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ABSTRACT

Falls from height (FFH) have been consistently identified as a leading cause of injuries and
fatalities in the construction industry, with most fall-related incidents attributable to the
absence of or inadequate safety protections (e.g., unprotected open edges). Typically,
traditional approaches heavily rely on manual inspections, which pose numerous challenges
(i.e., being time-consuming) in real-life construction sites due to the nature of their complex

and dynamic working conditions.

To overcome these shortcomings, emerging technologies such as Building Information
Modelling (BIM), Deep Learning (DL), and Computer Vision (CV) offer promising
solutions for the automatic detection of hazards to improve safety performance in
construction. Despite their success, the following limitations hinder their deployment and
applications on construction sites: (1) existing deep learning models are complex non-linear
statistical models, which suffer significantly from the “black box™ problem, making it
difficult for on-site managers to trust the outcomes produced by such Al systems; (2) prior
computer vision approaches primarily rely on 2D/3D images, which often cannot localize
hazards precisely within 3D models or associate the hazards with specific building
components; and (3) many studies tend to be retrospective and focus on examining the
conditions that contribute to unsafe behaviour from a psychological perspective, which are
unable to visually comprehend the dynamic and complex conditions that influence unsafe

behaviour.



To address these limitations, our research aims to investigate the following research
question: How could we improve the accuracy and interpretability of deep learning models
in monitoring Fall-From-Height (FFH) risk in construction sites by using Unmanned Aerial
Vehicles (UAVs) and computer vision systems? To this end, we adopted a design science
research (DSR) paradigm to guide the conceptual framework design, model development,
and evaluation. Following such a design science approach, we design, implement, and
evaluate an XAl-enabled UAV-based computer vision system that (1) detects unprotected
edges and guardrails, (2) precisely localizes hazards related to FFH within a three-
dimensional (3D) construction site model and links the hazards to specific building
components, and (3) predicts workers approaching unprotected edges. Real-life projects are

used to validate the effectiveness and feasibility of the proposed approach.

The research findings presented in this research have demonstrated that the proposed
explainable Artificial Intelligence (XAlI)-based computer vision system is able to accurately
identify hazards. We suggest that our research can be used to improve worker safety and
reduce operational costs by replacing labour-intensive inspections with automated
monitoring, delivering a transparent, resilient, and practical safety solution for workers,

safety managers, regulators, and the construction industry.
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CHAPTER 1 INTRODUCTION!

This chapter commences by presenting the workforce safety issue, specifically, falls
from height (FFH) risk in the construction sector, and emphasizes the significance of
examining edge protection for the improvement of safety performance. To provide
context for the research topic, this chapter gives an overview of existing technologies
that have been used to detect hazards related to falls from height. Next, we define the
research aims and objectives of this thesis, outline its structure, and highlight its
research significance.

1.1 Background

The global construction industry has expanded rapidly in recent years with its profound
impact on national economies. Nevertheless, high levels of safety risk in construction
have been identified as one of its most persistent challenges (Stemn et al., 2018;
Kulinan et al., 2024). Construction sites are inherently complex, dynamic, and labor-
intensive environments where on-site participants are easily exposed to various hazards.
Notably, frequent accidents on construction sites often have devastating consequences,
including delays in project schedules, significant economic losses, or even endangering
workers’ lives, which can trigger a series of social problems (Man ef al., 2021; Lathaj

et al., 2024; Kumi et al., 2024).

! This chapter is based on a published study and being reproduced with the permission of Elsevier.

Kong, T., Fang, W., Love, P. E.D, Luo, H., Xu, S., & Li, H. (2021). Computer vision and long short-term memory:
Learning to predict unsafe behaviour in construction. Advanced Engineering Informatics, 50, 101400.
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According to the International Labour Organization (ILO), more than 30% of industrial
fatalities worldwide are attributed to the construction sector, which holds the highest
proportion among all industries in 2022 (ILO, 2022). Although construction workers
represent only 5% of the workforce in the United Kingdom, the sector accounts for 27%
of all workplace fatalities (HSE, 2024). In the United States (U.S.), 1,092 workers lost
their lives while being engaged in construction activities in 2022, marking a
continuation of a five-year upward trend (BLS, 2022). The U.S. Bureau of Labor
Statistics (BLS) also reported that between 2016 and 2022, annual occupational injuries
and illnesses related to the construction industry exceeded over sixty thousand on
average. Similarly, in Hong Kong, the Development Bureau (2023) reported 3,097
worksite accidents in 2023, confirming construction as one of the most hazardous
industries in the region (HK Labour Department, 2023). Occupational injuries and
illnesses, construction-related fatal injuries in the U.S., as well as industrial accidents
in Hong Kong’s construction industry are presented in Figures 1-3, respectively. These
statistics underscore the urgent need for developing effective and proactive safety

measures to prevent accidents on construction sites.

18



= No. of occupational injuries and illnesses
66000
64620
64000
62870
62000
60110
60000 59860
58000
56470
56000
54000
52000
2016 2017 2018 2019 2020
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Figure 3 Industrial Accidents in Construction Industry of Hong Kong (2015-2024)

Falls from height (FFH) are consistently the leading cause of fatalities in construction,
while many workers can hardly avoid working at height due to daily tasks (Kang et al.,
2022; Qi et al., 2025). In 2020, the China Ministry of Housing and Urban-Rural
Development (MOHURD, 2022) reported that FFH accounted for 59.07% of all
construction accidents, followed by being struck by objects (12.05%), as presented in
Figure 4. Similarly, statistics from the Hong Kong Labour Department in 2023 also
demonstrate that falls rank among the Top3 accident types in the construction industry,

as noted in Figure 5 (HK Labour Department, 2023).

Researchers have noted that most fall-related incidents are caused by missing or
inadequate safety protections, such as unprotected open edges/skylights, slippery
surfaces, and improperly positioned ladders (Ding et al., 2018; Li et al., 2019; Oliveira
et al., 2023). Additionally, some fall protection systems may be removed during work

activities in the ever-changing construction environments (Chain ef al., 2021). For
20



example, on a high-rise project in Shenzhen, China, three workers fell from the 42nd
floor after temporary guardrails were removed but not reinstalled, resulting in two
fatalities and one critical injury.
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Figure 4 Safety Accident Types of Housing and Municipal Engineering Projects in
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Figure 5 Safety Accident Types of Construction Industry in Hong Kong (2023)
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Edge protection serves as one of the critical safeguards against falls, however,
temporary safety structures are vulnerable to failure. These failures can stem from
structural deficiencies (e.g., corroded railings with insufficient load capacity),
managerial oversights (e.g., failure to reinstall protections after formwork removal), or
environmental factors (e.g., strong winds displacing barriers) (Li et al., 2019). The
dynamic environment within the construction process plays a significant role in fatal
hazards. Typically, common protective equipment such as guardrail systems may
quickly become noncompliant after installation (Johansen et al., 2024). The fast-paced
nature of high-rise construction exacerbates these risks, as multiple trades working
concurrently can lead to frequent breaches in safety barriers (Sulowski, 2014; Newas

etal., 2022).

Compounding the issue, manual inspections are typically used to assess potential
hazards and verify compliance with industry safety standards. Although safety codes
(e.g., ISO 45001) for work at height specify minimum railing heights and load
capacities, reliance on manual inspections introduces a multitude of challenges that can
significantly undermine operational efficacy, especially given intermittent inspections

and complex dynamic working conditions.

One of the primary challenges associated with manual inspection processes is the
inherent variability in human performance. Factors such as fatigue, distractions, or

inadequate training can significantly impact an inspector’s ability to identify defects or

22



anomalies consistently. This inconsistency not only increases safety hazards but can
also result in costly rework or, in more severe cases, accidents. Moreover, the subjective
nature of human assessments can lead to discrepancies in inspection outcomes,
complicating efforts to maintain standardized safety benchmarks. As a result, hazards
can persist unnoticed, highlighting the urgent need for automated, real-time monitoring

systems that identify risks before accidents occur.

With this in mind, emerging technologies such as Building Information Modeling
(BIM), Computer Vision (CV), and the Internet of Things (IoT) provide promising
ways to automatically identify hazards and improve safety performance in construction.
For instance, deep-learning-based computer-vision algorithms (i.e., the YOLO series
models) have been widely used for safety hazard detection (e.g., identifying workers
not wearing hard hats or safety harnesses) with detection accuracies exceeding 90%
under controlled experimental conditions (Fang et al., 2018; 2020). Similarly, BIM-
driven approaches have also been proposed to manage safety inspection information
for better decision-making. BIM-based methods are generally involved in the early
stages of the project and are widely used to identify hazards through comparisons
between the as-built and as-planned models. Some scholars also used them to examine
the defects of the building surfaces. For instance, Tan et al. (2022) focused on external
walls and proposed a hybrid method for the automatic detection and localization of

defects. By integrating CV, UAV, and BIM technology, the identified defects along

23



with detailed component information can be successfully mapped to the corresponding

locations in BIM models.

Despite their success, there are two major limitations that hinder real-world applications
on construction sites. First, existing deep-learning-based artificial intelligence
monitoring systems have complex architectures and nonlinear transformations, often
referred to as “black boxes,” causing difficulty in understanding how Al systems arrive
at their outputs. As a result, it is challenging for safety managers to trust the results
generated by current Al systems in practical sites. Second, prior approaches rely mainly
on 3D reconstruction or 2D image-based inspection for identifying hazards in
construction, particularly in detecting missing or inadequate safety protections.
Consequently, these methods cannot reliably determine the precise location of a
detected hazard within the BIM/3D model or associate it with specific building

components, limiting their usefulness for actionable decision-making.

Moreover, a close examination of these studies reveals that attention has focused mainly
on the detection of hazards, with far less emphasis on predictive solutions based on past
behavioral data of the workers (Kong et al., 2021). Traditionally, predictions of unsafe
behavior have relied on root-cause models and psychological theories such as the
Theory of Reasoned Action (TRA) and the Theory of Planned Behavior (TPB)

(Sheppard et al., 1988; Guo et al., 2016), which explain Zow behavior changes under
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different working conditions. These models assume that behavior is intentional; hence,

they predict deliberate behavior (Ajzen, 1999).

However, such models are “widely applied without sufficient attention paid to what
makes [them] work in [their] contexts of origin, and without adequate customization
for the specifics,” leading to a “flawed reductionist view” of safety issues (Peerally et
al., 2017). In a similar vein, machine learning approaches such as artificial neural
networks (ANN) have been used to predict unsafe behavior (Patel & Jha, 2015;
Davoudi et al., 2019; Ayhan & Tokdemir, 2020). Yet, a substantial subset of these
studies builds models from secondary evidence (e.g., meta-analyses within literature
reviews) rather than operational site data; as a result, such models inherit heterogeneous
definitions, reporting biases, and a lack of situational variables—factors that undermine

their practical relevance on active construction sites.

Given these considerations, there is an urgent need to develop an explainable, Al-driven
approach that reliably detects missing or inadequate safety protections and identifies
workers approaching unprotected edges in real time from images/videos. Leveraging
UAVs provides the site-level coverage and vantage points necessary for continuous
monitoring, while explainability ensures that safety managers can audit model
decisions and act with confidence-together enabling proactive hazard prevention on

high-rise construction sites.
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1.2 Research Aims and Objectives

To address these challenges, the study aims to investigate the following research
question: How can we improve the accuracy and interpretability of deep learning
models in monitoring Fall-From-Height (FFH) risk in construction sites by using
Unmanned Aerial Vehicles (UAVs) and computer vision systems? To answer this

research question, the study pursues the following specific research objectives:

» Objective 1: To examine current studies related to the workforce safety issue-
specifically, falls from height risk in the construction sector, and the research
progress of computer vision applications and explainable artificial intelligence
(XAI) in construction, identifying the research questions, aims, and objectives that

we need to address in this thesis.

» Objective 2: To develop a UAV-based approach that automatically and accurately
identifies guardrails for safety protection, explicitly addressing multi-scale
variations in UAV imagery to enable multi-scale feature perception with both local

and global context, thereby improving detection accuracy.

»> Objective 3: To design an XAl-enhanced visualization approach that improves the
interpretability of detection results produced by the deep learning model and maps
the detection information to dynamic 3D models, enabling reliable determination
of the precise location of detected hazards within the 3D reconstruction model and

their association with specific building components, thereby supporting safety
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managers in making informed decisions and taking timely actions.

» Objective 4: To design a computer vision-based predictive model that anticipates,
at an early stage, when workers are approaching unprotected edges from video data.
The model will explicitly incorporate worker-worker interactions to predict their
trajectories, improve robustness and accuracy in multi-worker tracking, and enable

proactive hazard prevention.

» Objective 5: To conduct a comprehensive evaluation experiment on real-world
projects, quantifying the approach’s accuracy and reliability (e.g., precision/recall)

and assessing its practical impact on inspection efficiency and hazard prevention.

1.3 Research Significance

While detecting hazards can enable prompt intervention in construction, traditional
human inspection often falls short because it relies primarily on information gathered
after accidents occur. To address this gap, this research utilizes computer vision and
deep learning models, enabling direct observation of hazards in real-time and a re-

examination of TPB’s relevance to construction.

For example, studies show that safety incidents often materialize during rework (Love
et al., 2018), in which unplanned work can lead to unplanned behavior rather than the
planned behavior assumed by TPB. Observing hazards in real time, therefore, allows

us to challenge prevailing theories and develop theories that reflect practice in dynamic
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work conditions. This work integrates UAV technology, computer vision, and XAl
algorithms into a unified framework to address key gaps in existing studies. With this

in mind, the advantages of this research are threefold.

Firstly, by leveraging the wide-area and flexible imaging capabilities of UAVs and
combining Spatial Adaptive Feature Modulation with a Feature Refinement (FRFN)
module for layer-by-layer feature refinement in the deep learning model, this approach
markedly improves robustness in detecting guardrails across varying viewpoints and
scales. This not only reduces the burden of manual inspections but also produces
structured outputs that facilitate subsequent localization and association with 3D

reconstruction models and alert integration, supporting continuous safety monitoring.

Secondly, this approach enhances transparency in automated hazard detection by using
deep learning model and computer vision. By incorporating XAl technique (e.g.,
visualizing feature maps), the XAl-based computer vision safety monitoring system can
demonstrate why a detection or alert was generated by the deep learning model. As a
result, construction safety managers receive alerts accompanied by visual evidence and
highlighted factors that influenced the outcome, thereby supporting timely and well-

founded decisions.

Thirdly, the proposed unsafe-behavior prediction model estimates workers’ trajectories

and flags approaches to unprotected edges in real time, enabling managers to take
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immediate action. Site teams can issue alerts to workers approaching unguarded edges
on high-rise buildings and intervene as necessary. Such feedback also enhances workers’
safety awareness and facilitates the timely correction of unsafe actions in the

construction site.

Beyond the technical advances, the proposed computer vision system offers practical
benefits. The proposed approach improves worker safety through proactive hazard
identification using computer vision and UAVs, reduces operational costs by replacing
labor-intensive inspections with automated monitoring, and establishes a benchmark
for explainable Al in safety applications on construction sites. By bridging the gap
between laboratory performance and on-site practical applications, this research
delivers a transparent and practical safety solution for workers, safety managers,
regulators, and the construction industry. Moreover, our proposed approach enables

stakeholders to trust the outcomes produced by the Al system.

1.4 Structure of the Thesis

To achieve the research aims and objectives, this thesis adopts a mixed-methods design
integrating a systematic literature review, data acquisition, model development, and
controlled experiment design. Figure 6 presents the end-to-end workflow and illustrates

how Chapters 2-8 accomplish Objectives 1--5.
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Objective 1
(Chapter 2)

Objective 2
(Chapter 4)

Objective 3
(Chapter 5)

Objective 4
(Chapter 6)

Objective 5
(Chapter 7)

Objectives

1. To examine current studies related
to fall from heights, computer vision
applications and XAl in construction

2. To develop a UAV-based approach
that automatically and accurately
identifies guardrails on construction
projects

3. To design an XAl-enhanced
visualization approach to improve the
interpretability of detection results and
map the detection information to dynamic
3D models.

4.To create a computer-vision-based
predictive model that anticipates at an
early stage when workers are approaching
unprotected edges from videos

5. To conduct a comprehensive evaluation
on a real-world construction project,
quantifying accuracy and reliability

Methods
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Method for detection of missing
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Method for mapping semantic
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hazard localization

Methed for prediction worker
approaching unprotected edges
from videos

Validation of the effectiveness and
feasibility of the approach

Address

Design an XAl-
driven UAV
approach for FFH
risk monitoring

Figure 6 The overall framework of the study

Chapter 2 - Literature review (Objective 1). In this chapter, we examine current

studies related to workforce safety issues—specifically, the prevention of falls

from height (FFH) risks on construction sites—and review research progress in

computer vision applications and explainable artificial intelligence (XAI) within

the construction domain. Through this analysis, we identify research gaps, define

research questions, and establish the aims and objectives of this thesis.

Chapter 3 - Research design. This chapter adopts the Design Science Research

(DSR) paradigm to guide the conceptual framework design, model development,

and evaluation. The DSR methodology consists of four key processes: (1) Problem

identification and motivation; (2) Objectives of a solution; (3) Design and

development; and (4) Demonstration.
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Chapter 4 - Improved interpretable computer vision for detecting guardrails for
edge protection (Objective 2). In this part, the improved YOLOvI11 network
architecture and the Grad-CAM-based explanation model are described in detail,
along with model training and implementation procedures. Evaluation
performance metrics, including precision, recall, and mAP, are also introduced and

discussed.

Chapter 5 - Mapping semantic segmentation to 3D reconstruction model for
hazard localisation (Objective 3). Within this chapter, the improved DeepLabV3+
network architecture and its corresponding components, as well as the 3D model
reconstruction and texture mapping processes, along with model training and
implementation procedures, are discussed comparatively. Evaluation performance
metrics, including precision, recall, mAP, and F1-score, are also introduced and

comprehensively analyzed.

Chapter 6 - Improved computer-vision learning model for risk prediction
(Objective 4). In this chapter, we describe the vision-based tracking and trajectory
prediction models, along with the model training and implementation procedures.
Evaluation performance metrics, including mAP, ADE, and FDE, are also

presented and discussed in detail.
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Chapter 7 - Experiments and Results (Objective 5). In this chapter, we present
the case background, data collection and preprocessing procedures, along with
results and analysis for (i) the detection and localization of missing edge guardrails,

and (ii) the identification of workers approaching edges with missing guardrails.

Chapter 8 - Discussion and Conclusion. In this chapter, we summarize the main
research findings and contributions of the thesis, including both theoretical insights
and practical implementations. The limitations of the study and suggestions for

future research directions are also discussed.
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CHAPTER 2 LITERATURE REVIEW

2.1 Fall from Heights (FFH)

The construction industry has been blamed as one of the most hazardous among all
industries, with daily dangers amplified by its complex and dynamic operations.
Statistics indicate that approximately 50% of accidents are construction-related in both
China and the United States (Uddin et al., 2020). These accidents are commonly
categorized into five types: falls from heights (FFH), collapses, struck-by-object
incidents, lifting injuries, and electrocutions (Kang, 2022). Among these, FFH is one of
the most common causes of injuries and fatalities and has therefore attracted substantial

attention among researchers and practitioners.

Against this backdrop, early identification of FFH hazards is critical for effective safety
management. Working at height presents inherent risks, which is why many countries
impose strict protections. In China, the Technical Code for Safety of Working at Height
of Building Construction mandates protective measures for leading edges with a fall
risk of 2 meters or more, vertical openings with short edges less than 500 mm, and non-
vertical openings greater than 25 mm (MOHURD, 2016). Similarly, in the United States,
OSHA defines a “hole” as a gap or void 5.1 cm or more in its least dimension in a
walking/working surface. Consistent with these definitions, Na ef al. (2021) identify
falls from roofs, ladders, scaffolds, openings, and edges as the most frequent FFH
events. These regulatory thresholds and empirical studies underscore the need for

methods that can locate and characterize FFH hazards before accidents occur. These
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insights motivate proactive solutions that intervene before risks materialize.

One of the prominent proactive solutions leverages building information modeling
(BIM) to support hazard identification. For example, 4D BIM links 3D geometry with
the construction schedule to visualize time-dependent risks. Integrations of BIM with
augmented reality and location tracking enable real-time risk detection (Park & Kim,
2013), and BIM-based frameworks support design-phase hazard assessment (Rafindadi
et al., 2022). Recent advances include automated FFH risk scoring (Kim et al., 2020),
machine learning-aided path simulations (Yan ef al., 2024), and plug-ins that connect
BIM models to safety databases (Lu et al., 2021). Nevertheless, many BIM-centric
approaches still demand substantial manual input and computation, limiting their

scalability in dynamic working conditions.

On site, the absence of fall-protection measures remains a major contributor to FFH
incidents. Manual hazard identification is error-prone under dynamic conditions and
often relies on incomplete models. Rule-based BIM checking attempts to classify
hazardous elements (e.g., openings, walls, rooftops) (Zhang et al., 2015; Pham ef al.,
2020), yet such rule-based approaches often overlook safety-critical attributes within
each category (Qi et al., 2014). Spatial approaches—such as compliant edge detection
(Zhang et al., 2013) and voxelized point-cloud analysis (Wang et al., 2015)—offer

greater precision but can be computationally intensive.
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Recent studies have begun to enable real-time guardrail inspections by integrating
computer vision and IoT technologies (Tariq et al., 2023; Johansen et al., 2024). These
advancements expand FFH-prevention capabilities. For example, deep learning models
can be used to detect missing guardrails (Kolar et al., 2018) and unsafe worker
behaviors (Khan et al., 2021), 3D point clouds are used to facilitate verification of
scaffold compliance (Wang et al., 2019), and ontology-based knowledge graphs (Fang
et al., 2020) combined with semantic reasoning approaches (Wu et al., 2021) are

employed to support automated hazard identification and mitigation.

Despite their success, most 2D image-based computer vision approaches are conducted
in limited predefined scenarios and lack sufficient accuracy in detecting guardrails
under multi-scale variations in UAV imagery, while 3D point-cloud-based methods
typically involve heavy computational demands. Moreover, existing Al systems for
guardrail detection often fail to reliably register detected objects within 3D
reconstruction models or associate them with specific building components.
Accordingly, there is an apparent necessity for an automated and computationally
efficient method that (1) accurately detects guardrail conditions across varying scales
in UAV imagery, and (2) precisely localizes each detected guardrail within the 3D

model to support timely and informed on-site safety management.

2.2 Understanding Unsafe Behavior in Construction

Understanding the causes and mechanisms of unsafe behavior is central to safety
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research in construction (Fogarty & Shaw, 2010; Patel & Jha, 2015; Love et al., 2018;
Choi et al., 2020). The Theory of Reasoned Action (TRA) posits that target behaviors
are under volitional control—i.e., people believe they can act whenever they choose
(Spielberger, 2004). While TRA predicts volitional behaviors, its explanatory power is
limited in contexts with constraints on construction sites. The Theory of Planned
Behavior (TPB) (Ajzen, 1991) extends TRA by adding perceived behavioral control to
account for internal and external constraints. Although TPB has deepened our
understanding of unsafe behavior in construction, it tends to provide a retrospective

account of actions and may be vulnerable to hindsight bias.

Complementing these psychological perspectives, researchers often analyze causal
pathways using accident reports and risk-propagation models to explain why FFH
incidents persist (Macrae, 2022; Qi et al., 2022). Traditional studies rely on structured
data and statistical tests (e.g., chi-squared, regression), whereas unstructured text
analysis can reveal human, equipment, environmental, and managerial factors with
greater nuance (Zhou et al., 2023). To reduce manual and subjective coding, a variety
of automated approaches have been employed. For example, a construction accident
causality system using grey relational analysis (Zhang et al., 2020) and a model based
on cognitive reliability and complex network theory (Liu et al., 2020) have been

proposed.

Hybrid AI methods such as Bayesian networks are utilized to further capture
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interdependencies and support quantitative risk assessment (Qi et al., 2022). Yet,
despite these advances, empirically validated methods that predict unsafe behavior in
real time remain limited. Accordingly, the next section introduces our approach, which

aims to transition from retrospective explanation to prospective, site-ready inference.

2.3 UAV and Computer Vision for Safety Inspection in Construction

Due to the complex and dynamic nature of construction environments, advanced
information technologies are increasingly being used for safety inspections, replacing
traditional manual methods. Among these technologies, computer vision (CV) has
gained prominence in construction health and safety because it enables non-intrusive,
automated analysis that approximates human visual perception (Ma et al., 2022). A
variety of computer vision and deep learning algorithms have been proposed to
automatically identify unsafe behaviors from surveillance video, thereby reducing

reliance on continuous human monitoring.

Computer vision approaches are used to detect objects, determine spatial relationships
among objects, track object movements, and identify worker and equipment activities
on construction sites from videos and images (Liu et al., 2021). A key advantage of
using computer vision for on-site safety management is its ability to automatically
extract information about multiple objects in complex, dynamic environments without
requiring physical tags or sensors (Fang ef al., 2018; Chan et al., 2021). Together, these

capabilities form the foundation of CV-based safety analytics, which identify unsafe
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conditions by monitoring object categories, locations, trajectories, and interactions (Liu

etal., 2022).

A considerable body of scholars operationalizes these capabilities to identify
construction components, hazards, and safety non-compliance. Object detection and
semantic segmentation algorithms (e.g., YOLO, Faster R-CNN, and Mask R-CNN) are
commonly used to detect workers’ unsafe behaviors (Fang et al., 2018, 2019; Fang et
al., 2020). Among these, YOLO, a representative one-stage detector, performs end-to-
end inference in a single forward pass, enabling real-time performance with relatively

low computational requirements.

Variants of YOLO have been extensively adopted for enhancing safety at practical
construction spots. For instance, Zhu ef al. (2017) combined a YOLO-based detector
with a Siamese network to identify and track workers, while Kim et al. (2019) applied
YOLOV3 to detect workers, excavators, and wheel loaders in UAV-captured videos. By
integrating an object detection approach with image rectification, Kim et al. (2019)
further attempted to measure distances between workers and equipment and then issue
alerts for potential struck-by incidents. In related work, Kim and Chi (2019) encoded
sequential visual patterns and operation cycles using CNNs with a two-layer LSTM,
successfully recognizing excavator actions and explaining operational patterns.
Similarly, computer vision methods have been employed to monitor the positions of

workers, equipment, and components to verify compliance with safety distance

38



requirements and ensure correct placement away from hazards (Chi et al., 2009;

Neuhausen et al., 2018).

Beyond fixed cameras, unmanned aerial vehicles (UAVs) extend the reach of CV and
are increasingly adopted for site planning, safety inspections, and productivity analysis.
For example, drones equipped with high-resolution cameras and LiDAR can rapidly
detect structural defects and identify hazards such as unstable scaffolding or
unauthorized personnel in restricted areas (Martinez et al., 2020; Wang et al., 2019).
Advanced UAV systems integrate Al algorithms to automatically identify safety
violations, including missing guardrails or the absence of personal protective

equipment (PPE).

Despite existing advances, a key limitation hinders the practical implementation in the
detection of guardrails for edge protection, particularly under multi-scale variation in
UAV imagery and when precise localization within a 3D reconstruction model is
required. The next section outlines the details of our proposed approach for accurate
detection and 3D reconstruction-consistent localization of guardrail-related FFH

hazards.

2.4 Object Detection and Segmentation in Construction
Computer Vision (CV) and deep learning algorithms have gained extensive applications

in construction domains for object detection due to their strong performance in
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construction-related detection tasks. For example, Fang et al. (2018) used a Region-
based Convolutional Neural Network (R-CNN) to detect people and excavators with
accuracies of 91% and 95%, respectively. An et al. (2021) developed a multi-scale
dataset with 13 categories (e.g., workers, tower cranes) and benchmarked state-of-the-
art detectors (e.g., YOLOV3, Faster R-CNN), comparing methods in the construction

contexts.

Detection architectures in construction are mainly classified into two types: (1) single-
shot; and (2) two-stage. Here, single-shot models such as SSD (Liu et al., 2016) and
YOLO (Redmon et al., 2016) offer high throughput suitable for edge devices, whereas
two-stage models such as Faster R-CNN (Ren et al., 2015) typically achieve higher
accuracy at greater computational cost. For example, Luo et al. (2020) leveraged
YOLOV3 to identify people and plant status (moving vs. stationary) to determine stuck-
by accident risk. Roberts and Golparvar-Fard (2019) applied RetinaNet to excavators.
Luo et al. (2019) used YOLOv3 for worker detection, and Luo ef al. (2018) employed
Fast R-CNN to recognize 22 object classes. Existing studies highlight a consistent

speed-accuracy trade-off when selecting detectors for real-time safety applications.

A series of deep learning-based detection approaches have been proposed in the
computer science domain (Girshick et al., 2014; He et al., 2015; Lin et al., 2017; Wang
et al., 2022; Guo et al., 2024). Within the YOLO line, YOLOv4 (Wu et al., 2022)

significantly improved the accuracy in the detection of concrete cracks by utilizing
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EvoNorm-S0 to minimize model parameters. Sun et al. (2024) improved anchor design
and localization training loss in YOLOR-BDIM, achieving a 2.7% mAP improvement
over the baseline. YOLOvV7 introduced a feature enhancement module (FEM) to
improve detection performance under multi-scale conditions (Ye et al., 2023), and
YOLOVS refined the detection head and parameter sharing mechanisms to better detect
small objects while reducing computational complexity (Jocher et al., 2023).
Nevertheless, the detection of small objects in large, high-resolution site imagery
remains challenging, especially for thin or distant objects related to safety in
construction. A brief overview of research applying object detection in construction can

be seen in Table 1.

Compared to object detection, semantic and instance segmentation are used to detect
hazardous areas at the pixel level (Chen et al., 2018). A plethora of similar studies have
been undertaken and proposed. For example, U-Net employs an encoder-decoder with
skip connections to preserve fine details (Ronneberger et al., 2015). Building on this
line, Lu et al. (2024) proposed a hybrid U-Net with a Swin Transformer approach to
detect infrastructure cracks. Yuan et al. (2022) proposed Shift Pooling PSPNet,
replacing the original pyramid pooling module to better capture local features at grid
edges. Fu et al. (2021) introduced distributed spatial pyramid pooling to enrich feature
extraction. A brief overview of research applying object segmentation in construction

can be seen in Table 1.
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Despite their success, accurate segmentation of high-resolution images remains
challenging due to memory limits and detail loss from aggressive downsampling. One
effective solution is a patch-based tiling strategy using DeepLabv3+. In DeepLabv3+,
images are divided into smaller, overlapping patches for local feature extraction, and
then the features are mosaicked together. This approach mitigates downsampling
artifacts and consistently improves segmentation accuracy at scale—particularly for

thin or distant elements.

On construction sites, detectors used for safety monitoring should sustain real-time
operation while remaining robust to multi-scale variations (e.g., UAV imagery) and
class imbalance typical of site scenes. Although existing detectors have achieved
satisfactory performance, detection is not able to provide pixel-level localization. In our
subsequent sections, we integrate segmentation results and 3D registration to measure
guardrail geometry and place detected hazards precisely within 3D models for risk

visualization.

Table 1. Examples of Research on Object Detection and Segmentation in Construction

Task Methodology Target Objects Author

You Only
Look Once  People and excavator Luo et al., (2020)
Object Detection (Yolo)
Roberts & Golparvar-

RetinaNet Excavator
Fard (2019)

42



Yolov3 People Luo et al., (2019)

Faster R-
People and excavator Fang et al., (2018)
CNN
Fast R-CNN 22 classes of objects Luo et al., (2018)
Fully
Convolutional Cracks Yang et al., (2018)
Network
Concrete surface bug
Object Mask R-CNN Wei et al., (2019)
hole
Segmentation
Structural supports
Mask R-CNN Fang et al., (2019)
and people
Floorboards, joists,
Mask R-CNN air vents and Atkinson et al., (2020)

pipework

2.5 Vision-based Object Tracking and 3D Reconstruction in Construction

Visual object tracking estimates an object’s trajectory across video by localizing its
position frame-by-frame (e.g., workers and equipment). Classical approaches include
point and kernel tracking, often coupled with particle filters (sequential Monte Carlo)
to manage uncertainty (Kim et al., 2016; Zhu et al., 2016). These methods have been
used effectively for multi-target tracking at construction spots (Biigler et al., 2017).
However, when computer vision and deep learning are applied to people tracking in
complex scenes, modern deep trackers consistently outperform point/kernel methods

(Angah & Chen, 2020; Cai & Cai, 2020).
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Most trackers (e.g., classical and deep) represent targets with axis-aligned bounding
boxes, which can fail under cluttered backgrounds and strong scale variations (e.g.,
camera-target distance changes) (He et al., 2018; Wang et al., 2019). To address these
limitations, mask-based tracking uses binary segmentation masks to capture object
extents more precisely, improving robustness to occlusion and scale changes (Perazzi
etal.,2017; Cietal., 2018; Wang et al., 2019). The trade-off is a higher computational

cost relative to box-based tracking.

To balance accuracy and speed, the fully convolutional Siamese family integrates real-
time correlation matching with mask prediction. In particular, SiamMask augments
SiamFC to deliver real-time tracking with segmentation, mitigating computational
overhead while retaining fine object boundaries (Wang et al., 2019). Given SiamMask’s
state-of-the-art results on VOT-2018 and its throughput advantages, we adopt

SiamMask as the backbone tracker in this research.

Accurately localizing unprotected edges on construction sites is challenging yet
essential for guardrail analysis. Three-dimensional reconstruction and model
visualization provide the spatial context needed to place hazards precisely. Deep
learning-based techniques are increasingly supplanting traditional pipelines. For
example, Chakraborty et al. (2017) proposed an SfM method that leverages CNN-based
dense features. Laser scanning can deliver high modeling accuracy (Zhao et al., 2020;

Bernardo et al., 2016), but costs and logistics constrain wide adoption. Classical 3D
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methods can segment damage within defined regions of interest, yet accuracy often

degrades outside those regions (Zeng et al., 2024).

Recent learning-based MVS models improve both efficiency and depth estimation
accuracy, such as MVSNet (Yao et al., 2019; Gu et al., 2020), PatchMatchNet (Wang
etal.,2021), and UCS-Net (Cheng et al., 2020). Notably, Wang & Gan (2024) integrate
the PatchMatch concept into an end-to-end MVS framework with learnable, adaptive
modules, achieving more than 2.5x speedups and 50% lower memory use relative to
prior methods. However, models such as PatchMatchNet still require substantial
training to generalize robustly across site conditions. For guardrail detection, we require
an efficient, UAV-ready learning-based MVS pipeline that yields scale-robust
reconstructions and supports precise 3D model registration of detected edges—

enabling pixel-level hazard localization.

2.6 Explainable Artificial Intelligence (XAI) in Construction

Explainable artificial intelligence (XAI) refers to methods and systems that provide
human-interpretable reasons for model decisions, thereby supporting understanding
and trust (Miller, 2019). Interpretability spans intrinsically transparent models, such as
rule-based systems, decision trees, generalized additive models (Lou et al., 2012), and
post hoc tools for opaque models, including variable importance, partial dependence,

and global sensitivity analysis (Friedman, 2001; Saltelli ez al., 2006).
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With abundant data and mature software frameworks, deep learning models have grown
dramatically in size and reach (Lipton, 2018), increasing both their prevalence in safety
critical settings (Geirhos et al., 2020) and their opacity (Doshi-Velez & Kim, 2017).
High apparent accuracy can mask shortcut learning and spurious correlations, so
correctness alone does not guarantee trustworthy predictions (Carvalho et al., 2019). In
construction—where earlier rule-driven systems afforded traceability—modern
perception-heavy workflows require modality-specific XAl to maintain accountability.
This has accelerated robust post hoc techniques for class-discriminative localization,
human-readable overlays, and pseudo-label seeding for weakly supervised

segmentation (Forest ef al., 2024; Love et al., 2023).

Images and 3D point clouds dominate site perception for inspection, progress
management, and as-built documentation (Fang et al., 2020; Fang et al., 2020; Mirzaei
et al., 2022). Images provide rich texture and semantics; point clouds provide accurate
geometry and spatial context—together spanning the visual-geometric spectrum
required for site understanding. XAl methods for these modalities can be grouped as
follows. Based on how explanations are generated, XAl for these two data modalities

can be grouped into the following categories:

»  Activation-/gradient-based attribution: These methods propagate class-specific
signals (activations, gradients, relevance rules) through the network to produce

spatial attribution maps (Sundararajan et al., 2017). The CAM family (e.g., CAM,
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Grad-CAM, Grad-CAM++, Score-CAM) remains widely used (Zhou et al., 2016;
Selvaraju et al., 2017; Chattopadhay et al., 2018; Wang et al., 2020). Strengths
include contiguous, semantically aligned regions; a key limitation is coarse
localisation due to the lower spatial resolution of late feature maps (Ancona et al.,
2018). In construction, most applications focus on images, localising class-
discriminative regions for materials/components (e.g., concrete, wooden structures,
vacuum-insulated glazing) under image-level supervision, thus revealing the
decision basis of CNN classifiers (Haciefendioglu et al., 2022; Riedel et al., 2022;
Luo & Liu 2024). CAM variants have also been used in vision-language models
for image captioning to identify ergonomic problems and solutions with visually

interpretable evidence (Yong et al., 2024).

Perturbation-based (model-agnostic) methods: These explain predictions by
systematically modifying inputs—occlusion/masking, blurring, inpainting—and
observing changes in outputs (Fong & Vedaldi, 2017). Representative tools include
occlusion sensitivity, LIME (Ribeiro ef al., 2016), RISE (Petsiuk et al., 2018), and
SHAP (Lundberg & Lee, 2017). They make minimal assumptions about the model,
enabling broad applicability, but are typically computationally intensive and can
exhibit sampling variance; naive masking may introduce out-of-distribution
artefacts (Barredo Arrieta et al., 2020). In construction, applications primarily
focus on time-series data (e.g., ground settlement, concrete performance) (Elhishi

et al., 2023; Luo et al., 2024), with comparatively fewer studies on images/point
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clouds. Examples include SHAP for grout volume prediction (integrating borehole
images and construction parameters) and for quantifying geometric/spectral
feature contributions in point cloud classifiers (Aksu & Demirel, 2024; Atik et al.,

2024; Zhe et al., 2025).

Propagation and relevance methods: These attribute predictions by back-
propagating relevance rather than raw gradients or input perturbations. LRP
redistributes the output score layer-wise under conservation rules, and DeepLIFT
decomposes outputs relative to a baseline to yield per-pixel/per-point contributions
(Bach et al., 2015; Shrikumar et al., 2017). Compared with gradient saliency or
CAM, they can mitigate gradient saturation and produce sharper, less noisy maps
(Ancona et al., 2018). However, they require white-box access (activations,
gradients, layer ops), and outputs are sensitive to propagation rules/baselines
(Montavon et al., 2018). Construction applications for images and point clouds

remain limited relative to CAM and perturbation-based work.

Concept and example-based explanations: These elevate explanations from
pixels/points to human-aligned concepts or influential training examples. TCAV
quantifies concept importance, while influence functions and Tracln identify
impactful training samples (Koh & Liang, 2017; Kim et al., 2018; Pruthi et al.,
2020). They provide semantically grounded or data-audit insights but require

curated concept sets or access to training data/optimisation traces; approximations
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can be model- and scale-dependent. In construction, techniques like t-SNE have
been used to visualise hidden-layer embeddings and assess class separability
(Geetha & Sim, 2022).

Next, we introduce the details of how to provide human readable rationales for

detection and to inform 3D-consistent hazard localization.

49



CHAPTER 3 RESEARCH DESIGN

This thesis aims to explore the following research question: How could we improve the
accuracy and interpretability of deep learning models in monitoring Fall-From-Height
(FFH) risk in construction sites by using Unmanned Aerial Vehicles (UAVs) and
computer vision systems? To this end, we adopted a design science research (DSR)
paradigm to guide the conceptual framework design, model development, and
evaluation. Following such a design science approach, we design, implement, and
evaluate an XAl-enabled UAV-based computer vision system that (1) detects
unprotected edges and guardrails, (2) precisely localizes hazards related to FFH within
a three-dimensional (3D) construction site model and links the hazards to specific
building components, and (3) predicts workers approaching unprotected edges from

videos.

Design science seeks not only to describe, explain, and predict phenomena in the natural
and social world, but also to design and evaluate solutions that improve human
performance (Aken, 2004; Chu et al., 2018). In this sense, design science develops
knowledge and applications that guide the design and implementation of approaches
with organizational value (Geerts, 2011). Figure 7 presents the research process that we
used to design and develop the proposed system. The implementation of design science
includes the following four steps.

® Problem identification & motivation: ldentifying the research problem and
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recognizing the value of its solution to the problem.

Objectives of a solution: Describing the problem to defining measurable,

functional goals for the solution.

Design and development: Establishing the functional requirements and building

Figure 7 workflow of the design science approach
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CHAPTER 4 AN IMPROVED INTERPRETABLE COMPUTER VISION

APPROACH FOR DETECTING GUARDRAILS FOR EDGE PROTECTION

As discussed in Chapter 2, detecting guardrails is important for safety protection using
computer vision and deep learning. Existing deep learning models are complex
nonlinear statistical models that significantly suffer from the “black box™ problem,
making it difficult for on-site managers to understand why and how such Al systems
produce their outcomes. Consequently, on-site managers are unable to trust the results

generated by the Al system.

To address this limitation, we propose an improved interpretable computer-vision
approach for detecting guardrails for edge protection in construction sites. Our
proposed approach comprises two modules: (1) an improved YOLOv11-based detector
for detecting guardrails and identifying their absence, and (2) a Grad-CAM-based
explanation module used to highlight the visual evidence supporting each prediction.

The basic framework of our proposed approach is exhibited in Figure 8.

In our improved YOLOv11 detector, spatial adaptive feature modulation (SAFM)
makes the model capable of capturing multi-scale information, ranging from local to
global levels, thereby reducing false positives and missed detections in complex
backgrounds. The feature refinement feed-forward network (FRFN) refines feature

maps layer by layer, improving discrimination of small objects under different working
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conditions. In doing so, our improved YOLOv11 detector achieves high precision and
recall in real-world construction projects. The details of each module of our approach

are described in the following subsections.

P ‘ Resize
B
E‘ ' 4 Crop

. Image Preprocessmg

Head1
Head2 Neck Backbone <_
Head3
YoloV11-FS
Gradient weight
matrix calculation
4
Saliency Map
GradCam /._Model Evaluation and Validation .°

Figure 8 Workflow of our proposed approach

4.1 Improved Yolov1l network for Guardrail Detection

To accurately detect guardrails, we developed an improved detector named YOLOv11-
FS. It builds upon the YOLOV11 architecture by (1) replacing the original C3K2 block
with a Feature Refinement Module (FRFN), and (2) substituting the standard
upsampling block with a Spatial Adaptive Feature Modulation (SAFM) block. These
modifications enhance multi-scale feature representation and improve the detection of
objects of varying sizes. The overall architecture of our proposed YOLOvVI1I-FS is
presented in Figure 9. Here, we first review the baseline YOLOv11 network and then

describe the two optimization modules.
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Figure 9 Network of Yolov11-FS

4.1.1 Network of Yolov11l

YOLO (You Only Look Once) is a single-stage, deep learning-based object detector
that formulates detection as a direct regression from images to bounding boxes and
class probabilities. By eliminating region proposals and processing each image in a
single pass, YOLO delivers real-time performance with end-to-end training in a unified

framework. Owing to this speed-accuracy balance, the YOLO family is widely used in

modern computer vision applications.

Building on this lineage, YOLOv11—released by Ultralytics in September 2024—
advances both accuracy and speed. Its contributions focus on three aspects: (1)
enhanced feature extraction via an optimized network architecture; (2) improved small-

object detection through a dedicated augmentation module; and (3) dynamic sample

54




processing that adaptively identifies complex examples (e.g., occluded or tiny objects)
and reweights the loss to prioritize their correct classification. By doing so, these

changes enhance detection accuracy while maintaining real-time throughput.

Architecturally, YOLOvV11 replaces the C2f blocks with more efficient C3K2 modules
and incorporates SPPF for multi-scale pooling, which standardizes feature maps and
enriches feature diversity. It also introduces Cross-Stage Partial with Pyramid Squeeze
Attention (C2PSA), which extends the SE mechanism with a multi-level design to
strengthen multi-scale feature processing. The model follows a three-stage design: (1)
the Backbone extracts multi-scale features while gradually reducing spatial resolution;
(2) the Neck upsamples, concatenates, and applies attention to fuse cross-scale
information; and (3) the Head predicts bounding boxes, object confidence, and class
probabilities while balancing speed and accuracy. The architecture of YOLOvVII is

illustrated in Figure 10.
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4.1.2 Spatial Adaptive Feature Modulation Module (SAFM)

Spatial Adaptive Feature Modulation (SAFM) is a spatially adaptive feature-
modulation mechanism that dynamically modulates input features to select
representative feature representations, thereby improving the restoration of image
details and sharpness. The core of this mechanism is its ability to process features from
a multi-scale perspective while incorporating both local and global information,
resulting in more discriminative and robust features. The structure of SAFM is

presented in Figure 11.
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Figure 11 Structure of SAFM
The implementation of Spatial Adaptive Feature Modulation (SAFM) is primarily
composed of the following three steps:
1) Channel Splitting and Preliminary Processing
First, the normalized input feature tensor is split along the channel dimension into four
components. One of these components is processed using a 3x3 depthwise-separable

convolution. The remaining three components are fed into a multi-scale feature-
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generation unit, where operations such as downsampling, convolution, and pooling are
applied to produce multi-scale features. The mathematical formulation of this step is as

follows:

[Xo, X1, X5, X5] = Split(X) Eq. [1]

)?0 = DWCO"U3X3(X0) Eq [2]

X, =1, (DWConvsys(le (X)), 1<i<3 Eq. [3]
zl

Where, X represents the input features, Split () denotes the channel splitting

operation, DWConvzy; indicates a 3x3 depthwise separable convolution, T,

signifies upsampling features of a specific level to the original resolution p through

interpolation, and | % represents downsampling the input features to a size of % via
pooling.

2) Multi-scale Feature Integration

Next, the extracted multi-scale features are concatenated along the channel dimension

and passed through a 3x3 convolution to aggregate both local and global relationships.

This step can be formulated as follows:

X = Conv,yyy (Contat([Xo, X1, X2, X5])) Eq. [4]
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where Contat denotes the concatenation operation, and Conv,y;() represents a 1x1

convolution.

3) Attention Estimation and Adaptive Modulation
After obtaining the aggregated features, a normalization layer followed by the GELU
nonlinearity is applied to estimate the attention map. Finally, the original input features

are adaptively modulated using this attention. This step is formulated as:

X =0X)OX Eq. [5]

where ¢(-) denotes the GELU function, and © represents element-wise (Hadamard)

multiplication.

4.1.3 Feature Refinement Module (FRFN)

Feature Refinement Feed-Forward Network (FRFN) is designed to enhance feature-
representation capabilities in image-processing tasks. Its core design principle is to
progressively refine and optimize feature maps to achieve higher accuracy in
classification and detection. The structure of FRFN is exhibited in Figure 12. The key

implementation steps are described in detail:
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The input features of FRFN first pass through a GELU activation and a linear projection
(W1), followed by partial convolution to reinforce informative regions. The features
are then split into two branches: (1) one branch undergoes depthwise convolution
(DWConv), reshaping, and flattening to introduce locality; (2) the other branch interacts

with the first via a gating mechanism to reduce redundant information.

Next, the processed features are projected through another linear layer (W2) and a

GELU activation to produce the output. The mathematical formulation is as follows:

£ = GELU (W1PConv()?)) Eq. [6]

[X1, X3] = Split(X") Eq. [7]

X! =X, ® F(DWConv(R(X}))) Eq. [8]
X! = GELU(W,X)) Eq. [9]

59



Where, W1 and W are linear projection operations, Split() is the channel splitting
operation, F() and R() are the reshape and flatten operations respectively, PConv () is
partial convolution operation, DWConv() is depthwise separable convolution, and @

symbolizes the cross product of matrices.

4.2 Grad-CAM-based Explaining Model

Grad-CAM visualizes the class-discriminative regions that a convolutional neural
network (CNN) relies on when making a prediction. It does so by using the gradients
of a target class flowing into the last convolutional layer, where the feature maps are

most semantically aligned with the output.

Specifically, we compute the gradient of the target score with regard to the selected
layer’s feature maps and global-average-pool these gradients to obtain one importance
weight per channel. The feature maps are then calculated by a weighted sum, followed
by a ReLU, to produce a coarse class activation map that retains only features
contributing positively to the target class. Subsequently, an upsample process and an
overlap operation are conducted on this map, yielding an intuitive heatmap of the
regions that drive the decision. Owing to its simplicity and interpretability, Grad-CAM
provides a transparent link between model outputs and image evidence. The workflow

of the Grad-CAM is shown in Figure 13.
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Figure 13 Workflow of Grad-CAM

The procedures for implementing Grad-CAM algorithm are as follows:

CAM replaces the fully connected layer after the last convolutional layer of a
convolutional neural network with a Global Average Pooling (GAP) layer, which is
connected directly to the output layer. In this way, the multi-channel feature maps
produced by the convolutional layer are each pooled by the GAP layer into a single
value in a one-dimensional feature vector, and the connection weight between this value
and the output becomes the weight of the corresponding feature map. Using these
weights to take a weighted sum over the feature maps across channels, then upsampling
the result to the original image size and normalizing it, yields a weight matrix for the

input image.

The computational formulas are as follows:
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Mc(i,)) = Zi=1wi * Ak (L)) Eq. [10]

Mc(i'j)_Mc,min

M:(l,]) - Mcmax—Mcmin Eq [11]

Where M,.(i,j) is the element in row i column j of the (pre-normalization) weight
matrix M, when the sample is recognized as class ccc; k£ donated the total channels in
the feature maps output by the last convolutional layer; wy is the weight for class ccc
associated with the -th feature map; A, (i,j) is the element at row iii, column j of the
k-th feature map in the last convolutional layer; and M, 4 and M, ., are the

maximum and minimum values of the (pre-normalization) weight matrix, respectively.

CAM demonstrated excellent performance in simple computations and parameter
efficiency. By employing a Global Average Pooling (GAP) layer instead of a fully
connected layer, the overfitting problem is reduced to some extent. However, CAM has
an inherent limitation: it requires the network to employ a GAP layer to connect to the
output, which necessitates retraining and greatly limits the method’s applicability.
Building on this, Grad-CAM improves upon CAM by using the gradients of the feature
maps in place of the GAP outputs, allowing the method to be applied to neural networks

of arbitrary architecture.

Grad-CAM integrates gradient information with class activation mapping. Here, it uses
the gradients of the elements in each channel of the last convolutional layer to compute
a weight for the corresponding feature map, and then forms a weighted sum across

channels to obtain the image regions most closely related to the predicted target.
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Specifically, for class ¢, Grad-CAM computes the weight wg of the k-th feature map
by averaging, over spatial locations, the gradients of the class score y¢ with respect to

the pixels of that feature map. The corresponding formulas are as follows:
1 ay°
Wi = EZiZj _azlﬁ. Eq. [12]
ij

Where y¢ is the score for the target class ¢ obtained from the forward pass; A{-‘j is the
value at spatial location (i, j) in the A-th channel of the feature maps A; and Z is the
product of the spatial dimensions (width X timesx height), i.e., the total number of

spatial elements.

Since the explainability approach aims to retain feature components that positively
influence recognition of the target class while discarding features that are detrimental
or irrelevant, the ReLU function is introduced to remove negative values in the weight
matrix, preserving only features useful for that class and thereby improving the

accuracy of localizing important regions. The corresponding formula is as follows:

— c gk
Mc,GradCAM - Relu(Zk Wi A ) Eq- [13]
AM
M* _ Mc,GradCAM_McG,;;filrilc E 14
¢,GradCAM = ~p,GradCAM _ ,GradCAM q. [14]
cmax cmin
Where M denotes th lizati ight matrix; MECAM and
c.cradcam denotes the (pre-normalization) weight matrix; Mg 770y an
GradCAM : s : : :
M min are the maximum and minimum values of that pre-normalization matrix,
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respectively; and M; ;,qqcanm 18 the normalized weight matrix.

4.3 Model Training and Implementation Details

This section presents the detail of the detector configuration, model training, and the
implementation of the YOLOv11-FS module and Grad-CAM explanation module used
to detect guardrails. Here, we first introduce the training loss, followed by optimization

settings and hyperparameter selection.

The experimental platform runs Ubuntu 20.04 as the operating system, equipped with
an Intel Xeon Gold 6138 processor, 128 GB of system memory, an NVIDIA RTX
A5000 GPU, PyTorch 2.0.1, CUDA 11.8, and Python 3.8.0. The batch size is set to 16,
the input image size to 448x448, the number of epochs to 100, patience to 20, the initial
learning rate to 0.01, and the weight decay coefficient to 0.005. All experiments were

trained and validated using the same set of hyperparameters.

The YOLOV11-FS loss function integrates three components: (1) the classification loss
L¢s; (2) the bounding-box regression 10ss Lpy; and (3) the distribution focal loss Lgy;.
By weighting these terms and employing advanced optimization algorithms, the
model’s performance on object detection is effectively improved. The YOLOv11 loss

is expressed by Eq. [15]:

Lyorovir = Leis + Lpox + Ldfl Eq. [15]
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Here, L., based on cross-entropy, measures the discrepancy between the predicted
class probability distribution and the ground-truth labels, enhancing multi-class
recognition capability. L,,, optimizes the geometric alignment between predicted and
ground-truth boxes to ensure precise localization. Lgs; adopts a dynamic weighting
strategy that emphasizes the loss contribution of hard examples, significantly

improving the detection of sparse targets.

4.4 Evaluation Performance Metrics

This subsection defines the metrics used to evaluate the detection effectiveness and
feasibility (i.e., accuracy). In our research, the confidence interval is set to 95%. Four
key performance indicators (KPIs) are applied to evaluate the results performance: (1)

precision; (2) recall; (3) mAP. Next, we introduce the details of each KPI.

(1) Precision

Precision (also called positive predictive value) is a metric used to measure sow often
a machine learning model correctly predicts the positive class. It can be calculated by
dividing the number of correct positive predictions (true positives) by the total number

of instances the model predicted as positive (both true positives and false positives).

The precision (P) can be defined by Eq. [16]:

P=TP/(TP +FP) Eq. [16]

where TP denotes true positives (the number of correctly detected targets) and FP

denotes false positives (the number of incorrectly detected targets).
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(2) Recall

Recall (also called sensitivity) is a metric used to measure Zow often a machine learning
model correctly identifies positive instances (true positives) from all the actual positive
samples in the dataset. It can be calculated by dividing the number of true positives by
the total number of actual positive instances, which includes both true positives and

false negatives. The Recall (R) can be defined by Eq. [17]:
R=TP/ (TP +FN) Eq. [17]

where FN denotes false negatives, i.e., the number of targets that actually exist but were
not detected.

(3) mAP

Mean Average Precision (mAP) is one of the commonly used KPIs to assess the
performance of computer vision models in detection tasks. It is equal to the average of
the Average Precision metric across all classes in a computer vision model. mAP can
be used to compare different models on the same task as well as different versions of
the same model, and its value ranges between 0 and 1. The mAP can be defined by Eq.

[18] and Eq. [19]:

1
AP = [ P(y)dy Eq. [18]
— 1 n
mAP = - =1 AP; Eq. [19]
where 4P; denotes the average precision for the class indexed by i, and n represents the

total number of classes for the dataset.
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4.5 Summary

This chapter introduced an interpretable computer-vision approach for detecting
guardrails for edge protection in construction projects. Traditional deep learning-based
computer vision models can achieve high accuracy in the detection of guardrails, while
providing little transparency about why and how a prediction was made, which hinders
their application, as on-site managers are unable to trust the results generated by the Al
system. To address this limitation, we propose an improved interpretable computer-
vision approach for detecting guardrails for edge protection in construction projects.
First, an improved YOLOV1 1-based detector is proposed to identify guardrails. Second,
a Grad-CAM-based explanation module is proposed to highlight the visual evidence

supporting each prediction.

In sum, this chapter detailed the motivation for interpretability in construction-site
safety, described the architecture and implementation of the detector and explanation
module, and outlined how the generated attribution maps can support model refinement.
This interpretable design aims to increase managers’ trust in the utilization of deep
learning models, reduce risk errors, and facilitate effective collaboration between

computer-vision systems to improve safety performance.
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CHAPTER 5 MAPPING SEMANTIC SEGMENTATION TO 3D

RECONSTRUCTION MODEL FOR HAZARDS LOCALIZATION

Chapter 5 demonstrates the accurate detection of guardrails, but it often struggles to

precisely localize hazards within a 3D reconstruction model or associate them with

specific building components. To address this limitation, we first apply an improved

DeepLabV3+ network to semantically segment safety guardrails in site imagery. Next,

the segmented masks are mapped onto a 3D reconstruction of the workspace via texture

projection. By anchoring 2D predictions in 3D, the method enables precise localization

of unguarded edges in the as-built 3D model. This section describes the details of the

segmentation model, the image-to-model mapping procedure, and how the fused 3D

semantics support hazard visualization and decision-making. The workflow of our

proposed approach is presented in Figure 14.
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Figure 14 Workflow of our proposed approach
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5.1 Improved DeeplabV3Plus Network

For images where guardrail areas are detected, an improved guardrail segmentation
algorithm, DeeplabV3Plus-SC, is developed to accurately segment the guardrail objects.
This proposed approach is based on the DeeplabV3Plus network architecture, with the
addition of the convolutional block attention module (CBAM) in the encoder and the
Squeeze-and-Excitation (SE) channel-attention module in the decoder. These
enhancements improve the network’s ability to process input features. The network
structure is shown in Figure 15. Below are the details of the DeeplabV3Plus network

and its optimization modules.
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Figure 15 Network of DeeplabV3Plus-SC
Next, we present the details of the backbone DeeplabV3Plus semantic segmentation
network and its optimization modules, including the Squeeze-and-Excitation (SE)
channel-attention module and the Convolutional Block Attention Module (CBAM).
5.1.1 DeeplabV3Plus Semantic Segmentation Network
DeeplabV3Plus is an advanced deep-learning model for semantic segmentation tasks.

The DeeplabV3Plus model is built on an encoder-decoder structure, in which the former
69



focuses on feature extraction from the images, and the latter enables these features to
be mapped back to the original image size, achieving pixel-level classification.
Specifically, the model’s backbone network is responsible for feature extraction and
includes two parts: (1) high-level semantic extraction and (2) low-level semantic
extraction. The key component of DeeplabV3Plus is the ASPP module, which uses
dilated convolutions to capture information at different scales. Features from different
scales are combined and then merged with shallow features before upsampling to obtain
the final prediction. The network structure of DeeplabV3Plus is demonstrated in Figure

16.
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Figure 16 Network of DeeplabV3Plus

The procedure of the implementing DeeplabV3Plus is as follows:

Step 1. Backbone + ASPP

The original image passes through a backbone network (e.g., ResNet or Xception) for
feature extraction, producing two outputs: (1) a shallow feature map (x1) and (2) a deep

feature map (x2). The deep feature map (x2) is fed into the ASPP module, which has
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five branches:

(1) Branch 1: 1x1 convolution (keeps spatial size).

(2) Branch 2: 3x3 convolution with dilation rate 6 (keeps spatial size).

(3) Branch 3: 3x3 convolution with dilation rate 12 (keeps spatial size).

(4) Branch 4: 3x3 convolution with dilation rate 18 (keeps spatial size).

(5) Branch 5: average pooling followed by a 1x1 convolution (adjusts channel
number).

The outputs from all five branches are concatenated along the channel dimension.

Step 2. Feature fusion and classification

A 1x1 convolution is employed to obtain the final deep feature map (x3). The shallow

feature map (x1) is processed with a 1x1 convolution to produce (x4). The deep feature

map (x3) is upsampled to match the spatial size of (x1), yielding (x5). The shallow

feature (x4) and the upsampled deep feature (x5) are concatenated along the channel

dimension, and a 3%3 convolution is applied to produce the classification logits.

Step 3. Upsampling to image resolution

The logits are upsampled to the original input image size to produce the final

segmentation result.

5.1.2 Channel Attention Mechanism SE Module

The Squeeze-and-Excitation (SE) channel-attention mechanism improves network

performance with minimal additional computation by explicitly modeling dependencies

between convolutional feature channels. The SE module consists of three operations:
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(1) Squeeze, (2) Excitation, and (3) Scale. The structure of SE Module is shown in

Figure 17.
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Figure 17 Structure of SE Module

Next, we introduce the details of three operations of the SE module.

(1) Squeeze. The SE module first aggregates the spatial dimensions of the input feature
map using global average pooling, generating a channel descriptor for each channel.
Within this step, global spatial information can be well compressed into a channel
vector while the overall distribution of channel-wise feature responses is captured,
which is of vital importance for the subsequent recalibration.

(2) Excitation. After squeezing, an excitation mechanism, essentially a self-gating
module composed of two fully connected (FC) layers and a nonlinear activation,
is adopted here. Begin with the FC layer, where the dimensionality of the channel
descriptor can be effectively reduced. A ReLU activation is then applied, followed
by the second FC layer that projects it back to the original channel dimension. A
sigmoid activation then produces channel-wise weights. This process models
nonlinear interactions between channels and yields a set of attention weights.

(3) Scale. The excitation output is used to recalibrate the original input feature map.

Here, each channel is scaled by its corresponding weight, selectively emphasizing
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informative features while suppressing less useful ones. This enables the model to

focus on the most relevant features for the task.
5.1.3 Convolutional Block Attention Module (CBAM) Module

Convolutional Block Attention Module (CABM) is a lightweight attention module that
enhances a CNN’s ability to interpret input features. It focuses on relationships between
channels and spatial locations, helping the network emphasize important information
and suppress less useful details. By applying channel attention followed by spatial
attention, the model automatically adjusts feature importance and improves feature
representation quality. The structure of Convolutional Block Attention Module is

displayed in Figure 18.

Input Feature Channel Spatial
Attention Attention

E Refined Feature
Module Module

/ o .
gl g

Figure 18 Structure of CBAM Module
The procedure of CBAM is as follows.
(1) The feature map FFF is fed into the module.
(2) The channel-attention submodule computes an attention map using a 1D
convolution (MCM_CMC) and multiplies it with the current feature map to

produce the channel-refined output.
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(3) The resulting features are passed to the spatial-attention submodule, which
computes a spatial attention map using a 2D convolution (MSM_SMS).
(4) The final output is obtained by multiplying this spatial attention map with the

channel-refined feature map.

5.2 3D model Reconstruction and Texture Mapping

Using the improved guardrail segmentation algorithm, the collected images were

segmented to extract edge guardrails, producing a binary segmentation result, as shown

in Figure 19.

(a) Original image (b) Binary guardrail segmentation
Figure 19 Example of binary segmentation
Next, the binary segmentation result was re-mapped onto the original UAV images by
assigning a specified color (green) and overlaying it, while preserving the original

camera parameters and geolocation metadata, yielding a mask-mapped guardrail image.
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Figure 20 Mask-mapped guardrail image

The mask-mapped images and the original images were then reconstructed in

ContextCapture. The detailed steps are as follows:

Step 1: Aerial triangulation. Based on the guardrail detection and segmentation results,
both the original images (without guardrail overlays) and the mask-mapped images
were used jointly as input imagery. Using the images’ camera parameters and
geolocation information, the software performed aerial triangulation to compute the

relative poses between images, as illustrated below.
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Figure 21 Relative poses between images

Step 2: Dense multi-view matching. Using the triangulation results, the software

performed dense matching across multiple views. The matching output is shown below.

Figure 22 Results of dense multi-view matching

Step 3: 3D reconstruction with constraints. From the dense matching, the software
built a dense point-cloud-based 3D reconstruction and introduced geometric bounds to

focus the reconstruction region on the edge-guardrail structures. This reduces
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computational cost and improves reconstruction speed. The reconstruction result after

guardrail identification is shown below.

Figure 23 Results of 3D reconstruction result after guardrail identification

5.3 Missing Guardrails Recognition and Localization

5.3.1 Simulated Design of Missing Guardrails

To simulate the potential absence of real-world guardrails as accurately as possible, the
standard point cloud of the top guardrail area is divided into four regions based on
orientation. The workflow for this area division is presented in Figure 24. Subsequently,
a section of the guardrail is randomly removed from one of these regions to represent a

typical 'missing guardrail' scenario.

Because the positions of UAV-collected images vary across different acquisition
periods, the reference coordinate system of the model-derived from oblique
photography and 3D reconstruction-also varies. Therefore, random rotation and

translation transformations are applied to the coordinate system of the simulated scene
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to replicate these reconstruction variations. A diagram illustrating the simulated missing

guardrail scenarios and the random coordinate transformations is shown in Figure 25.

(a) (b)
Figure 24 Standard Guardrail Point Cloud and Simulated Area Division: (a) standard

point cloud of the top guardrail area; (b) the schematic diagram of area division
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Simulated Scenery 3 Simulated Scenery 4
(a) Simulated Missing Guardrail Scenarios (b) coordinate system variations

Figure 25. Four simulated missing guardrail scenarios and coordinate system variations
5.3.2 Voxel Filtering Down-sampling and Coarse Registration Algorithm

Point cloud registration typically requires point-pair feature matching and coordinate
calculation between the source and target point clouds. However, high-resolution point
cloud data captures not only macroscopic shapes but also microscopic geometric
structures, leading to data redundancy and low computational efficiency.

Downsampling is a widely recognized method for significantly reducing computational
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load and optimizing registration time by decreasing point cloud density. Therefore, in
this section, we propose a voxel filter downsampling method to effectively preserve the
shape and detailed characteristics of the guardrail. A comparison between the initial

point cloud and the voxel downsampled point cloud is shown in Figure 26.

(a) (b)

Figure 26 Comparison of the Initial point cloud and Downsample: (a) initial standard

point cloud; (b) voxel downsampled point cloud

Since the initial pose of the standard guardrail point cloud differs significantly from that
of the simulated missing guardrail point cloud, the direct ICP method (fine registration)
fails to achieve precise registration after voxel downsampling. Therefore, the SAC-IA
algorithm is applied to perform robust coarse registration, preventing the subsequent
ICP algorithm from falling into local optima. Preliminary correspondences are
established by calculating FPFH features, and RANSAC is used to filter out point pairs
containing significant mismatches. Finally, the transformation supported by the

maximum number of inliers is selected as the globally optimal initial pose. Figure 27
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presents the comparison between the standard and simulated missing guardrail point
clouds before and after coarse registration. The main steps of the algorithm are as
follows:
1) Random matching of sampling points: according to FPFH features, n (n>3) points
are randomly selected from the source point cloud P, and their corresponding points in
the target point cloud Q are determined by nearest neighbor search.
2) Estimating the initial transformation: compute an initial hypothetical
transformation 7 using the selected sample matches n
3) Transform: apply this initial transformation to the entire source point cloud P
4) Interior point screening: the nearest neighbor search is carried out between the
transformed source point cloud P and the target point cloud Q based on the Euclidean
Distance Threshold, and then the interior point set satisfying the rule is screened out
(repeat step 1 if the number of interior points is insufficient)
5) Optimize the transformation: use the new interior point pair relation to re-estimate
a more accurate hypothetical transformationT
6) Update the optimal result: calculate the distance between the corresponding points
of the current interior point &(7). If the distance reaches a minimum, 7'is taken as the
current optimal transformation; otherwise, repeat the above process until the set number
of iterations is reached or the error converges.

T = argmin&(T) = argmin Zpep(Tp —q)? Eq. [20]
where p refers to the points of source point cloud P and q refers to the points in target

point cloud Q.
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(a) (b)

Figure 27 Comparison results of the standard guardrail point cloud and simulated
missing guardrail point cloud in coarse registration process: (a) before coarse
registration; (b) after coarse registration

5.3.3 Fine Registration Algorithm for Missing Guardrail Recognition

Although the simulated point cloud is coarsely aligned with the standard one via SAC-
IA registration, KD-ICP fine registration is employed to further minimize alignment
errors. KD-ICP accelerates the nearest neighbor search by constructing a KD-Tree,
which significantly improves the efficiency of the ICP algorithm and demonstrates
superior performance when processing large-scale scene point cloud data. Figure 28
illustrates the comparison between the standard and simulated missing guardrail point
clouds before and after fine registration. The main process is summarized below:

1) Nearest Neighbor Search: Use the KD-Tree structure to quickly find nearest
neighbor pairs in source and target point clouds

2) Rigid body transformation calculation: Compute the optimal rigid body
transformation matrix by minimizing the error between the nearest neighbors of the

source point cloud and the target point cloud
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3) Use rigid body transformation: Apply the transformation to the source point cloud
and update its position
4) Terminate transformation: Stop iteration when convergence condition satisfies
minimum transformation error.

e = argminK ™' - T, || %, — (Mep; + Myp)|I? Eq. [21]
Where Xx;and p; represent the coordinates of the i-th point in point clouds X and P,
respectively; Mp is the rotation matrix, and My is the translation vector of the rigid

body transformation.

(a) (b)

Figure 28 Comparison results of the standard guardrail point cloud and simulated
missing guardrail point cloud in fine registration process: (a) before fine registration;
(b) after fine registration

5.3.4 Nonoverlapped Detection for Missing Guardrail Recognition Localization
Following point cloud registration, it is necessary to detect the non-overlapping regions
between the registered simulated point cloud and the standard guardrail point cloud.
The difference between these clouds reveals the position of the missing guardrail. The
main steps of the algorithm are as follows:

Step 1: Finding Overlapping Point Pairs
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A nearest neighbor search is performed to establish correspondences between the source
and target point clouds. Point pairs with distances below a predefined threshold are
extracted, and their indices in the target point cloud are recorded to identify the

overlapping regions.

Step 2: Removing Overlapping Regions

Based on the recorded indices, a radius search is conducted within a range of 0.05 m
around each indexed point to fully define the overlapping point cloud. Subsequently,
the points corresponding to this overlapping region are removed from the target point
cloud. The remaining points constitute the non-overlapping point cloud, which
represents the location of the missing guardrail. The detection results are shown in

Figure 29.

Figure 29 The detected result of the missing guardrail: (a) standard point cloud of
simulated scenery 1 and (b) detected results of the missing guardrails in scenery.

5.4 Model Training and Implementation Details

Our experimental platform is built upon Ubuntu 20.04, equipped with an Intel Xeon
Gold 6138 processor, 128 GB of system memory, an NVIDIA RTX A5000 GPU,

PyTorch 2.0.1, CUDA 11.8, and Python 3.8.0. The batch size refers to 16, the input
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image size to 448x448x3, and the number of epochs to 100. Stochastic gradient descent
(SGD) serves as the optimizer within the model, with the initial learning rate and

momentum set to 0.01 and 0.9, respectively.

For binary semantic segmentation with DeepLabv3+, we adopt the binary cross-entropy

(BCE) loss; the formulation is presented by Eq. [22].

1 ~ ~
Lpce = —~ Zitalyilog(3) + (1 — y)log (1 — 7)] Eq. [22]

where y; denotes the ground-truth label, ¥, is the model prediction, and N is the
number of samples.

5.5 Evaluation Performance Metrics

The evaluation on the detection performance of the improved segmentation model is
defined by four key metrics: precision, Recall, mean Intersection over Union (mloU),
and F1 score. Among these, [oU represents the ratio of the intersection to the union
between the predicted segmentation and the ground-truth segmentation, reflecting their
degree of overlap—values closer to 1 imply better results. MIoU is the average loU
across all classes; larger values indicate better segmentation performance. The formulas

for IoU and MIoU are as follows:

IoU = 24 Eq.[23]

Y oI PP

1 ii
MioU = —73f < Eq.[24]

k1 S1=05k b+ Tk oD
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Where, k denotes the number of classes, £ + 1 indicates that the background class is

included, and i is the ground-truth class and j is the predicted class.

The F1 score is a metric for comprehensively evaluating a classification model’s
performance, regarding both precision and recall. Through the balance of the former
two indicators, how well the model performs is directly reflected. The F1 score can be

defined by Eq. [25]:

Py =2 Bt Eq. [25]
5.6 Summary
This chapter develops an end-to-end pipeline that transforms 2D, pixel-level scene
understanding into spatially anchored safety intelligence within a 3D reconstruction
model. Starting from site UAV imagery, an improved DeepLabV3+ model is proposed
to semantically segment safety guardrails and related context, producing per-pixel
masks. These 2D results are then mapped onto an existing 3D reconstruction of the
workspace via texture projection, yielding a semantically labeled mesh or point cloud
in which each surface element inherits labels from one or more camera views. By
grounding 2D predictions in the 3D reconstruction model, the computer vision system

enables precise localization of unguarded edges and supports managers in making

decisions regarding where guardrails are missing.
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CHAPTER 6 AN IMPROVED VISION LEARNING APPROACH TO
PREDICT HAZARDS IN CONSTRUCTION?
The occurrence of accidents is usually caused by two elements including unsafe
conditions (objects) and unsafe behavior (people), based on the accident causation
model. Once the unprotected edges (guardrails) have been clearly identified, unsafe
behaviors like workers approaching unsafe construction areas should be further
controlled. Existing studies tend to be retrospective, primarily examining the
psychological factors contributing to unsafe behavior. Consequently, they often fail to
visually capture the dynamic and complex conditions that influence these behaviors in
real time. To address this limitation, this chapter presents a novel computer vision
approach capable of automatically predicting potential unsafe behaviors—such as
approaching hazardous areas with unguarded edges—by monitoring actions in real-
time video. The proposed framework consists of three key components: (1) tracking
individuals using SiamMask; (2) predicting pedestrian trajectories using an improved
Social LSTM; and (3) identifying unsafe behaviors using Franklin's point-in-polygon

algorithm (PNPoly)

Here, this research used SiamMask to track workers in real time to determine their on-
site locations. Then, based on the tracked locations, we develop an improved Social

Long Short-Term Memory (LSTM) (Alahi et al., 2016), a form of Recurrent Neural

2 This chapter is based on a published study.

Kong, T., Fang, W., Love, P. E.D, Luo, H., Xu, S., & Li, H. (2021). Computer vision and long short-term
memory: Learning to predict unsafe behaviour in construction. Advanced Engineering Informatics, 50, 101400.
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Network (RNN), to learn their movement patterns. Once the model captures and learns
these patterns, it can predict future trajectories. Finally, using Franklin's point-in-
polygon (PNPoly) algorithm (Franklin, 2006), the spatial relationships between
predicted trajectories and predefined hazardous zones are analyzed. This enables the
inference and prediction of likely unsafe behaviors. This chapter focuses on the
application of SiamMask, Social LSTM, and the PNPoly algorithm.

6.1 SiamMask-based Tracking

The SiamMask approach is adopted in this research to simultaneously achieve higher
tracking performance and real-time detection speed (Perazzi et al., 2017). Chopra et al.
(2005) first proposed the Siamese network for face recognition. A sample pair,
consisting of an exemplar image z and a search image x, is input into the two branches
of the network, which share the same weights. The Euclidean distance between their
feature representations is then used to determine whether the exemplar and search
images belong to the same category. SiamFC formulates the tracking problem as
similarity matching learned in an embedding space. The structure of SiamFC is

presented in Figure 30.
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Adapted from Pinheiro ef al., (2016)
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Figure 30 Structure of a SiamFC
The SiamFC compares exemplar image z with search image x to obtain a dense response
map. The two inputs are processed by the same networkfy, then output two feature
maps. Finally, a cross-correlation between these two feature maps is performed, which

generates a dense response map, as noted in Eq. [26].

9o(2,%) = fo(2) * fo(x) Eq. [26]

6.1.1 Network Architecture and Model Training

The structure of SiamMask is presented in Figure 24. A ResNet-50 network is used as
a backbone network (fy) (Redmon ef al., 2016). To obtain a high spatial resolution in
deeper layers, we reduce the output stride to 8 using convolutions with stride 1. As
noted in Figure 31, the exemplar and search images are inputs into the backbone
network (fg). The outputs are separated feature maps (15*15*256 and 31*31*256).
Then, these two feature maps are used to generate the response map through cross-

correlation.

Here, we refer to each element of the response map as ‘Response of a candidate Window’
(ROW). Subsequently, the ROWs are sent into two 1 X 1 convolutional layers, one
with 256 and the other with 632 channels, and output three-branch including mask,
box generation, and score. The strategy of merging the low- and high-resolution
features produces a more accurate object mask. The bounding box is generated from
the obtained mask via a rotated minimum bounding rectangle (Ren et al., 2015; Perazzi

etal., 2016).
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Figure 31 Structure of SiamMask
6.2 Social-LSTM-based Trajectory Prediction
After tracking people in real time, the next step is to predict their trajectories. In this
work, Social-LSTM is adopted due to its state-of-the-art performance on standard
datasets such as ETH and UCY (Seo ef al., 2016). By modeling person-person
interactions during trajectory prediction, Social-LSTM improves both the robustness

and accuracy of multi-person tracking.

The Kalman filter is employed to refine the predictions generated by the Social-LSTM
model, thereby enhancing the overall robustness of the trajectory forecasting method.
As an optimal recursive estimator, the Kalman filter infers relevant state parameters
from noisy, indirect, and uncertain measurements, making it particularly suitable for
estimating a person's movement based on their historical trajectory data. Accordingly,
the Kalman filter is applied to adjust the Social-LSTM outputs whenever discrepancies
arise between a person’s predicted walking speed and their actual recorded speed. The

workflow of this improved Social-LSTM framework is illustrated in Figure 32.
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Figure 32 Process of improved Social LSTM
A social pooling layer is incorporated between time step t and time step t+1. The output
is a three-dimensional state tensor, where the first two dimensions represent plane
coordinates and the third dimension corresponds to the state tensor output by the Social-
LSTM model at time step t. This structure enables the prediction of the target person’s
trajectory by aggregating Social-LSTM information from neighboring individuals. The

procedure is as follows:

Step 1: Capture the hidden state information (h!) of the i-™ person at time-step ¢
Step 2: Share hidden state information with neighbours by building a ‘social” hidden-

state tensor H/, as noted in Eq. [27]:

90



Hi(m,n,:) = Yjen, L[ — %6 ¥! — yi] hi_, Eq. [27]

where, D is the hidden-state dimension; N, is the neighbourhood size; hg_l is the
hidden state of the Social-LSTM corresponding to the j* person at time-step #-1;
1mnlx,y] is an indicator function to check if (x,y) is in the (m,n) cell of the grid; N;

is the set of neighbours corresponding to the person i.

Step 3: Embedding the pooled social hidden-state tensor into the vector al and

embedding coordinates into vector e/, as noted in Eq. [28], Eq. [29] and Eq. [30].

ht = LSTM(ht™, ef, al, W) Eq. [28]
at = G(H; Wa) Fa. [29]
el = p(xt,yi We) Eq. [30]

where, ¢(-) is an embedding function with ReLU non-linearity; W, and W,
embedding weights; W; is the Social-LSTM weight.

6.2.1 Trajectory Estimation

The hidden-state information at time-step ¢ is used to predict the distribution of the

trajectory position (%,%)t,, at the next time-step ¢ + 1. Following Graves (2013), a
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bivariate Gaussian distribution parametrized is assumed with the mean pu;,, =
(U, Hy)¢41, standard deviation oy, = (0y, 0y)t4q and correlation coefficient py. ;.

Sl 5l

The predicted coordinates (X¢, ¥;) at time-step ¢ can be computed by flowing Equations.

(.9t ~ N(ut, of, pp) Eq. [31]
[ut, of, pt] = Wphi™? Eq. [32]

. Tpre . s
L(We, W, Wp) = = X, 27 | log(P(xi, vi|ot, k. pb)) Eq. [33]

where, L isthe i*" trajectory.

6.3 Prediction of Unsafe Behaviour

After predicting a person’s future trajectory, a PNPoly algorithm determines if their
coordinates are in the hazardous area so that unsafe behaviour can be envisaged. As
shown in Figure 33, if the predicted trajectories (P» and Py) are within the polygon,

then a person’s behaviour will be envisaged as unsafe.
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Figure 33. Example of safe and unsafe behaviour based on the predicted trajectory
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The PNPoly algorithm tests whether a point is inside a polygon (convex or concave) by
counting how many times the ray from the test point crosses its edge. If the count is an

odd number, the point is in the polygon area; otherwise, it is outside.

6.4 Model Training and Implementation Details
The output of the SiamMask model includes mask, bounding box, and score. Hence,
the training loss of SiamMask contains three parts, which the following equations can

compute.

Lioss = A1Lmask + A2Lscore + A3Lpox Eq. [34]
Lmasi = Zn (2225, log (1 + e=5/™ ) Eq. [35]

Lscore = —logpx Eq. [36]
Lpox = Xi—osmooth, =Y o smooth; (8[i], 0) Eq. [37]

0.50%x? |x| < iz
o

smooth; (x,0) = Eq. [38]

1 1
| x ey |X|2;

0—2
where, 1, A,, and A; are hyper-parameters, set to 32, 1 and 1, respectively; y, is

the ground-truth binary label of each ROW, wherey,, is set to 1 following Wang et

al.(2019); c,ilj The pixel-wise ground-truth label corresponds to a pixel (i, j) of the
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object mask in the n-" candidate ROW; w and  are the sizes of a pixel-wise ground-

truth mask.

6.5 Evaluation Performance Metrics
This section evaluates object tracking and trajectory prediction using two families of
metrics: tracking metrics and trajectory-prediction metrics.
(1) Evaluation performance metrics for object tracking
Three key performance indicators (KPIs) are used to evaluate the tracking performance
of our approach: (1) mean intersection over union (mIOU); (2) mean average precision
(AP)@0.5 I0U; and (3) mean AP@Q0.7 IOU. The AP is the area under the precision and
recall curve. Here, the IOU, precision and recall can be computed in Eq. [39], Eq. [40],
and Eq. [41]:

Detection resultnGround truth

10U = Eq. [39]

Detection resultuGround truth

TP

precision = P Eq. [40]
Recall = TPT+PFN Eq. [41]

where, A ‘true positive’ (TP) refers to a person who has been correctly tracked. A ‘false
positive (FP)’ occurs when a tracked worker is some other object. A ‘false negative

(FN)’ refers to a failure in tracking a person in the image.
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(2) Evaluation performance metrics for trajectory prediction
Two key performance indictors (KPIs) are used to evaluate the trajectory prediction
performance: (1) average displacement error (ADE); and (2) final displacement error

(FDE). These two KPIs can be computed in Eq. [42] and Eq. [43]:

tO S‘H‘L re o
ADE = 13y —— 3,20 G = 3D+ OF - 9D)? Eq. [42]
1 tpre olpre tpre ~lpre
FED = ;Z?ﬂ\/(xip -2 TN 4 (y, P — T2 Eq. [43]

A video from our real-time monitoring system is selected and used to validate the
performance of Social-LSTM for trajectory prediction. In this experiment, the
hyperparameter of the Social-LSTM is set as follows: the spatial pooling size (No) is

32, the pooling window size is 8*8, and the learning rate is 0.003.

6.6 Summary

This chapter presents a real-time, computer vision-based approach to proactively
predict unsafe worker behavior on construction sites by forecasting whether a worker
will approach or enter hazardous zones without edge protection. Our proposed approach
consists of three components: (1) tracking workers with SiamMask to localize them on
site; (2) modeling and predicting worker motion using an improved Social-LSTM; and

(3) checking predicted positions against mapped hazard polygons via Franklin’s

95



PNPoly point-in-polygon test. By fusing tracking, trajectory forecasting, and spatial
inclusion analysis, the proposed computer vision system can infer likely unsafe actions

before they occur, enabling early intervention and enhanced on-site safety.
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CHAPTER 7 EXPERIMENTS AND RESULTS

This chapter targeted to systematically evaluate the proposed approaches and
demonstrate their effectiveness and feasibility. We describe the dataset development
and model implementation details, define evaluation metrics, and conduct ablation
studies. Key research findings and practical implications are summarized at the end.
7.1 Results and Analysis of Missing Guardrails Recognition

To evaluate the effectiveness and feasibility of the proposed approach, a real-life high-
rise building project in Wuhan, China, is used as a case study. This project serves as a
flagship development in the East Lake High-tech Development Zone—also known as
the Optics Valley of China (OVC). The Wuhan New City concentrates major public
buildings, research facilities, and headquarters projects within a 719-km? strategic area

prioritized in provincial and municipal initiatives for accelerated delivery.

The first construction phase of the project has a planned gross floor area of
approximately 179,400 m?. Within this phase, the initial southwest sub-area,
comprising the FinTech Service Center, the Investor Tower, and affiliated buildings
with covers roughly 90,000 m?. Project mobilization commenced on 17 November 2023,
marking its inclusion among the first wave of key projects to enter full execution. By
May 2025, the main structures of the initial sub-area had been topped out, reflecting
rapid on-site progress. The overall completion of Phase | is targeted for December 2025,

as indicated in earlier official communications.
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Figure 34 Example of case project

7.1.1 Data Collection and Processing

We used a DJI Matrice 300 RTK (M300 RTK) equipped with an H20T hybrid camera
to acquire high-resolution RGB imagery of edge protection (guardrails) at the
construction site. Real-time kinematic (RTK) positioning was recorded concurrently to
ensure centimeter-level georegistration. Flight routes were pre-planned in DJI Pilot
with terrain-following lines offset 5-10 m from the slab edge. At a flight altitude of 20
m, the mission targeted a ground sampling distance (GSD) < 5 mm/pixel. To mitigate
occlusions, we flew a cross-grid pattern combining nadir and oblique views and limited
each mission’s coverage to approximately 200 m x 200 m. Key platform specifications
are summarized in Table 2.

Table 2 Parameters of the DJI M300

Parameter Value

Takeoff weight 720 g
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Max flight time 46 min

Max wind resistance (wind speed) 12 m/s
Hovering accuracy Vertical: 0.1 m; Horizontal: 0.3 m

Max ascent speed 10 m/s

Max descent speed 10 m/s

Max horizontal flight speed 21 m/s

Max tilt angle 35°
Effective camera resolution 48 MP

The experimental dataset comprises images of edge guardrails on multiple floor
platforms at the CSCEC Third Bureau Sci-Tech Finance Headquarters, captured using
a DJI Air 3 drone. A total of 551 source images were collected at an original resolution
of 4032 x 2268 pixels from diverse viewpoints. Each image was resized and randomly

cropped to 448 x 448 pixels, resulting in a final working dataset of 1,728 images.

To enhance model robustness, we applied four augmentation techniques—horizontal
flip, in-plane rotation about the image center, additional random crops, and saturation
adjustment—to expand the dataset threefold, resulting in 5,184 images. Based on the
augmented datasets, 4,784 images are used for training, 200 images for validation, and

200 images for testing, separately.
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7.1.2 Edge Guardrail Detection

To comprehensively verify the performance gains contributed by each improved
module, we conducted ablation experiments on the proposed model. The experiments
were built upon YOLOvV11 and employed a stepwise integration strategy to quantify the
contribution of each module to detection accuracy and efficiency. We evaluated three
comparative configurations: the pre-optimization YOLOv11 (Baseline), YOLOv11
with FRFN, and YOLOv11 with SAFM. Table 3 exhibited the ablation results, where
the Baseline denotes the vanilla YOLOv11 model.

Table 3 Ablation results

Baseline FRFN SAFM  Precision  Recall mAPO.5 mAPO0.5-0.95

\ 0.7936  0.7094  0.7742 0.5177
\ \ 0.8476  0.7547  0.8272 0.5567
V \ 0.8491  0.7520  0.8274 0.5503
V \ \ 0.8556  0.7607  0.8305 0.5576

Ablation experiments indicate that both FRFN and SAFM contribute substantial
performance gains. Their combination (YOLOv11-FS) attains the highest scores on all
four metrics—Precision, Recall, mAP@0.5, and mAP @][0.5:0.95]. As shown in Figure
35, the training-result comparison between YOLOvVI1-FS and the YOLOvI11 further

confirms the effectiveness of the proposed network for guardrails detection.
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Figure 35. Comparison of results between YOLOV11-FS and YOLOvI1.
We randomly selected twelve images from the test set and performed detection with
YOLOV11-FS. Figure 36(a)-(b) juxtaposes human annotations with the model’s
predictions. Across varying viewpoints and substantial scale differences of the

guardrails, the model maintains accurate detections, demonstrating strong robustness.

Figure 36 YOLOV11-FS detections and annotations (ground truth).
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7.1.3 Edge Guardrail Segmentation

To comprehensively assess the performance gains brought by each enhanced module,
a series of ablation experiments has been performed our proposed model using the
above dataset. Built upon DeepLabv3+, the study adopts a stepwise integration strategy
to quantify each module’s contribution to accuracy and efficiency. Three comparative
configurations were evaluated: the pre-optimization DeepLabv3+ (Baseline),
DeepLabv3+ with the SE module, and DeepLabv3+ with the CBAM module. The
ablation results are summarized in Table 4.

Table 4 Ablation results

Baseline SE CBAM F1 Precision Recall Miou
\ 0.8397 0.8643 0.8165  0.7509
V \ 0.8663 0.8864 0.8470  0.7842
\ \ 0.8555 0.8796 0.8326  0.7694
V \ \ 0.8717 0.8928 0.8528  0.7936

Experimental results indicate that each improved module has a significant effect on
enhancing crack image segmentation performance. Specifically, when only the SE
block is added, the F1 score, precision, recall, and mloU increase by 2.66%, 2.21%,
3.05%, and 3.33%, respectively, compared with the baseline, indicating that the SE
block strengthens the extraction of features for edge guardrails and improves the
model’s predictive performance. When only the CBAM block is added, the F1 score,
precision, recall, and mloU increase by 1.58%, 1.53%, 1.61%, and 1.85%, respectively,
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relative to the baseline. This suggests that the CBAM block enhances the model’s
ability to adaptively reweight feature importance, enabling it to focus more on salient
features while suppressing less important ones, thereby improving feature-sensitivity
in perception. When the SE and CBAM blocks are integrated, the F1 score, precision,
recall, and mloU improve by 3.20%, 2.85%, 3.63%, and 4.27%, respectively, over the
baseline. These results provide strong evidence for the effectiveness of the improved

model. Figure 37 present an example result of Deeplabv3Plus-SC and Deeplabv3Plus.

Image Ground Truth Deeplabv3Plus Result Deeplabv3Plus-SC Result
{L‘* W, v
S ==

Figure 37 Example results of Deeplabv3Plus-SC and Deeplabv3Plus.
As shown in Figure 37, we compare the improved Deeplabv3Plus-SC model with the
original Deeplabv3Plus and the ground-truth segmentation. Visually, the
Deeplabv3Plus-SC results are closer to the ground-truth segmentation than those of the
original model. This advantage is especially evident in complex scenes where the

guardrails have low contrast with the background: the improved model yields more
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complete guardrail segmentations, indicating greater robustness. These gains support

better performance in subsequent guardrail texture mapping and 3D reconstruction.

7.1.4 Grad-CAM Visualization

To interpret the model’s decision process for guardrail detection, we visualize
discriminative regions using Grad-CAM. The pipeline is as follows. We first perform a
forward pass through the backbone and neck, and obtain class scores from the
classification branch of the detection head. We then back-propagate the gradients of the
target class score with respect to the convolutional feature maps in the head; these
gradients indicate each map’s contribution to the final prediction. Next, we apply global
average pooling to the gradients to derive channel-wise weights. The class activation
map is produced by a weighted sum of the feature maps and is passed through a ReLU
to retain responses that positively influence the target class. Finally, we normalize and
upsample the map to the input resolution and overlay it on the original image to obtain
the Grad-CAM heatmap. The following section presents qualitative analyses of the

visualizations over guardrail regions.

We selected guardrail images from multiple viewpoints and applied Grad-CAM to the
three detection heads (small/medium/large scale) of YOLOv11-FS at their output layers.
The visualizations reveal systematic differences in attention across heads driven by the
object scale in the image. For near-view, large-scale guardrails, the small- and medium-

scale heads exhibit strong responses along guardrail edges, whereas the large-scale head
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primarily activates over the ground enclosed by the guardrail. Conversely, for distant,
small-scale guardrails, the small- and medium-scale heads effectively capture edge
information, while the large-scale head shows negligible activation—indicating that the
small/medium heads are critical for detecting small guardrail targets. These Grad-CAM
analyses clarify the model’s attention patterns during guardrail detection and, in turn,

enhance interpretability.

Original Image Small-Scale Detector Medium-Scale Detector Large-Scale Detector

a) Near View

b) Distant View

Figure 38 Explainable Visualization Results for Multi-View Images
7.1.5 Missing Guardrails Recognition
In this experiment, registration accuracy is evaluated quantitatively by RMSE (root
mean square error) of point cloud registration, the smaller RMSE is, the higher

registration accuracy is.

RMSE = 2SI, 17— Qi Eq. [44]
From Table 5, it can be seen that the RMSE with the lowest accuracy is 6.276mm and
the total registration time is 770.64s. For the missing guardrail recognition, the
detection is generally done in centimeters, and the registration accuracy can meet the

accuracy requirements of the missing guardrail recognition.
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Table 5 Registration accuracy and runtime of four simulation scenarios

Simulation Coarse Fine
RMSE/mm Time/s
Scenarios Registration/s Registration /s
1 6.261 734.59 25.50 760.09
2 6.276 726.86 22.42 749.28
3 6.178 743.95 26.69 770.64
4 6.149 731.47 26.71 758.18

7.2 Results and Analysis of Unsafe Behavior Prediction?

The Wuhan Metro project is selected and used in this experiment to evaluate the
feasibility and effectiveness of the proposed approach. This research specifically
focusses on foundation pits and predicts people approaching their edge. Here, several
Close-Circuit Television (CCTV) cameras (i.e., DS-2DF8223IW-A) with two million
pixel high-definition were installed on construction sites and used to record workers’
daily activities in real-time.

7.2.1 Tracking

The SiamMask model was pre-trained on the DAVIS database (Perazzi et al., 2016).
Then a video from a real-time monitoring system is collected for testing. The duration
of this video is 222 seconds, including 5550 frames and includes four people. Figure 6

presents an example of people being tracked using the SiamMask approach. The mIOU,

3 This section is based on a published study.

Kong, T., Fang, W., Love, P. E.D, Luo, H., Xu, S., & Li, H. (2021). Computer vision and long short-term
memory: Learning to predict unsafe behaviour in construction. Advanced Engineering Informatics, 50, 101400.
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mAP@0.5, and mAP@0.7 of tracking these four people are 73.4%, 92.9%, and 68.1%,

respectively. The testing speed of tracking each person is 0.018s.

The comparative analysis are conducted on two representative methods, the ASLA
(visual tracking via Adaptive Structural Local Sparse Appearance Model) (Jia et al.,
2012) and SCM (tracking via a Sparse Collaborative appearance Model) (Zhong et al.,
2014), to judge the tracking performance of our model since they have been proved to
extend high accuracy in related tasks (Xiao & Zhu, 2018). The average sequence
overlaps score (AOS) and tracking length (TL) in Xiao and Zhu (2018)’s work for
ASLA and SCM were 84%, 72%, and 83%, 68%, respectively. In this comparison study,
we use the same testing database, and the parameters of ASLA and SCM accord with
Jia et al. (2012) and Zhong et al. (2014), respectively. The results of the comparison
study are presented in Table 6, where it can be seen that our adopted SiamMask

approach improves our ability to track people on construction sites.
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Table 6. Comparison of results to track worker

mloU mAP@0.5 mAP@0.7
Methods
#1* #2 #3 #4 mean #1 #2 #3 #4 mean #1 #2 #3 #4 mean
ASLA 0.453 | 0.061 | 0.649 | 0.621 | 0.399 | 0.523 | 0.055 | 0.924 | 0914 | 0.545 | 0.233 | 0.031 | 0.328 | 0.712 | 0.184
SCM 0.275 | 0.102 | 0.556 | 0.68 | 0.368 | 0.344 | 0.087 | 0.653 | 0.864 | 0.431 | 0.062 | 0.08 | 0.173 | 0.553 | 0.174
SiamMask | 0.734 | 0.682 | 0.779 | 0.755 | 0.734 | 0.906 | 0.873 | 0.987 | 0.942 | 0.929 | 0.677 | 0.550 | 0.797 | 0.731 | 0.681

*Note: #1, #2, #3, and #4 are the number of people in our video; “mean” is the average result of these four people.
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7.2.2 Trajectory Prediction

The ADE and FED of our model to 1s, 2s, 3s, 4s, 5s, 6s, 7s, 8s, 9s, and 10s are used to
examine the performance of our model to predict future trajectory. The results presented
in Figure 39 indicate that our improved Social-LSTM can achieve higher accuracy (e.g.,
ADE and FDE) on trajectory prediction except at the length of 1s. The ADE and FDE
for our improved method at 1s were 7.019 pixel and 9.696 pixels, respectively. While
the ADE and FDE for the Social-LSTM at 1s were 6.303 pixels and 11.505 pixels.
Therefore, we can suggest that our improved Social-LSTM achieved robust results for

long-term prediction. The testing speed of prediction of each person’s trajectory is

0.030s.
Pixel 70 Pixel 120
o0 | (@ (b)
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Figure 39. Results of trajectory prediction: (a) ADE; (b) FDE

Two deep learning models, the Social-LSTM and GANS are used to examine the
tracking performance Gupta et al., (2018). The Social-GAN model has been previously
used by Kim et al. (2019) to predict people’s paths. The hyper-parameters of the Social-
LSTM and GANSs used in this comparison study were followed by Alahi et al. (2016)
and Gupta et al. (2018), respectively. The results of these three models are presented in

Table 7, and we can conclude that our improved Social-LSTM method outperforms
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both the Social-LSTM and GAN:Ss.

Table 7. Result of comparison study on trajectory prediction

1.6s 2.4s
Model ADE FDE ADE FDE
(pixel) (pixel) (pixel) (pixel)
Social LSTM+Kalman
9.165 14.161 12.132 20.470
filtering
Social-LSTM 9.014 18.535 12.739 27.740
Social-GAN 12.23 19.64 16.15 27.35

Figure 40 present an example of the trajectory prediction by using these three methods.
Here it can be seen that the: (1) blue points are the ground truth; (2) yellow points are

predicted by using our improved Social-LSTM; (3) the cyan points are predicted by the

Social-LSTM; and (4) red points are predicted by the Social-GAN.

)
b S St

(a) T=frame 55 S - (b) T=frame 755
Figure 40. Example of people trajectory prediction results
7.2.3 Unsafe Behaviour Prediction Results
A testing database is used to evaluate the effectiveness and feasibility of our approach

that was used to predict unsafe behaviour. The hazardous area is manually defined and
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labelled, as noted in Figure 34. An example of unsafe behaviour prediction is presented
in Figure 41. Based on the people’s predicted trajectories, we observe that two people
(ID2 and ID3) have entered a hazardous area, while person #4 is predicted to arrive.
Notably, our approach fails to predict unsafe behaviour as their trajectories are not

correctly determined. Possible reasons influencing the performance of a person’s

trajectory are occlusions and their distance from the video camera.

Figure 41. Examples of unsafe behaviour prediction result
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CHAPTER 8 CONCLUSIONS AND DISCUSSION
8.1 Conclusion
Falls from height (FFH) are consistently recognized as a leading cause of injuries and
fatalities in the construction industry, with the absence or inadequacy of safety
guardrails being a major contributor to FFH risk. Typically, manual inspections are
labor-intensive and time-consuming, hindering their practical application on

construction sites due to the complex and dynamic nature of the working environment.

Emerging technologies, such as Building Information Modeling (BIM) and Computer
Vision (CV), have been extensively utilized for monitoring FFH risks. However, several
limitations persist that hinder their deployment on construction sites:

1. Existing deep learning-based Al monitoring systems often employ complex, non-
linear architectures that lack transparency. This ‘black box’ nature makes it difficult
for on-site managers to interpret and trust the system’s output.

2. Previous studies primarily rely on 2D image-based approaches or standalone 3D
reconstruction for inspection. These methods often fail to precisely localize
hazards within as-built 3D models or associate them with specific building
components.

3. Many studies are retrospective, focusing on the psychological factors contributing
to unsafe behavior. Consequently, they lack the ability to visually capture the
dynamic, complex on-site conditions that directly influence unsafe actions in real

time.
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To address these challenges, a Design Science Research (DSR) paradigm is adopted to

design, implement, and evaluate an XAl-enabled, UAV-based computer vision system.

This system aims to: (1) detect unprotected edges and guardrails; (2) precisely localize

FFH hazards within a three-dimensional (3D) construction site model and link them to

specific building components; and (3) predict workers approaching unprotected edges

based on video analysis. The main findings of our research are as follows

1)

2)

3)

We designed a novel multi-scale detector based on YOLOv11, integrating FRFN
and SAFM modules to enhance feature extraction and representation. Ablation
studies were conducted to evaluate the individual contribution of each module,
demonstrating consistent improvements over the baseline YOLOv11 across
standard detection metrics—including precision, recall, mAP@0.5, and
mAP@][0.5:0.95]. Experimental results indicate that the proposed approach
achieves a precision of 0.8556, recall of 0.7607, mAP@0.5 of 0.8305, and
mAP@][0.5:0.95] of 0.5576.

We addressed the YOLOVI11-FS model interpretability through Grad-CAM
visualizations. The generated heatmaps reveal coherent attention patterns tied to
object scale. The experiment findings demonstrated that both explain the empirical
gains from our multi-scale design and increase practitioner confidence in failure
analysis and model debugging.

We propose an enhanced DeepLabv3+ network for semantic segmentation of

113



4)

safety guardrails in site imagery. The resulting masks are projected onto a 3D
reconstruction via texture mapping, yielding a semantically labelled mesh or point
cloud. By anchoring 2D predictions in 3D, the method enables precise localisation
of unguarded edges. Overall, the approach achieves F1 = 0.8717, precision =
0.8928, recall = 0.8528, and mloU = 0.7936.

This research proposed an improved computer vision approach to predict worker
approaching hazardous area. Workers are tracked using SiamMask, and an
improved Social-LSTM predicts future trajectories. Hazard proximity is
determined via Franklin's PNPoly point-in-polygon test against predefined danger
zones. On a four-subject evaluation, the tracker achieves mloU = 73.4%,
mAP@0.5 = 92.9%, and mAP@0.7 = 68.1%, with a per-person inference time of

0.018 s. The forecaster attains ADE@]1 s = 6.303 px and FDE@]1 s = 11.505 px.

8.2 Limitations

Despite the contributions of this research, several limitations should be acknowledged

and addressed in future work. First, domain shift caused by variations in illumination,

weather conditions, and camera characteristics may degrade detection performance

when applied beyond the current dataset. Since our evaluation is based on a single case

study, differences in project scale, operational conditions, and environmental factors

are likely to affect model accuracy. Future research will explore domain adaptation and

transfer learning strategies to improve generalization across diverse settings.
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Second, heavy occlusions caused by equipment or protective netting remain a
significant challenge, adversely affecting both detection performance and the
completeness of 3D reconstructions. Occluded regions lead to missing observations,

which reduce the fidelity of the georeferenced site model.

Third, the volume of training data and the presence of label noise limit achievable
accuracy, particularly for rare or atypical guardrail configurations. We plan to address
this by curating a larger, multi-site dataset and implementing stricter annotation

protocols and quality assurance measures to minimize label inaccuracies.

Finally, while Grad-CAM provides qualitative visual explanations, it does not quantify
predictive uncertainty—a critical aspect for safety-sensitive decision-making. Future
work will integrate uncertainty quantification and calibration methods (e.g., aleatoric
and epistemic uncertainty estimates) to enhance model robustness and facilitate risk-
aware interventions.

8.3 Suggestions on Future Research Directions

To further enhance the robustness and practical feasibility of the proposed monitoring

system, future work may proceed along the following research directions:

1) Future research should focus on enhancing the system's robustness under complex
site conditions. First, RGB imagery should be augmented with depth or thermal

modalities to reduce false positives and negatives in low-illumination, strong
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2)

backlight, and occluded scenes. Additionally, multi-view fusion and next-best-
view flight planning will be explored to mitigate occlusion. Second, the approach
will be extended from still images to video through temporal modeling and object
tracking, thereby stabilizing cross-frame predictions and suppressing jitter. These
improvements are expected to enable more actionable compliance checks while
maintaining a balance between sensor payload and computational complexity.
Suitable evaluation metrics will include stratified recall and mAP across different

scene conditions, temporal consistency measures, and 3D geometric deviation.

To address the challenge of detecting small, distant guardrails, future work will
systematically investigate multi-scale representation mechanisms, including
efficient feature pyramids, feature-enhancement modules, and attention
mechanisms. Furthermore, domain adaptation and test-time adaptation will be
employed to mitigate domain shift across sites and cameras. To reduce labeling
costs, the study will combine self-supervised pretraining, synthetic data covering
extreme and long-tail conditions (e.g., BIM-rendered scenes), and active learning
targeted at hard-example sampling. Finally, to ensure interpretability is preserved,
future research will evaluate explanation faithfulness and stability. This includes
moving beyond Grad-CAM to incorporate counterfactual and concept-based
explanations, as well as developing operator interfaces that support rapid

correction and feedback within the Al monitoring workflow.
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