model. Compared to those of the original CTGAN, the MAEs of the core 

parameters are reduced by 34.88%, 2.69%, 23.16%, and 73.91%, respectively. 
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Table 5.2 and Table 5.3 also indicate that for nonholding sample data, the TP 

accuracy of the original CTGAN is significantly better than that of the CNN-

LSTM model. However, in the case of the holding dataset, the TP accuracies of 

the two models are essentially equivalent. 

3). Typical TP visualization 

To compare the medium- and long-term TP effects of different models in an 

intuitive manner, we select flight CPA405 (trajectory without holding) and flight 

ANA859 (trajectory with holding) as examples to examine the differences 

between the TP parameters among the CNN-LSTM, CTGAN, and C-CTGAN 

models. We smoothed the trajectory parameters based on the CTGAN and the C-

CTGAN models for easy visualization. 

Figure 5.10 displays the prediction results of the original CTGAN, C-CTGAN, 

and CNN-LSTM models based on the CPA405 dataset. According to the 

visualized experimental results, the C-CTGAN model can fit the actual trajectories 

and predict the overall trajectory trend effectively. Compared to those of the C-

CTGAN model, the predictions of the original CTGAN and CNN-LSTM models 

roughly align with the direction of the actual trajectory. However, there is still a 

particular gap in fitting accuracy. This result is consistent with the results in Table 

5.2. Compared to the original CTGAN, C-CTGAN exhibits a smaller average 

distance deviation, better meeting the accuracy requirements for TP. 
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Figure 5.10 Comparison of the prediction results of the CNN-LSTM, CTGAN, and 

C-CTGAN models for flight CPA405 (trajectory without holding). 

Using the actual flight trajectory of ANA859 as a reference, we examined the 

differences in the predicted trajectory parameters among the original CTGAN, C-

CTGAN, and CNN-LSTM models, as shown in Figure 5.11. With the introduction 

of clustering as an additional step, C-CTGAN is better equipped to handle 

parameter fluctuations caused by holding and learn the data distribution compared 

to other models. Overall, the C-CTGAN model achieves the highest prediction 

accuracy, which is consistent with the results in Table 5.3. 
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Figure 5.11 Comparison of the prediction results of the CNN-LSTM, CTGAN, and 

C-CTGAN models for flight ANA859 (trajectory with holding). 

By comparing Figure 5.10 and Figure 5.11, it can be observed that the predicted 

trajectory parameters in Figure 5.10 generally better fit the real trajectory 

parameters than those in Figure 5.11. This finding aligns with the findings in Table 

5.2 and Table 5.3, indicating that the holding trajectory data have a significant 

impact on the TP accuracy. 



201 

 

5.5.3.3 Comparison and analysis of model complexity 

Analyzing model complexity is fundamental for efficient resource utilization, 

scalability, performance optimization, practical deployment, understanding trade-

offs, and informed decision-making in developing and applying ML models. So 

in this section, we compared the model complexity between the LSTM-based 

models and CTGAN models. 

1). LSTM-based models 

The computational complexity of an LSTM model primarily depends on the 

dimensions of its inputs, outputs, and hidden states. 

The computational complexity of an LSTM model for a sequence of length 𝑇 is: 

𝑂(𝑇(𝑑ℎ + ℎ2)) , where 𝑑  is the length of the sequence, ℎ  is the input vector 

dimension, and 𝑇 is the number of hidden units. 

This complexity describes the amount of computation needed for the LSTM to 

process an input sequence of 𝑇 length. For large-scale data and complex models, 

this complexity can significantly impact the training and prediction efficiency. 

Optimizations and hardware acceleration (like using GPUs) are often employed 

in practice to handle the computational demands of LSTM models effectively. 

2). CTGAN-based models 

The computational complexity of training a CTGAN model involves 

understanding the complexities of both the generator and the discriminator, as well 

as the overall training process.  

The computational complexity of training a CTGAN model is: 𝑂(𝑇 ×𝑚 × ℎ ×

(𝐿 × 𝑑 + 𝐾 × 𝑛)), where 𝑇 is the number of training epochs, 𝑚 is the batch size, 

ℎ is the number of hidden units in the layers, 𝑑 is the input vector dimension for 

the generator, 𝑛 is the number of features in the tabular data, and 𝐿 and 𝐾 are the 

number of layers in the generator and discriminator, respectively. 

This complexity estimate provides insight into the computational resources 

required for training a CTGAN model, highlighting the importance of efficient 

implementation and potential hardware acceleration for handling large datasets 

and complex models. 
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3). Comparison between the LSTM-based models and CTGAN models 

LSTM models are particularly computationally intensive for long sequences and 

sizeable hidden state sizes. The quadratic dependency on the number of hidden 

units h makes them more sensitive to changes in h. CTGAN models depend on the 

depth and width of both the generator and discriminator networks. The complexity 

grows linearly with the number of features n and the dimension of the input vector 

d, as well as with the number of layers and hidden units. Regarding the ADS-B 

dataset, the CTGAN model is more complex than the LSTM model. In our 

experiments, CTGAN model, being a probabilistic model, requires significantly 

more time to run a complete cycle compared to LSTM-based models. Specifically, 

the CTGAN-based models take approximately 5 to 6 hours per model in the 

training process, while the LSTM-based models typically take between 40 minutes 

to 1.5 hours per model. Using the actual flight trajectory of ANA859 as a reference, 

the CNN-LSTM model takes 1.097 seconds for prediction, while the C-CTGAN 

model takes 2.273 seconds. 

While the CTGAN-based model requires more training time and computational 

resources, it offers significant advantages in terms of accuracy and robustness in 

medium- and long-term TPs. The probabilistic nature of CTGAN allows it to 

perform better in mixed and complex scenarios than the LSTM-based model. 

5.5.4 Experimental conclusion 

1). In this section, the accuracy of the C-CTGAN model is evaluated using the 

MMD and MED metrics, which assess the model from the perspectives of data 

distribution and ballistic distance. While MMD and MED are adequate for 

evaluating GAN-based models, they are unsuitable for evaluating LSTM-based 

models. In contrast, MAE can be used for both types of models. Therefore, MAE 

is employed as an evaluation metric to compare the C-CTGAN model with LSTM, 

CNN-LSTM, CNN-LSTM-attention, CNN-BiLSTM, and the original CTGAN 

model. The results demonstrate that our model significantly outperforms the 

LSTM-based and original CTGAN models in predicting medium- and long-term 

trajectories. The clustering method effectively enhances the accuracy of the 

CTGAN model in TP. 

2). Compared to the best-performing model in the LSTM family, the CNN-LSTM 



203 

 

model, the C-CTGAN model reduces the MAEs of key trajectory parameters such 

as latitude, longitude, geometric altitude, and ground speed by 69.89%, 15.00%, 

74.07%, and 84.21%, respectively, when using a dataset of unseen trajectory 

samples. Compared to the original CTGAN method, this approach reduces MAEs 

in latitude, longitude, geometric altitude, and ground speed by 20.43%, 39.09%, 

31.98%, and 17.07%, respectively. Furthermore, compared to the CNN-LSTM 

model, the C-CTGAN model shows significant improvement in predicting latitude, 

longitude, geometric altitude, and ground speed, with MAE reductions of 14.08%, 

23.68%, 31.46%, and 2.86%, respectively. Compared to the original CTGAN 

algorithm, the MAEs of this method decrease by 34.88%, 2.69%, 23.16%, and 

73.91%, respectively, for these parameters. 

3). In the comparative experiments, the time span of predictions for LSTM-based 

models was 10 minutes. As the prediction time span increases, the advantages of 

the C-CTGAN model over LSTM-based TP models become more pronounced. 

The experiments also show that the trajectory segments used significantly impact 

the accuracy of the model’s TP. 

4). The experiments demonstrate that distinguishing trajectory types is crucial for 

maintaining TP accuracy. While the C-CTGAN model accurately predicted 

specific aircraft trajectories, its performance changed significantly when 

introducing holding patterns. It is essential to differentiate between scenarios with 

and without holding patterns. Applying a TP model without determining the 

trajectory mode, especially when holding patterns are involved, leads to decreased 

prediction accuracy. Therefore, future work must improve the model's handling of 

mixed data patterns to ensure robust performance across all trajectory types. One 

standard solution is to determine the trajectory mode based on information such 

as weather and flight plans, then select the pre-trained TP model corresponding to 

the identified mode. 

In conclusion, the C-CTGAN model demonstrates significant advantages in TP, 

particularly in medium- and long-term prediction scenarios. Clustering improves 

TP accuracy, making this model a superior choice for complex medium- and long-

term TP tasks. 
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5.6 Chapter summary 

This chapter focuses on medium- and long-term TP and undertakes the following 

tasks: 

1). Analysis of the current research on medium- and long-term TP 

The primary models for medium- and long-term TP can be categorized into 

aircraft planning- and ML-based models. Most aircraft planning-based TP models 

are physics-based and aim to reduce or limit uncertainty to improve TP accuracy. 

One common approach to achieve this is by improving the accuracy of weather 

forecast data (including real-time weather conditions), which is used to adjust 

planned flight paths and enhance prediction accuracy. In contrast, there is limited 

research and few results in ML-based TP for medium- and long-term time spans. 

Achieving high accuracy and reliability in medium- and long-term TP remains a 

significant challenge. 

2). Analysis and summary of common clustering methods and medium- and long-

term TP models 

This section provides a detailed introduction to commonly used clustering 

methods such as K-means, K-medoids, and DBSCAN, along with an analysis of 

their characteristics. Additionally, it introduces TP models such as flight plan 

interpolation, stateful LSTM, Conv1D-GAN, and nominal flight path models for 

medium- and long-term prediction. The composition and features of these models 

are discussed in detail. 

3). Proposal of a 4D TP method based on K-medoids clustering and the CTGAN 

(C-CTGAN) framework 

The proposed method begins by segmenting historical trajectories using a 

clustering model to reduce trajectory complexity. Each segment is then trained 

with its model. During TP, the trained models produce segment-wise predictions 

based on the input flight plan, stitched together to form the final predicted 

trajectory. The method was designed with optimizations to the original CTGAN 

model, considering the characteristics of ADS-B data and the requirements of 

medium- and long-term TP to improve performance. Additionally, evaluation 
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methods and metrics were proposed to assess and verify the accuracy and stability 

of the models. 

4). In-depth comparative experiments to validate the proposed C-CTGAN model’s 

performance in medium- and long-term TP 

Based on the actual conditions of the experimental area, flight trajectories were 

classified into two types: with and without holding patterns. The proposed model 

was then compared against LSTM, CNN-LSTM, CNN-LSTM-Attention, CNN-

BiLSTM, and the original CTGAN models using data from both types of 

trajectories to evaluate the model's performance. The analysis showed that the 

proposed C-CTGAN model significantly improved accuracy in medium- and 

long-term TPs. Finally, the complexity of the models was compared and analyzed. 
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Chapter 6.  

Aircraft trajectory prediction 

considering weather factors and 

minority-class sample types 

Weather is a critical factor influencing flight, with convective weather and severe 

turbulence significantly impacting flight safety. These conditions are often the 

primary reasons for changes in aircraft trajectories. Typically, aircraft follow 

planned flight paths outlined by ATC. However, when encountering convective 

weather and severe turbulence, ATC may direct flying aircraft to alter their flight 

paths (either horizontally or vertically) and adjust their arrival times at designated 

locations to avoid adverse weather conditions. Even when aircraft follow their 

planned routes, significant deviations may occur due to poor weather. Therefore, 

accounting for weather factors, especially the impact of severe weather on TP, is 

crucial for enhancing the safety and efficiency of air transport [71]. 

This chapter focuses on the technical methods for incorporating weather factors 

into TP. Specifically, it addresses the challenge of generating minority-class 

sample data for weather events, such as severe weather, which significantly impact 

TP but are underrepresented in datasets. The effectiveness of the proposed data 

augmentation methods is validated through experiments. 

6.1 Research background 

Commonly used aircraft TP methods that consider weather effects can be 

summarized into two categories: traditional TP and ML. 

As an essential input parameter for traditional ballistic prediction methods, 

weather significantly affects TP accuracy. Therefore, many authors have proposed 

various methods to mitigate the impact of weather uncertainty. For example, 

Porretta et al. [31] used a standard civil aircraft 3D point mass model to simulate 
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aircraft dynamics and predict aircraft trajectories. The paper decomposed the wind 

field into two components: nominal and random. The nominal wind was simulated 

as a lookup table, and the random wind was the deviation between the wind field 

and the nominal wind, which was derived from samples obtained from 

measurements or weather forecasts. The participation of random wind as an 

influencing factor in the calculation improved the accuracy of TP. Tang et al. [38] 

proposed a method for extracting nominal flight profiles and correcting route 

meteorological forecasts. Extracting flight intentions from historical trajectory 

data eliminated the randomness of historical flight altitude distribution caused by 

meteorological factors. The DSW algorithm was used to measure the distance 

between two flight altitude lines and extract a nominal flight profile representative 

of the route. The Cressman interpolation method was used to correct the GRIB 

data in combination with the new AMDAR data forwarded by another reference 

aircraft to eliminate meteorological forecast errors. Based on the nominal flight 

profile and higher-precision meteorological forecast data, the accuracy of strategic 

4D trajectory forecasts is improved. 

However, improvements to traditional TP methods still struggle to meet the high-

precision, multi-dimensional prediction requirements of the TBO environment. 

Therefore, in recent years, more and more scholars have turned to ML methods to 

learn from historical flight trajectories and meteorological data for aircraft TP. 

Since ML methods do not require explicit modeling of aircraft performance, 

procedures, and airspace but rather learn patterns from massive data, they can 

effectively distinguish the influence of weather factors on aircraft trajectories to a 

large extent. Therefore, they are very suitable for weather-related aircraft TP tasks. 

The effectiveness of prediction improves as the volume of sample data used for 

learning increases. Currently, proposed prediction models include GMM, HMM, 

MLP, CNN, LSTM, and GAN [52], [91]. 

Liu and Hansen proposed a deep generative network framework for aircraft TP 

[208], which consists of an LSTM encoder network and a mixture density LSTM 

decoder network. The decoder network learns spatiotemporal correlations from 

historical flight trajectories and outputs parameters of a GMM. This model uses 

beam search, adaptive Kalman filtering, and the Rauch-Tung-Striebel smoothing 

algorithm during inference. It can take high-dimensional weather features (wind, 
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temperature, and convective weather) and the final flight plan as input conditions 

to predict the aircraft's 4D trajectory. 

Inspired by [208], Pang et al. proposed a network architecture that embeds 

convolutional layers into LSTM units to predict trajectories based on convective 

weather conditions before aircraft takeoff and flight plans [106]. In this model, ET 

(echo top) data is used as weather condition data and flight plan input to the LSTM 

layer to predict the aircraft's position. The results showed an improvement in the 

accuracy of 47% of flight plans, with an average increase of 12.3%. However, this 

result focuses on 3D trajectory prediction (ignoring altitude factors). Subsequently, 

Pang et al. replaced the previous LSTM units with CGAN architecture to predict 

trajectories based on ET data and flight plans [209]. This improved flight plan 

accuracy to 55.2%, with an overall variance reduction of 22.1%. Building upon 

this, Pang et al. extended their research to 4D TP [14], reporting errors in 

understandable forms of latitude, longitude, and feet altitude. Horizontal errors 

typically occurred within 1 degree of latitude and longitude, approximately 60 

nautical miles (nmi), and 100 feet (ft) altitude. This study improved the accuracy 

of aircraft TP by explicitly considering weather uncertainty through weather 

feature extraction methods. 

Recent research on weather-related aircraft TP is referenced in [92]. Schimpf et 

al. proposed a generalized hybrid-recurrent prediction model for aircraft TP to 

eliminate potential biases in model training across different routes and dates. This 

model combines CNN, SA, LSTM, and GRU, enabling route generalization and 

improving flight TP accuracy. In this approach, the weather is processed into 

cubes using conventional methods. After feature extraction, it is connected with 

relevant trajectory point information as feature inputs for model learning and 

prediction. The study also comprehensively compares weather products used in 

previous literature (includes ET, vertical integrated liquid (VIL), temperature, 

west wind speed and south wind speed) and their combined effectiveness, 

suggesting that the ET feature is the most suitable overall weather product for 

aircraft TP. 

In summary, while these studies have made significant progress in considering 

weather-related aircraft TP tasks, most of their proposed models and datasets only 
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account for general convective weather and do not consider in-depth research on 

the impact of severe weather conditions. Challenges still exist in predicting 

aircraft trajectories under severe weather conditions. In this chapter, severe 

weather refers to meteorological conditions that significantly negatively affect 

aviation safety and operations, mainly strong convective weather, excluding 

extreme adverse weather conditions where aircraft cannot fly. The severe weather 

can be distinguished from general convective weather through ET data. 

Predicting aircraft trajectories under severe weather conditions presents two main 

challenges. First, datasets containing severe weather and the corresponding flight 

data are scarce, making these minority-class sample datasets. Deep neural 

networks commonly used today often employ mini-batch stochastic sampling 

methods to enhance training efficiency. Since minority-class sample data are less 

likely to be selected, extracting the relevant feature knowledge is challenging. The 

second challenge is that severe weather significantly impacts aircraft trajectories 

more than general convective weather, resulting in more significant trajectory 

deviations. These deviations are easily identified as outliers by ML algorithms and 

thus are often ignored. Therefore, conducting research on TP technology based on 

minority-class category sample data is the key to solving the problem of TP under 

severe weather conditions. 

6.2 Weather factor representation and data processing methods 

6.2.1 Weather factor representation 

Many weather factors influence flight, such as temperature, humidity, wind speed 

and direction, precipitation, thunderstorms, turbulence, cloud cover, and visibility. 

These elements typically exist in the form of weather data products, and their use 

in practice depends on factors such as the degree to which they influence trajectory 

in a given application, their compatibility with trajectory information, and the ease 

of accessing these resources. 

In deep learning-based TP, weather is an essential factor that affects prediction 

accuracy. Therefore, it must be included as input data during model training and 

used as a control variable during TP to enhance precision. Weather data is 

typically processed into a cube and, after feature extraction, is connected with 
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corresponding trajectory point information, which is then input into the model 

during learning and prediction. The concept of the weather cube was first 

introduced by Ayhan and Samet [52], and it has since had a significant influence 

on subsequent TP models that take weather into account. The core idea is to treat 

airspace as a 3D grid network and store weather information within each grid. By 

establishing connections between each trajectory point and the weather grids 

ahead of it, these grids form a joint 4D trajectory cube, as illustrated in Figure 6.1. 

Most research studies considering weather impacts on TP have since referenced 

this weather cube concept. 

 

Figure 6.1 Weather cube concept diagram. 

The three directions of the cube are consistent with the along-track direction, 

cross-direction, and vertical direction of the aircraft trajectory, and its size should 

cover the area of concern when considering weather impacts in actual flight. When 

considering the effect of multiple weather factors, multiple cubes can represent 

each cube corresponding to one weather factor. 

6.2.2 Weather cube calculation 

The weather cube calculation method usually adopts the method introduced in the 

literature [80], which is as follows: 

Weather Cube Generation 

Data: Actual trajectory data, weather data 
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Input: Trajectory points, cube size, weather 

Output: Weather Cube Coord, Weather Cube 

1). Convert the weather data coordinates to Mercator projection coordinates. 

2). Convert the trajectory point coordinates to Mercator projection coordinates. 

For each point in trajectory point, do: 

3). Determine the flight direction. 

4). Find a line perpendicular to the normal at the current position. 

5). Generate 20 points along this perpendicular line. 

For each step in Cube Size, do: 

6). From each of these 20 points, move to the next point to the right, which lies 

along a new perpendicular line parallel to the previous line, at a distance equal to 

the step size. 

7). Generate 20 points along the new perpendicular line. 

8). From the rightmost of these new 20 points, move one more step to the right. 

End of the loop over Cube Size steps. 

End of the loop over trajectory points. 

9). Save Weather Cube Coord and Weather Cube. 

6.3 Minority-class sample data processing 

6.3.1 Characteristics of minority-class sample types 

Minority-class samples refer to one or several types of samples that constitute a 

tiny proportion of the overall dataset, resulting in data imbalance. The causes of 

imbalanced datasets can be categorized into two factors: one is the inherent 

imbalance of phenomena in nature, and the other is practical limitations during the 

data collection process, which leads to fewer examples of one or more categories. 

In many application scenarios, minority classes are often the main focus of 

attention. The absolute number of minority-class samples might still be 
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considerable, even in large datasets. 

The appearance of the minority-class problem is closely related to how sample 

data is used during the training of deep learning models. Commonly used ML 

methods often adopt mini-batch stochastic sampling techniques to speed up the 

training process and improve the model's generalization ability. As a result, 

minority-class samples have a lower chance of being selected, making it 

challenging to extract relevant feature knowledge. This is particularly true for 

deep neural networks, which learn complex nonlinear relationships from data 

distributions—minority-class sample sizes make it difficult for the model to 

accurately capture hidden and complex relationships. 

Minority-class samples differ from small samples, as the former pertains to the 

issue of data imbalance. This requires more consideration of the relationship 

between minority- and majority-class samples. When performing data 

augmentation, it is crucial to maintain a clear boundary between the minority and 

majority classes to avoid misclassification in future applications. Additionally, 

minority-class samples often include several smaller subclasses, and the 

relationships and distribution characteristics among these subclasses are crucial 

for enabling finer-grained learning and improving the performance of machine-

learning models. This is an important aspect to consider while auguring minority-

class samples. 

6.3.2 Methods for processing minority-class samples 

The issue of minority-class samples is essentially a problem of data imbalance. 

There are four main approaches to addressing data imbalance: data-level methods, 

algorithm-level methods, cost-sensitive methods, and ensemble methods [176]. 

1). Data-level methods involve balancing the class distribution by removing some 

samples from the majority class or adding new samples to the minority class. 

Undersampling methods risk losing statistical information and reducing dataset 

size, while oversampling methods may introduce noise into the data and affect the 

learning ability of ML classifiers. In some cases, both methods can be combined 

to address class imbalance. 

2). Algorithm-level methods aim to address the imbalance by modifying the 
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workflow of ML models. For example, in SVMs, the hyperplane can be guided by 

a bias term b to maximize the margin separating the two classes. Penalty constants 

can be introduced for each class, where the cost of misclassifying a minority-class 

instance is higher than that for the majority class. Additionally, designing 

hyperparameters that differentiate between majority and minority classes is 

another effective way to implement algorithm-level methods. 

3). Cost-sensitive methods combine data-level and algorithm-level approaches to 

minimize the overall cost of misclassification. In real-world applications, minority 

classes are often assigned a higher cost compared to majority classes. 

4). Ensemble methods involve training multiple ML classifiers to improve 

learning accuracy from imbalanced data. Ensemble methods increase accuracy by 

combining the results of various classifiers, making them more stable and reliable 

than single-classifier methods. In some cases, modifying the base learners' code 

can yield better results when dealing with imbalanced data. 

All the abovementioned methods contribute to solving the imbalance problem in 

real-world learning scenarios. Except for data-level methods, which address 

imbalance by optimizing the data, the other approaches focus on modifying ML 

models to handle imbalance. A key advantage of data-level methods is their 

general applicability, as they do not involve modifying the ML model. This allows 

for the enhanced performance of existing models through data optimization, 

making it the preferred approach for handling data imbalance. 

6.3.3 Synthetic minority over-sampling technique (SMOTE) data 

enhancement method 

Data optimization (data-level) methods include oversampling and undersampling 

techniques. Undersampling reduces the size of the majority class. However, due 

to the reduction in the overall dataset size, it is often impractical in real-world 

scenarios. On the other hand, oversampling expands the minority class by adding 

more samples and is widely used to balance class distribution in datasets [210]. 

When dealing with minority-class samples, oversampling poses less risk of 

overfitting compared to undersampling [211]. 

The most popular oversampling method is the SMOTE, developed by Chawla et 
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al. [212]. It generates synthetic data by applying linear interpolation between 

minority-class data points and their K-nearest neighbors. SMOTE is a powerful 

oversampling method widely adopted in many applications. Another technique for 

generating synthetic minority-class samples involves estimating the potential 

probability distribution of the minority class and generating samples from it. 

Examples of this approach include PDF oversampling [213] and random walk 

oversampling [214]. However, in cases where data samples are scarce, density 

estimation is likely to be inaccurate. 

The formalization of SMOTE is shown in Equation (37): 

𝑝𝑛𝑒𝑤 = 𝑝𝑖 + (𝑝𝑙 − 𝑝𝑖) × 𝑤                                  (37) 

where 𝑝𝑛𝑒𝑤 is a new synthetic data point, 𝑝𝑖 is a data point from the minority class, 

𝑝𝑙 is the 𝑘 nearest neighbor of 𝑝𝑖, and 𝑤 is a random variable, where 𝑤 ∈ [0,1]. 

SMOTE has several notable features [215]. Its ability to reduce potential 

overfitting risks, minimize information loss, and demonstrate strong adaptability 

are vital advantages. Unlike random oversampling, SMOTE generates new 

synthetic samples instead of simply duplicating existing ones, which helps 

mitigate overfitting risks and preserves more original data, thereby reducing 

information loss. Additionally, SMOTE's simplicity and ease of use make it highly 

flexible, as it allows users to adjust the number of synthetic samples and the 

number of nearest neighbors (K-value) as needed, offering a high level of 

adaptability. Due to these advantages, SMOTE has been widely applied across 

various industries. 

However, SMOTE has several limitations, primarily related to assumptions about 

sample distribution, class boundary-blurring, and noise introduction. SMOTE 

assumes that minority-class samples are uniformly distributed in the feature space, 

overlooking the possibility that minority classes may consist of several small, 

isolated sub-concepts. In real-world datasets, minority-class samples may not be 

uniformly distributed. Additionally, SMOTE may generate synthetic samples in 

the boundary regions between different classes, which can blur the class 

boundaries. Finally, if noise samples exist within the minority class, SMOTE may 

generate synthetic samples based on these noisy data points, thus introducing even 
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more noise. 

The primary cause of these limitations is that SMOTE assumes data distribution 

patterns that may not align with reality, as the synthetic samples are not generated 

from the original minority class distribution. These limitations can affect the 

quality of synthetic data and may lead to reduced training quality and performance 

of subsequent ML models. 

Given the unique data characteristics and requirements of different fields, the 

original SMOTE may not fully meet the specific needs of all industries. As a result, 

SMOTE has undergone extensive improvements since its inception. Although 

these methods have made significant contributions to addressing data imbalance 

issues, several key challenges remain [176]: 

1). By augmenting both classes indiscriminately, some SMOTE variants dilute 

data authenticity and lack the granularity to address class imbalance effectively, 

especially in large-scale settings. 

2). Most SMOTE variants tend to add more records to the minority class without 

determining the appropriate range, which can increase data noise and reduce class 

separability. 

3). Focusing primarily on inter-class imbalance, most SMOTE-based methods 

overlook the problem of intra-class imbalance, consequently resulting in 

diminished accuracy and over-generalization. 

4). Most SMOTE variants fail to account for the quality of data generated by 

GANs, which can lead to suboptimal performance. This oversight ultimately 

hinders the accuracy of downstream deep learning models and limits 

improvements in other relevant metrics. 

6.4 Aircraft TP methods under severe weather conditions 

Severe weather data is considered a minority class in the imbalanced data problem 

for aircraft TP. Data augmentation methods can maximize the utilization of 

existing deep learning-based TP research results without requiring changes to the 

relevant software. The severe weather TP method is designed as a data 

augmentation-based TP approach, which includes data preprocessing, data 
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augmentation, model training, and TP. 

6.4.1 Overall framework 

In recent years, GANs, a novel neural network technology, have been widely 

applied in fields such as image generation [170], data generation [171], and image 

resolution enhancement [127] through the competition between generators and 

discriminators to learn the distribution of given data. GANs are also suitable for 

data augmentation and trajectory synthesis [173]. Zhang et al. [108] addressed the 

limited TP sample data issue by using WGAN-GP to augment the trajectory 

sample data. They trained an LSTM model for TP based on the augmented and 

original datasets. The experiments demonstrated that as the sample dataset 

expanded, the TP accuracy of the LSTM significantly improved. Although this 

model was designed for small sample scenarios rather than the imbalanced 

minority-class sample problem, it still represents a valuable attempt to apply data 

augmentation methods in TP. 

CTGAN [128] is the latest network model developed based on the GAN 

framework, specializing in handling imbalanced data. Since weather parameters 

are continuous variables and severe weather is a vague concept with statistically 

defined boundaries, distinguishing individual trajectories under marginally flyable 

severe weather from normal weather trajectories can be challenging. Moreover, 

due to severe weather's varying degrees and factors, the minority-class samples 

may have different sub-class distributions. SMOTE is based on the assumption of 

uniform distribution rather than actual distribution for data augmentation, while 

CTGAN generates synthetic data by learning the distribution from the sample data. 

Additionally, CTGAN excels at handling imbalanced distribution by increasing 

the sampling frequency for minority-class samples and can further enhance the 

sub-classes within the minority class. This ability helps reduce the need for precise 

boundary definitions of severe weather. 

Considering the characteristics of severe weather TP and the advantages and 

limitations of SMOTE and CTGAN, CTGAN is better suited for data 

augmentation in severe weather TP. To validate the effectiveness of this data 

augmentation approach, we designed a CTGAN-LSTM hybrid model for short-

term TP experiments. In fact, LSTM could be replaced by other TP models 
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(including hybrid models) depending on the specific application scenario. 

Taking LSTM as the TP model, the overall framework for TP under severe 

weather conditions based on data augmentation is illustrated in Figure 6.2. It 

consists of four parts: data preparation, data augmentation, model training, and 

trajectory prediction. 

First, the processed weather data is used as a condition, combined with ADS-B 

data as input, and both datasets undergo preprocessing. Then, the improved 

CTGAN model is used to augment the minority-class severe weather trajectory 

data, controlling the number of synthetic data generated to ensure that the data 

distribution before and after combining the original trajectories remains consistent. 

This enables the LSTM-based model to learn more effectively. 

Next, the synthetic data generated by CTGAN (augmented data) is combined with 

the preprocessed ADS-B data and weather cube feature data to form a new dataset, 

which is then input into the LSTM network for training. Finally, the trained 

LSTM-based model is applied to aircraft TP. Of course, in this framework, other 

data augmentation networks and prediction networks can replace CTGAN and 

LSTM, forming new hybrid models while maintaining the primary process. 
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Figure 6.2 The general framework of the 4D aircraft TP method based on the 

improved CTGAN and LSTM-based architecture. 

6.4.2 Data preprocessing 

6.4.2.1 ADS-B data preprocessing 

ADS-B data preprocessing includes filtering trajectory points according to 

parameter completeness, extracting data from the same flight, arranging them 

chronologically, and aligning time parameters. This is the same as the data 

preprocessing method in Chapter 4. For specific methods, see Section 4.3.3.1. 

6.4.2.2 Severe weather data preprocessing and flight data selection 

In current aircraft TP tasks, weather information commonly includes ET, VIL 

features, atmospheric temperature (TMP), and U/V wind components. According 

to the study in [92], ET data is one of the most indicative of weather's impact on 

trajectories. Therefore, this study employs ET data as the model input for 

preprocessing and generating the feature cube. 

We generate the weather feature cubes using the method described in Section 6.2. 

We extract a weather cube ahead of the current position from the original weather 

file for each trajectory point and rotate it according to the aircraft's heading angle. 

Weather data is collected one layer above and below the current altitude. By 

scaling the original resolution of the weather file by a factor of 10, we can generate 

a 32 × 32 × 3 feature cube for each trajectory point. In this way, the weather 

bandwidth can cover a sufficient area. Thus, we obtain a set of weather cubes that 

match the ADS-B trajectory data. 

The feature extraction from the weather cubes follows the methods in [92] and 

[14]. Specifically, we use three convolutional layers and two dense layers, each 

followed by two dropout layers with a dropout rate of 1%. The convolution kernel 

sizes are [6×6, 3×3, 1×1], the convolution stride lengths are [2, 2, 1], and the 

convolution filter sizes are [1, 2, 4]. The dense layer sizes are [16, 3]. This allows 

us to obtain weather cube feature data that matches the ADS-B trajectory data. 

In this study, we selected flight data under severe weather conditions. First, based 

on historical weather forecasts from the HKO, we identified dates with 

unfavorable weather and extracted flight data and corresponding ET (convective 
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weather) data for those days. Previous studies on convective weather datasets 

indicate that flight trajectories are categorized as encountering weather deviations 

only when they experience convective weather at 25,000 feet or for at least 2 

minutes [216]. Therefore, we filtered the flight data based on the maximum and 

average values of the corresponding ET data. The threshold for the ET maximum 

value is set to 25,000, and the average value threshold is set to 2,000. By this 

method, we screened flight data under severe weather conditions. Figure 6.3 

shows a visualization of the data filtering process. The X-axis represents the data 

pairs, and the Y-axis represents the maximum and average values of each data pair. 

The red line shows the thresholds used in different indicators. 

 

 

Figure 6.3 Visualization of the data filtering process using thresholds on ET data. 

(a) represents maximum ET value. (b) represents mean ET value. 

6.4.3 Data augmentation methods 

6.4.3.1 Improved CTGAN architecture 

The architecture of the improved CTGAN for TP tasks under severe weather 

conditions referenced our previous study [217]. There are two significant 

differences from the original CTGAN to adapt to the features of ADS-B data. 

The first improvement involves the aircraft characteristics contained in ADS-B 

data. We sample using actual data frequencies rather than logarithmic frequencies. 

This is done to maintain the diversity of the enhanced data types and prevent the 

generator from unrealistically oversampling trajectories under severe weather 

conditions, significantly affecting model convergence [183]. 

The second improvement is replacing the original CTGAN's one-hot encoding 
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with leave-one-out encoding to avoid problems of parallelism and 

multicollinearity in high-dimensional situations, where one-hot encoding can lead 

to too many and overly sparse generated features. 

Unlike previous studies, this research introduces weather cube feature data as 

conditions. It aims to generate adverse weather data as much as possible during 

synthetic data generation to enhance data. Figure 6.4 illustrates the architecture of 

the improved CTGAN, with differences from the original CTGAN marked in red.  

 

Figure 6.4 The CTGAN architecture considering severe weather conditions. 

The improved CTGAN architecture consists of two parts: the generator network 

and the discriminator network. We perform data enhancement by adding features 

of aircraft trajectories under severe weather conditions and random noise. In the 

generator network, the random column vectors of ADS-B data are normalized 

using a variational GMM. After decoding the weather cube feature data using 

leave-one-out encoding, it is concatenated with the normalized column vectors to 
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form a combined vector. This vector and random noise are input into the fully 

connected generator layer. 

In the discriminator network, we use weather cube feature data as a condition to 

bias the network towards generating aircraft trajectory data under severe weather 

conditions, achieving the effect of data enhancement. The parameter settings of 

the entire architecture are the same as in our previous study, with specific 

parameters shown in Table 6.1. Formulas (38) and (39) represent the generator 

and discriminator networks, respectively. 

Table 6.1 Training parameters for the improved CTGAN. 

Parameter Description Value 

Embedding 

dimension 

Size of the random sample passed to the 

Generator. 

128 

Generator 

dimension 

Size of the output samples for each one of the 

residuals. 

(256,256) 

Discriminator 

dimension 

Size of the output samples for each one of the 

Discriminator layers. 

(256,256) 

Generator 

learning rate 

Learning rate for the generator. 5 ∙ 10−4 

Generator decay Generator weight decay for the Adam 

Optimizer. 

1 ∙ 10−6 

Discriminator 

learning rate 

Learning rate for the discriminator. 5 ∙ 10−4 

Discriminator 

decay 

Discriminator weight decay for the Adam 

Optimizer. 

1 ∙ 10−6 

Batch size Number of data samples to process in each 

step. 

750 

Step ratio Number of discriminator updates to do for 

each generator update. 

1 

Epochs Number of training epochs. 50,000 

Pac Number of samples to group together when 

applying the discriminator. 

10 
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{
 
 
 
 

 
 
 
 

ℎ0 = 𝑧⨁𝑐𝑜𝑛𝑑⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡

ℎ1 = ℎ0⨁ReLU(BN(FC|𝑐𝑜𝑛𝑑|+|𝑧|→256(ℎ0)))⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡

ℎ2 = ℎ1⨁ReLU(BN(FC|𝑐𝑜𝑛𝑑|+|𝑧|+256→256(ℎ1)))⁡⁡⁡⁡⁡⁡⁡⁡

𝛼̂𝑖 = tanh(FC|𝑐𝑜𝑛𝑑|+|𝑧|+512→1(ℎ2)) ⁡⁡⁡⁡⁡⁡⁡⁡⁡1 ≤ 𝑖 ≤ 𝑁𝑐

𝛽̂𝑖 = gumbel0.2(FC|𝑐𝑜𝑛𝑑|+|𝑧|+512→𝑚𝑖
(ℎ2))⁡⁡⁡⁡1 ≤ 𝑖 ≤ 𝑁𝑐

𝑑̂𝑖 = gumbel0.2(FC|𝑐𝑜𝑛𝑑|+|𝑧|+512→|𝐷𝑖|(ℎ2))⁡⁡⁡1 ≤ 𝑖 ≤ 𝑁𝑑

                 (38) 

{
 
 

 
 

ℎ0 = 𝑟1⨁. .⨁𝑟10⨁𝑐𝑜𝑛𝑑1⨁. .⨁𝑐𝑜𝑛𝑑10⁡⁡⁡⁡⁡⁡⁡⁡
ℎ1 = drop(leaky0.2(FC10|𝑟|+10|𝑐𝑜𝑛𝑑|→256(ℎ0)))⁡

ℎ2 = drop (leaky0.2(FC256→256(ℎ1)))⁡⁡⁡⁡⁡⁡⁡⁡

𝐶(∙) = FC256→1(ℎ2)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡

                 (39) 

where ⊕  represents the vector concatenation operation; 𝑧  represents random 

noise; FC𝑢→𝑣(𝑥)  denotes the application of a linear transformation to a u-

dimensional input to obtain a v-dimensional output; leaky𝛾(𝑥)  represents the 

application of the leaky ReLU activation function on 𝑥 with leaky ratio 𝛾;and 

gumbel𝜏(𝑥) represents the application of the Gumbel softmax function with a 

parameter 𝜏 to a vector 𝑥. The tanh, BN and ReLU functions are used for batch 

normalization. 

6.4.3.2 Evaluation metrics 

During the data augmentation process, the CTGAN treats each row of input 

tabular data as an independent sample for random sampling without considering 

the order between rows. It learns the overall distribution characteristics of the data 

through these samples. Based on the input data and learned distribution 

characteristics, it outputs generated data in tabular form. For the aircraft TP model, 

the input to the CTGAN generator is usually actual time series trajectory data. The 

generated output data consists of non-time-series random data reflecting the 

distribution characteristics of the trajectories. Therefore, there is no direct one-to-

one correspondence between them. For evaluating model training results, if the 

distributions of two datasets are very close, then the means of their trajectory 

parameters will also be very close. The mean can approximately reflect the 

difference between actual and generated distribution. Therefore, we use the mean 

value to evaluate the model. 

According to the requirements of the data augmentation task described in this 
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paper, evaluation metrics need to meet two conditions: first, to determine the 

quality of the generated data, ensuring that the data distribution of the new samples 

is similar to the original data; second, to eliminate the noise introduced by the 

generated data to avoid the fusion of generated data and original data leading to 

classification ambiguity. Therefore, to accurately evaluate the model, we use the 

MMD [191] from the perspective of data distribution and the MED from the 

standpoint of numerical prediction to calculate the trajectory distance and 

eliminate the noise introduced by the generated data. These two evaluation metrics 

are the same as those in Chapter 5; see Section 5.4.3.2 for details. 

6.4.4 Model training 

During the model training process, the data augmented by CTGAN will be mixed 

with the processed original ADS-B trajectory data, with a certain proportion of the 

augmented data representing trajectories under severe weather conditions. This 

mixture forms a new dataset. The latest mixed dataset will be interpolated at 1-

second intervals for learning by LSTM-based models. 

This paper uses four commonly used TP models, LSTM, CNN-LSTM, CNN-

LSTM-Attention, and CNN-BiLSTM, to learn from the new mixed dataset. This 

is done to validate the impact of data augmentation on the accuracy of aircraft TP. 

In this study, the training objective is to minimize the multi-task loss combining: 

1). Trajectory prediction loss 

ℒ𝑡𝑟𝑎𝑗 =
1

𝑁
∑ ‖𝑦̂𝑡 − 𝑦𝑡‖2

2 + 𝜆 ∙ 𝐾𝐿(𝑝(𝑦̂𝑡)‖𝑝(𝑦𝑡))
𝑁
𝑡=1                       (40) 

where 𝑦̂𝑡  and 𝑦𝑡  are the predicted and ground-truth coordinates at time 𝑡 , 

respectively. The second term introduces Kullback-Leibler divergence to capture 

uncertainty in dense traffic scenarios (weighted by 𝜆 = 0.1). 

2). Auxiliary regularization 

To prevent overfitting on short-term patterns, we incorporate a velocity constraint 

term: 

ℒ𝑣𝑒𝑙 =
1

𝑁
∑ ‖(𝑦̂𝑡 − 𝑦̂𝑡−1) − (𝑦𝑡 − 𝑦𝑡−1)‖1
𝑁
𝑡=2                        (41) 

The final loss is ℒ = ℒ𝑡𝑟𝑎𝑗 + 0.3 ∙ ℒ𝑣𝑒𝑙. 
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6.4.5 Trajectory prediction 

The goal of 4D TP is to predict the spatiotemporal state sequence of an aircraft 

through a trained model. If every track point is regarded as 𝑆𝑖, the 4D trajectory is 

regarded as a random variable 𝑃, and we assume that 𝑇 follows the distribution of 

𝑃 = ⁡𝑃(𝑠1:𝑁; 𝜃), the 4D TP problem can be expressed as 𝑃(𝑠1:𝑁; 𝜃). According to 

the maximum likelihood estimation, the 4D trajectory distribution is expressed as: 

𝑆𝑖 = {𝑡, 𝑥, 𝑦, 𝑧, 𝑣𝑥𝑦 , ℎ, 𝑤}                                     (42) 

𝑇 = {𝑇1 = 𝑠1:𝑁
1 , . . . 𝑇𝑘 = 𝑠1:𝑁

𝑘 , . . . , 𝑇𝑀 = 𝑠1:𝑁
𝑀 }                     (43) 

𝑝(𝐷|𝜃) = ∏ 𝑃(𝑠1:𝑁
𝑖 ; 𝜃)𝑀

𝑖=1𝜃

𝑎𝑟𝑔𝑚𝑎𝑥

𝜃
𝑎𝑟𝑔𝑚𝑎𝑥

                        (44) 

where 𝑡  represents time, 𝑥  represents latitude, 𝑦  represents longitude, 𝑧 

represents geometric height, 𝑣𝑥𝑦  represents ground speed, ℎ  represents track 

angle, and 𝑤 represents the weather cube; 𝑁 denotes the number of points in the 

track and M denotes the number of historical tracks; 𝜃 stands for a parameter. 

The essence of model training is to learn the distribution of 𝑃(𝑠1:𝑁
𝑖 ; 𝜃). In this 

paper, the trained LSTM-based models learn the distribution of 𝑃(𝑠1:𝑁
𝑖 ; 𝜃). If we 

input the current aircraft trajectory through the model, we can get a predicted 

trajectory that corresponds to the input trajectory distribution and follows the time 

order.  

6.5 Experiment and analysis 

6.5.1 Data preparation 

We chose the flight segment near the HKIA (Hong Kong International Airport) as 

our experimental data. HKIA is one of the busiest airports in the world, handling 

many flight takeoffs and landings daily and providing abundant data to verify the 

performance of prediction models. The airspace structure around Hong Kong 

Airport is complex, containing multiple inbound and outbound flight routes and 

corridors, which helps test the model's applicability and accuracy in complex 

environments. Additionally, located in the subtropical region near the South China 

Sea, Hong Kong is significantly affected by extreme weather, such as typhoons 

and heavy rain every year, which substantially impacts aviation traffic. Choosing 
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Hong Kong Airport allows effective research into the effects of weather factors 

on aircraft trajectories and optimizing prediction models to improve accuracy 

under adverse weather conditions. Therefore, selecting flight segments near Hong 

Kong Airport as experimental data has practical significance and provides rich 

and complex experimental conditions, contributing to prediction models' 

comprehensive and reliable performance. 

The ADS-B data in this study comes from the HKO and the OpenSky website, 

covering flight data with severe weather conditions from 2016 to 2022. The 

corresponding ET data is obtained from the China Meteorological Administration. 

In this dataset, flights from the KADLO waypoint to the VHHH waypoint (airport) 

account for nearly 1/4 of all data, and flights on this route have a flight time of 

over 1 hour. Therefore, we focused on experiments and analysis on this route. Due 

to severe weather conditions, many aircraft did not follow the usual flight routes. 

Their trajectory data deviated significantly from the expected path and sometimes 

did not pass through essential waypoints. These significantly deviated trajectories 

are extreme cases and were not included in this study. We chose to retain trajectory 

data passing through the ABBEY waypoint on this route, excluding trajectories 

with significant deviations to ensure the quality of experimental data and the 

objectivity of model predictions. After processing, we selected 200 trajectories 

that met the criteria. The Figure 6.5 shows a schematic of the trajectory of inbound 

flights on this route. 

 

Figure 6.5 Inbound flight trajectories from KADLO to VHHH in the Hong Kong 

region. 
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6.5.2 Experimental environment and model hyperparameter settings 

The experiment is performed on a PC with Microsoft Windows 10 (CPU: 12th-

Gen Intel(R) Core i9-12900KF at 3.20 GHz, RAM: 64.0 GB, GPU: NVIDIA GTX 

3080). The CTGAN-based models were built using Keras and TensorFlow. The 

parameters of the improved CTGAN architecture are based on our previous 

research shown in Table 6.1.  

In this study, we conducted a comparative analysis using MATLAB to run 

prediction algorithms based on LSTM models. The ratio of the training set to the 

test set was set to 0.8 and 0.2, respectively. We selected four commonly used 

neural network architectures for comparison: LSTM, CNN-LSTM, CNN-LSTM-

Attention, and CNN-BiLSTM. The specific parameter settings are shown in Table 

6.2. With these model parameters, we could compare the performance of different 

neural network models in predicting aircraft trajectories under severe weather 

conditions and analyze their effects on the experimental dataset. 

Table 6.2 The parameter setting for different LSTM-based models. 

Parameter setting LSTM 
CNN-

LSTM 

CNN-LSTM-

Attention 

CNN-

BiLSTM 

Number of hidden layers 100 200 200 100 

Training epochs 1000 500 500 200 

Learning rate 0.005 0.005 0.005 0.001 

Learning rate drop period 800 400 400 160 

Learning rate drop factor 0.9 0.9 0.9 0.1 

Number of convolution 

layers 
- 2 2 2 

Convolution kernel size - [3,1] [3,1] [3,1] 

Number of feature maps 

in first conv layer 
- 32 32 32 

Number of feature maps 

in second conv layer 
- 64 64 64 

Activation function - ReLU ReLU ReLU 

Minibatch size - 200 100 200 
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Validation frequency - - 10 - 

 

6.5.3 Model testing and analysis 

6.5.3.1 Data augmentation verification based on the improved CTGAN model 

Since this study introduces a weather module as a condition that differs from 

previous research, it is necessary to verify which encoder is optimal for the 

improved CTGAN model. We used three different encoders, One-hot, Target, and 

Leave-one-out, and calculated their respective MMD and MED. The results are 

shown in Table 6.3. Smaller MMD and MED values indicate higher accuracy of 

the generated trajectories. When both values equal 0, the generated data is 

identical to the actual data. As shown in Table 6.3, the MMD values for all three 

encoding methods are the same, indicating that the differences in data distribution 

between the generated and actual data are consistent across different encoders. 

However, the MED value for the Leave-one-out encoder is the smallest, 

suggesting that it produces the most accurate trajectory distances. Therefore, the 

Leave-one-out encoder is the most effective. 

Table 6.3 Evaluation results of the improved CTGAN model under different 

encoding methods. 

Evaluation 

metrics 

One-hot 

encoding 

Target 

encoding 

Leave-one-out 

encoding 

MMD 0.0382 0.0382 0.0382 

MED 0.0087 0.0088 0.0086 

 

To intuitively observe the similarity between model-generated and real data 

distribution, we calculate the probability density distribution using the kernel 

function as the PDF for all parameters. This difference in probability density 

distribution visually reflects the distance between the generated and accurate data 

distribution. 

Figure 6.6 shows the PDFs of the generated data for the variables of time, latitude, 

longitude, geometric height, ground speed, and track angle. The blue line 

representing the actual data distribution fits well with the red line representing the 
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generated data distribution. This result indicates that the distributions of the actual 

data and the generated data are highly similar and consistent with the calculated 

evaluation metrics. Therefore, the generated data can be used for data 

augmentation. Figure 6.7 shows the value of the loss function for the generator 

and discriminator with every 50 epochs for training. It shows that the model has 

converged. 

 

Figure 6.6 Distribution comparison between the generated and real data. 

 

Figure 6.7 Loss function value of the generator and discriminator for training. 

6.5.3.2 Model comparison under different data percentages 

(1) Comparison of short-term prediction errors for LSTM-based models under 

severe weather conditions 

LSTM-based models tend to be limited by the chaos phenomenon when predicting 

long time series data [150]. As the prediction period extends, the output 
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probability density of the expected trajectory tends to become uniform due to the 

flight uncertainty. Therefore, most LSTM models struggle to provide accurate 

medium to long-term predictions (prediction periods exceeding 10 minutes). Our 

comparative experiments only compare the short-term prediction accuracy under 

severe weather conditions. 

We set the sliding window of the LSTM-based model to 40 and the prediction step 

to 5 minutes. Using our proposed improved CTGAN-LSTMs hybrid model, we 

enhance the proportion of trajectory data under severe weather conditions 

according to a specific ratio. We then conduct comparative experiments and 

calculate the average RMSE of trajectory parameters. The results are shown in 

Table 6.4 to Table 6.7. "Lat" represents latitude, "Lon" represents longitude, "GH" 

represents geometric height, "GS" represents ground speed, and "TA" represents 

track angle. 

Table 6.4 RMSE of LSTM model with different data percentages of severe weather 

conditions. 

Data 

percentage 

Lat 

(degree) 

Lon 

(degree) 

GH 

(feet) 

GS 

(NM/s) 

TA 

(degree) 

4.7% 0.0464 0.1947 1665.52 0.00552 63.73 

9.1% 0.0412 0.1524 1430.24 0.00547 57.62 

13.0% 0.0380 0.1247 1187.58 0.00536 52.47 

16.7% 0.0371 0.1184 1202.98 0.00533 53.76 

20.0% 0.0351 0.1401 1237.33 0.00541 49.50 

 

Table 6.5 RMSE of CNN-LSTM model with different data percentages of severe 

weather conditions. 

Data 

percentage 

Lat 

(degree) 

Lon 

(degree) 

GH 

(feet) 

GS 

(NM/s) 

TA 

(degree) 

4.7% 0.05568 0.1847 1808.35 0.00994 83.18 

9.1% 0.04863 0.1498 1772.69 0.00822 79.03 

13.0% 0.04219 0.1282 1704.75 0.00693 74.46 

16.7% 0.04130 0.1197 1306.17 0.00669 70.19 
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20.0% 0.03407 0.1202 1312.64 0.00537 52.39 

 

Table 6.6 RMSE of CNN-LSTM-Attention model with different data percentages 

of severe weather conditions. 

Data 

percentage 

Lat 

(degree) 

Lon 

(degree) 
GH (feet) 

GS 

(NM/s) 

TA 

(degree) 

4.7% 0.05526 0.1849 2095.77 0.00957 85.65 

9.1% 0.05081 0.1759 1963.36 0.00848 80.39 

13.0% 0.04621 0.1423 1644.99 0.00764 75.75 

16.7% 0.04001 0.1243 1458.42 0.00665 71.29 

20.0% 0.04070 0.1154 1445.02 0.00699 70.84 

 

Table 6.7 RMSE of CNN-BiLSTM model with different data percentages of severe 

weather conditions. 

Data 

percentage 

Lat 

(degree) 

Lon 

(degree) 

GH 

(feet) 

GS 

(NM/s) 

TA 

(degree) 

4.7% 0.05547 0.1807 2165.73 0.00953 84.75 

9.1% 0.05135 0.1622 1912.20 0.00874 80.92 

13.0% 0.04595 0.1502 1728.44 0.00776 76.42 

16.7% 0.04064 0.1268 1454.66 0.00680 72.02 

20.0% 0.04036 0.1246 1419.62 0.00678 70.34 

 

To more intuitively compare the impact of data augmentation on the prediction 

accuracy of aircraft trajectories under severe weather conditions, we plotted the 

data from Table 6.4 to Table 6.7 into line graphs based on latitude, longitude, 

geometric height, ground speed, and track angle, as shown in Figure 6.8. These 

charts allow us to compare the average RMSE of different models under various 

data percentage conditions, illustrating the effect of data augmentation on short-

term prediction tasks under severe weather conditions. 

Overall, data augmentation significantly improved the prediction accuracy of all 

models under severe weather conditions. As the proportion of augmented data 
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increased, the average RMSE of all models decreased. For CNN-LSTM, CNN-

LSTM-Attention, and CNN-BiLSTM models, the CNN-LSTM model performed 

the best across most parameters, especially in predicting longitude, geometric 

height, and ground speed. Although introducing attention mechanisms and 

bidirectional LSTM improved performance for specific parameters, the overall 

performance of the CNN-LSTM model remained superior. 

When comparing CNN-LSTM and LSTM models, despite the CNN-LSTM model 

showing more significant accuracy improvements with increased data 

proportions—especially in longitude, geometric height, and ground speed 

predictions—the LSTM model performed well and stably under minor sample 

conditions for some indicators. Therefore, while the CNN-LSTM model may 

perform better on comprehensive metrics after data augmentation reaches a certain 

percentage, using the LSTM model can yield better prediction results when 

handling minority-class sample severe weather aircraft TP tasks. 

From Figure 6.8, we can observe that for the LSTM model, the average RMSE of 

each model decreased with increasing data proportions. The prediction accuracy 

improvement, around 13%, was the most significant in data augmentation. 

Specifically, when the data proportion increased from 4.7% to 13%, the RMSE 

for latitude (Lat) decreased by about 18.10%, longitude (Lon) by approximately 

35.93%, geometric height (GH) by around 28.68%, ground speed (GS) by the 

smallest margin of about 2.90%, and track angle (TA) by about 17.68%. On 

average, the RMSE decreased by about 20.46%, according to the LSTM model's 

results. This indicates that increasing the data volume positively impacts model 

performance, enabling more accurate predictions of target variables. 
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Figure 6.8 Comparison of the prediction RMSE of the LSTM, CNN-LSTM, CNN-

LSTM-Attention, and CNN-BiLSTM models for different data percentages. 

(2) Visual analysis of typical trajectory prediction  

To intuitively compare the effect of our proposed improved CTGAN-LSTM 

framework on TP tasks under severe weather conditions, we selected flight 

CPA475 as an example to analyze the TP parameter differences of the LSTM 

model. Specifically, we analyzed and visually compared the changes in data 

proportions of 4.7% and 13%. The results are shown in Figure 6.9. For the LSTM 

model, when improved CTGAN enhanced the minority-class sample trajectory 

data under severe weather conditions, the prediction accuracy for all parameters 
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saw significant improvement. This result is consistent with the findings shown in 

Table 6.4.  

We also calculated the mean horizontal and vertical errors to show the difference 

further. It should be noted that this comparative experiment uses a prediction time 

span of 5 minutes, which causes an apparent vertical error. However, this error 

will be significantly reduced if we shorten the prediction time span. 

 

 

 

Figure 6.9 Comparison of the prediction results of the LSTM model for flight 

CPA475. 
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Table 6.8 Comparison of mean horizontal and vertical errors of the LSTM model 

for flight CPA475. The prediction time span is 5 minutes. 

Data 

percentage 

Mean horizontal errors 

(nmi) 

Mean vertical errors 

(m) 

4.7% 9.8422 413.14 

13.0% 6.4487 269.73 

 

6.5.3.3 Comparison with SMOTE data augmentation 

The quality of synthetic data is a crucial factor influencing the effectiveness of 

data augmentation. Therefore, it is necessary to compare the quality of data 

generated by the improved CTGAN with that generated by the commonly used 

SMOTE technique. Considering that the LSTM model yields better prediction 

results when handling minority-class sample TP tasks under severe weather 

conditions, the comparative experiment was conducted using the LSTM model 

with the same settings as in Table 6.2. Here, the number of nearest neighbors for 

SMOTE was set to 5. 

The MMD for the enhanced data generated is 0.0442, and the MED is 0.00075. 

Compared to the improved CTGAN model (MMD is 0.0382, MED is 0.0087), the 

data generated by SMOTE has a larger MMD but a more petite MED. This 

indicates that from the data distribution perspective, the data generated by the 

improved CTGAN is closer to the actual data distribution. However, regarding 

trajectory point distance, the data generated by SMOTE has a more minor error. 

Table 6.9 shows the impact of different data percentages on the average RMSE of 

five variables predicted by the LSTM model after using the SMOTE data 

augmentation technique. Lat represents latitude, Lon represents longitude, GH 

represents geometric height, GS represents ground speed, and TA represents track 

angle. 

Table 6.9 RMSE of LSTM model with different data percentages using SMOTE 

data augmentation. 

Data 

percentage 

Lat 

(degree) 

Lon 

(degree) 

GH 

(feet) 

GS 

(NM/s) 

TA 

(degree) 
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4.7% 0.0464 0.1947 1665.52 0.00552 63.73 

9.1% 0.0515 0.1842 1434.17 0.00591 72.76 

13.0% 0.0434 0.1507 1314.68 0.00552 62.87 

16.7% 0.0418 0.1706 1326.72 0.00493 60.03 

20.0% 0.0434 0.1255 1489.81 0.00553 61.65 

 

For latitude, when the data percentage increases from 4.7% to 9.1%, the RMSE 

increases from 0.0464 to 0.0515. As the data percentage rises to 13.0% and 16.7%, 

the RMSE decreases to 0.0434 and 0.0418, respectively. However, when the data 

percentage increases to 20%, the RMSE rises to 0.0434 again. The RMSE shows 

a trend of first increasing, then decreasing and slightly increasing, indicating that 

increasing the data volume and using SMOTE can improve the model's prediction 

performance for latitude to a certain extent, but there are fluctuations. 

For longitude, when the data percentage increases from 4.7% to 13.0%, the RMSE 

decreases rapidly from 0.1947 to 0.1507. As the data percentage increases to 

16.7%, the RMSE rises to 0.1706. However, as the data percentage increases to 

20%, the RMSE decreases again to 0.1255. The RMSE shows a general downward 

trend as the data percentage increases, but there are significant fluctuations at 

specific points. These fluctuations may be due to SMOTE's tendency to lose 

authenticity when handling long time-series data, which in turn affects the 

performance of the LSTM model. 

For geometric height, when the data percentage increases from 4.7% to 13%, the 

RMSE decreases rapidly from 1665.52 to 1314.68. As the data percentage rises to 

16.7%, the RMSE slightly increases to 1326.72, and when the data percentage 

increases to 20%, the RMSE significantly rises to 1489.81. This indicates that in 

the early stages of growing data volume, the model's prediction accuracy improves 

significantly, but after reaching a particular data volume, the prediction accuracy 

decreases. This may be caused by SMOTE's tendency to generate data that 

converges locally. 

For ground speed, the RMSE trend is similar to that of latitude, showing a trend 

of first increasing, then decreasing, and slightly increasing. Specifically, at 4.7%, 

13.0%, and 20% data percentages, the RMSE is very close, being 0.00552, 
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0.00552, and 0.00553, respectively. When the data percentage is 9.1%, the RMSE 

increases to 0.00591. At 16.7%, the RMSE decreases to the lowest value of 

0.00493. It can be seen that SMOTE augmented data did not significantly improve 

the LSTM model's prediction performance for GS, especially when the data 

percentage is 9.1%, the RMSE increases. This indicates that increasing the data 

volume and using SMOTE have limited effects on the prediction of ground speed 

and may even cause performance fluctuations and deterioration in some cases. 

For track angle (TA), the RMSE trend is the same as that of ground speed. It can 

be seen that SMOTE augmented data did not significantly improve the LSTM 

model's prediction performance for track angle. 

To visually compare the difference between improved CTGAN and SMOTE for 

data augmentation, we plotted the RMSE data from Table 6.4 and Table 6.9 for 

latitude, longitude, geometric height, ground speed, and track angle as line graphs, 

as shown in Figure 6.10. It can be observed that, in most cases, the improved 

CTGAN performs significantly better than SMOTE. 

 

Figure 6.10 RMSE values of different parameters for various data percentages 

using improved CTGAN and SMOTE data augmentation techniques. 

In summary, for minority-class sample trajectory data under severe weather 

conditions, using the SMOTE data augmentation technique and increasing the data 

percentage can improve the prediction accuracy of LSTM models for some 



237 

 

variables. However, there is inevitable fluctuation in the RMSE changes for 

certain variables, and increasing the data volume leads to performance degradation 

at specific data percentages. SMOTE-enhanced data did not significantly improve 

model performance and even showed performance degradation at some data 

percentages, particularly for ground speed and track angle. Compared to the 

improved CTGAN, although SMOTE has higher precision in generating 

trajectories, it is not a suitable data augmentation model for minority-class sample 

trajectory data under severe weather conditions. The root cause may be that 

SMOTE performs data augmentation based on the uniform distribution 

assumption rather than the actual distribution. At the same time, the improved 

CTGAN generates synthetic data using the distribution learned from samples. 

6.5.4 Experimental conclusion 

(1) Trajectory data under severe weather conditions occupies a small proportion 

in aircraft trajectory sample data, leading to data imbalance. Current deep neural 

networks are usually trained using multiple rounds of small-batch random 

sampling of sample data, which cannot effectively solve the data imbalance 

problem, and aircraft TP under severe weather conditions is challenging. The 

proposed aircraft TP framework, which includes a minority-class sample data 

enhancement network and a prediction network, achieves significant 

improvements in short-term aircraft TP accuracy under severe weather conditions, 

demonstrating the effectiveness of the improved CTGAN-LSTMs model. 

Experimental results show that when the proportion of minority-class sample data 

increases from 4.7% to 13%, the average RMSE of the LSTM model for 5-minute 

short-term prediction decreases by 20.46%. Based on this architecture, other data 

augmentation and prediction networks can be selected according to specific 

application characteristics to replace the improved CTGAN and LSTM-based 

models, forming new hybrid models. The idea and method proposed in this paper 

to solve the problem of sample data imbalance through data enhancement can 

provide a reference for solving other data imbalance problems in aircraft TP tasks. 

Given the significant impact of severe weather on ATMs, this study is helpful to 

enhance ATM capabilities. 

(2) We compared four commonly used LSTM-based prediction models (LSTM, 

CNN-LSTM, CNN-LSTM-Attention, and CNN-BiLSTM) to evaluate the 



238 

 

performance of the proposed the improved CTGAN-LSTM hybrid model. 

Experimental results show that the improved CTGAN-LSTMs hybrid model can 

significantly improve the accuracy of TP under severe weather conditions. The 

LSTM model performs best for minority-class sample data, with trajectory 

prediction accuracy substantially better than other comparative models. Before the 

proportion of minority-class sample data reaches 13%, the accuracy indicators 

increase rapidly with the proportion, and after gaining 16.7%, the prediction 

accuracy stabilizes. 

(3) We compared the improved CTGAN with the commonly used data 

augmentation model SMOTE to assess the impact of different data augmentation 

methods on aircraft TP tasks for minority-class sample data under severe weather 

conditions. Experimental results show that the improved CTGAN is more suitable 

as a data augmentation method for TP of minority-class sample data compared to 

SMOTE. When using the LSTM model for 5-minute prediction with a data 

percentage of 13%, the average RMSE decreases by 11.76%. Although SMOTE 

has higher synthetic trajectory accuracy than the improved CTGAN, it is not a 

good model for data augmentation of minority-class sample trajectories under 

severe weather conditions. This also reveals an exciting issue: synthetic data 

distribution characteristics seem more critical than data accuracy for trajectory 

data augmentation. 

In summary, data augmentation of minority-class samples can effectively improve 

aircraft TP accuracy under severe weather conditions without the need to adjust 

or enhance the proven prediction model. Different data augmentation models for 

minority-class samples can significantly affect the training and prediction of TP 

models based on generated trajectories (or generated trajectories mixed with 

original trajectories). The ideas and methods proposed in this article to solve the 

problem of sample data imbalance through data enhancement provide a valuable 

reference for solving other data imbalance problems in aircraft TP. The proposed 

improved CTGAN-LSTMs hybrid model is only a verification method for this 

method, and the corresponding hybrid model can be used according to specific 

application scenarios. 
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6.6 Chapter summary 

This chapter addresses the challenges of applying weather data in aircraft TP and 

outlines the following key contributions: 

1). Minority-class sample data imbalance in severe weather conditions: It 

identifies that the main challenge in TP during severe weather is the limited 

availability of relevant data. Severe weather significantly impacts aircraft flight, 

making it a critical area of study. However, weather-related trajectory data forms 

a small portion of available samples, leading to an imbalance that complicates 

accurate TPs. 

2). Representation of weather data in deep learning: The chapter analyzes the 

methods for representing and applying weather data in deep learning models for 

TP. This includes how weather elements are encoded and the concept of a 

"weather cube," which encapsulates weather information and is widely used in TP 

models. 

3). Addressing minority-class sample data issues: It explores the characteristics 

and challenges of working with minority-class sample data in TP. Specifically, the 

chapter highlights that data augmentation for such cases must consider spatial 

distribution properties to ensure enhanced data maintains realistic characteristics 

relevant to flight paths. 

4). Data augmentation using improved CTGAN for severe weather prediction: A 

novel approach using a hybrid improved CTGAN-LSTM model is proposed to 

handle the imbalance of minority-class sample data. The improved CTGAN is 

employed to augment underrepresented weather-related trajectory samples, while 

the LSTM network is used to predict and assess the impact of this enhanced data. 

The model improves TP accuracy and serves as a framework for handling similar 

data imbalance issues in aircraft TP. 

5). Comprehensive experimental validation: Extensive comparative experiments 

are conducted to validate the effectiveness of the improved CTGAN-LSTM model. 

These include comparisons with other LSTM-based models (e.g., LSTM, CNN-

LSTM, CNN-LSTM-attention, CNN-BiLSTM) and the improved CTGAN with 

the SMOTE data augmentation technique. The results demonstrate that the 
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CTGAN-LSTM hybrid model improves TP accuracy in severe weather conditions. 

The experiments further emphasize that the choice of data augmentation technique 

can significantly influence the performance of TP models. 

This work thoroughly analyzes how to address severe weather TP challenges by 

augmenting minority-class sample data and offers a practical solution using an 

improved CTGAN-LSTM hybrid model. 
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Chapter 7.  

Summary and outlook 

7.1 Main research work of this thesis 

This research comprehensively explored and validated the application of a novel 

deep learning framework, centered on the CTGAN, for aircraft trajectory 

prediction. The proposed technical framework, encompassing system architecture, 

model construction, and specialized evaluation metrics, has proven effective 

across various challenging scenarios. The core findings, substantiated by key 

quantitative results, are summarized as follows: 

1). A highly stable and data-efficient core model for 4D TP: The developed 

CTGAN model demonstrates exceptional performance in generating high-fidelity 

4D trajectories. On a key test route, it achieved remarkable similarity to actual 

trajectories, with a MED of only 0.0085 nautical miles, alongside low 

distributional errors (JS divergence: 0.0539; MMD: 0.0150). The model exhibits 

high stability and low data demand, maintaining performance with as few as 5 

training flights and retaining high fidelity even with 80% data thinning. 

2). Significant accuracy gains in medium- and long-term prediction through 

a hybrid approach: The C-CTGAN model significantly outperforms both 

traditional and contemporary benchmarks. Compared to the best-performing 

LSTM variant (CNN-LSTM), it reduced the MAE in predicting critical 

parameters—latitude, geometric altitude, and ground speed—by 69.89%, 

74.07%, and 84.21%, respectively. This demonstrates that the integration of 

clustering effectively enhances the model's capability for complex, long-horizon 

predictions. 

3). Effective mitigation of data imbalance for severe weather scenarios: The 

proposed data augmentation framework successfully addresses the challenge of 

imbalanced data in severe weather conditions. By leveraging an improved 

CTGAN to augment minority-class samples, the short-term prediction accuracy 
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(5-minute RMSE) for a standard LSTM model was boosted by 20.46%. 

Furthermore, the CTGAN-based augmentation outperformed the commonly used 

SMOTE method, yielding an 11.76% lower RMSE, highlighting the importance 

of realistic data distribution over mere synthetic accuracy. 

In summary, this research moves beyond a proof-of-concept and delivers a 

quantitatively validated, practical framework. The CTGAN-based models have 

been shown to offer superior prediction accuracy, robust stability, and data 

efficiency, making them a highly promising foundation for developing next-

generation trajectory prediction capabilities within the Trajectory-Based 

Operations framework. The findings effectively bridge the gap between advanced 

deep learning techniques and the rigorous demands of air traffic management. 

7.2 Main innovations of the thesis 

1). Proposed a deep learning-based TP technical framework, providing a 

reference framework for system construction and application 

Given the lack of systematic research and insufficient practical application of deep 

learning-based TP technology, a TP system was proposed. This system considers 

fundamental information system components, the TBO-based general TP model 

architecture, and the integrated application needs of ML-based TP models. It 

comprises essential business processing units like data preprocessing, data updates, 

prediction output, TP models, trajectory integration and fusion, and auxiliary units 

for system operation such as scheduling control, data management, and input data 

reading. A particular focus was placed on the integrated application framework 

for trajectory prediction models and the descriptive information required for 

model sharing. Regarding model training and validation characteristics in deep 

learning-based TP systems, a system construction workflow and evaluation metric 

framework were proposed, with particular attention to prediction accuracy as the 

core metric and its associated indicators and calculation methods. Based on a study 

of the characteristics of deep learning TP models, typical structural patterns and 

methods for determining model parameters were introduced. 

2). Introduced CTGAN into the TP field, offering a new option for medium- 

and long-term aircraft TP 
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CTGAN, a recent advancement in GAN technology, has shown practical value in 

applications such as data synthesis, augmentation, and cybersecurity. Based on an 

analysis of CTGAN’s advantages, which align well with the characteristics of 

aircraft trajectory data, comparative experiments on prediction accuracy, stability, 

and adaptability of sample data were conducted. The results confirmed CTGAN’s 

potential for aircraft TP. Subsequently, a new hybrid model combining K-means 

clustering and the CTGAN architecture was designed, optimizing the CTGAN 

network to create a new TP model. This model demonstrated a significant 

improvement in prediction accuracy compared to typical models, especially when 

the prediction time span exceeded 10 minutes, providing a new hybrid model 

option for medium- and long-term aircraft TP. 

3). Applied data augmentation methods to address imbalanced TP data, 

providing a new solution for minority-class sample data 

Weather conditions, especially severe ones like convective weather and severe 

turbulence, significantly impact flight safety and are major causes of trajectory 

deviations. Such weather-related flight data typically constitutes a small 

proportion of the overall sample data, classifying it as a minority-class sample, 

which leads to data imbalance. Data-driven methods often treat minority-class 

samples as anomalies or fail to capture their characteristics due to insufficient 

sample size, resulting in reduced prediction accuracy. Given the characteristics of 

aircraft trajectory data and CTGAN's exceptional performance in data 

augmentation, a hybrid model combining CTGAN and LSTM and an optimized 

CTGAN network was designed. TP tests were conducted through data 

augmentation using CTGAN to enhance minority-class samples, significantly 

improving prediction accuracy. Compared to the classic data augmentation 

method SMOTE, CTGAN proved more suitable for aircraft TP. This research 

demonstrates that data augmentation is a practical approach for solving the TP 

data imbalance problem, offering a new method for predicting minority-class 

sample data. 

7.3 Research directions and prospects 

Building upon the findings of this research, future work will evolve along two 
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parallel tracks: the technical refinement of the prediction models themselves, and 

the strategic expansion of their application to support the future of autonomous 

and advanced ATM. 

1). Technical refinement of prediction models 

Knowledge transfer and lifelong learning for evolving airspaces: The dependency 

on route-specific models, as observed in our experiments where accuracy 

decreased without distinguishing trajectory modes, highlights an efficiency 

bottleneck. Future research will explore transfer learning and meta-learning 

techniques. The goal is to enable a core model, like the CTGAN framework we 

developed, to efficiently and reliably adapt its knowledge to new routes, aircraft 

types (especially uncrewed aerial vehicles (UAV) and supersonic transports), and 

operational contexts without exhaustive retraining. 

Integrated multi-factor modeling: While historical trajectories implicitly contain 

information on various factors, future models must evolve to explicitly and 

dynamically incorporate a wider set of environmental and operational constraints. 

This includes air traffic congestion, airspace structure, and airline decisions, 

moving beyond weather-centric models to achieve a holistic understanding of 

trajectory determinants. 

Verifiable reliability and explainable AI for operational trust: For the adoption of 

data-driven models like ours in safety-critical ATM, building trust is paramount. 

Research is needed to develop rigorous reliability verification frameworks and 

explainable AI techniques. Quantifying prediction uncertainty and providing 

intuitive explanations for model outputs are essential prerequisites for human 

operators to accept and act upon AI-generated predictions in daily operations. 

2). Expansion towards autonomous systems and advanced applications 

AI-Powered strategic Conflict Resolution: The high-fidelity, probabilistic 

trajectories generated by models like our improved CTGAN can serve as the 

foundation for next-generation, AI-driven conflict detection and resolution 

systems. Future work will explore using these predictions not just for situational 

awareness, but as direct input to automated tools that can propose strategic 

deconfliction maneuvers to controllers or directly to autonomous aircraft. 
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Application in urban air mobility (UAM) and advanced air mobility (AAM): The 

low-altitude, high-density, and network-structured operations envisioned for 

UAM present a novel and demanding prediction challenge. The ability of 

generative models to learn complex distributions from data, a key strength of the 

CTGAN framework validated in this study, makes them ideally suited for 

predicting the trajectories of air taxis and autonomous cargo drones in congested 

urban corridors. 

Integration with large-scale digital twins for ATM: The proposed TP framework 

can serve as a core component of a large-scale, real-time digital twin of the 

airspace. By simulating and predicting the behavior of all aircraft under various 

scenarios, this digital twin would become an invaluable tool for strategic planning, 

stress-testing new procedures, and training next-generation AI-based air traffic 

management systems. 

Cross-domain synergies: The methodologies developed for data augmentation and 

handling imbalanced datasets in this research have potential applications beyond 

traditional aviation. The core ideas could be adapted to challenges in autonomous 

vehicle trajectory prediction and maritime traffic management, opening avenues 

for cross-domain research collaboration and knowledge transfer. 

By pursuing these directions, the research community can transition trajectory 

prediction from a supportive tool to a core, enabling technology for the 

autonomous, highly efficient, and safe air transportation system of the future. 
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