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Abstract

With the continuous advancement of artificial intelligence (AI) and the Internet of

Things (IoT), contactless sensing has emerged as a pivotal technology, offering non-

intrusive, high-resolution monitoring across diverse applications. However, ensuring

robust real-time sensing in dynamic and complex environments remains a signifi-

cant challenge. Current systems face three major bottlenecks. First, at the signal

preprocessing stage, multipath interference and noise degrade the fidelity of weak

signal components, undermining the quality of downstream analysis. Second, during

feature extraction, signals originating from multiple spatial regions and hierarchical

levels become intertwined with irrelevant information, making it challenging to isolate

salient features critical for accurate recognition. Finally, in the feature fusion stage,

conventional single-scale approaches struggle to integrate transient fluctuations with

long-term trends, limiting the system’s ability to perform effective multi-modal and

cross-temporal data fusion.

To address these challenges, this study develops a contactless sensing framework

that integrates adaptive signal processing and feature fusion to enhance robustness,

precision, and scalability. First, we propose an adaptive signal processing pipeline,

incorporating a parametrically tunable windowing function and frequency-domain

transformation strategy. This method dynamically balances spectral resolution and

side-lobe suppression, ensuring high-fidelity signal acquisition even in low signal-to-

noise ratio (SNR) conditions.
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For feature extraction, we introduce a hierarchical feature selection and refinement

mechanism, which iteratively enhances target signals while mitigating background

interference. Furthermore, a cross-domain feature fusion strategy is employed, lever-

aging generative projection and domain-adaptive reconstruction to reduce noise sen-

sitivity while preserving discriminative features. Compared to conventional filtering

or threshold-based methods, this approach eliminates anomalies dynamically with-

out relying on static parameters or pre-defined priors, ensuring generalizability across

diverse sensing conditions.

To simultaneously capture short-term variations and long-term trends, we propose a

multi-resolution temporal fusion strategy, aligning information across different time

scales into a unified analytical model. This mitigates the limitations of single-scale

processing, allowing the system to maintain robust recognition performance in dy-

namically evolving environments, particularly for physiological state monitoring.

By integrating these methodologies, the proposed sensing system achieves real-time

efficiency, high-resolution signal processing, and robust recognition under complex,

multi-source interference conditions. Ultimately, this study establishes a scalable,

adaptive, and high-precision contactless sensing paradigm, advancing its practical

applicability in real-world intelligent sensing and monitoring systems.
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Chapter 1

Introduction

1.1 Background and Motivation

In fields such as healthcare, intelligent transportation, security monitoring, and in-

dustrial inspection, sensing technology plays a crucial role in acquiring environmental

information and monitoring target status. Traditional contact sensing technologies,

such as electrode-based physiological monitoring, wearable biosensors, and pressure

sensors, are widely used due to their high stability and precision. These methods

have been extensively applied in vital sign monitoring, driver status assessment, and

intelligent manufacturing. However, their dependence on direct physical contact in-

troduces inherent limitations in terms of long-term monitoring, user comfort, privacy

protection, and environmental adaptability. For example, long-term use of wearable

devices may cause discomfort, camera-based monitoring raises privacy concerns, and

physical contact sensors are susceptible to external environmental factors such as hu-

midity and skin conditions. Consequently, non-contact sensing, which eliminates the

need for direct contact while maintaining effective perception, has received increas-

ing attention and demonstrates significant potential in remote health monitoring,

intelligent interaction, behavior analysis, and industrial quality control.

1



Chapter 1. Introduction

Non-contact sensing utilizes the reflection, scattering, and attenuation characteristics

of wireless signals to achieve remote status monitoring without requiring the mon-

itored object to wear any device. Compared to traditional contact methods, this

approach not only reduces user burden and improves the convenience of long-term

monitoring but also provides unique advantages in privacy protection, long-distance

detection, and environmental adaptability. In recent years, advances in related tech-

nologies such as radio frequency (RF) sensing and acoustic sensing have expanded the

application scope of non-contact sensing. For instance, in the field of intelligent driv-

ing, millimeter-wave radar detects driver fatigue by capturing precise head and eye

movement patterns, providing reliable safety warnings. In high-resolution radar sens-

ing, researchers have optimized adaptive window functions to enhance target detection

in complex environments. Additionally, in the field of liquid authentication, acoustic-

based detection methods combined with deep learning achieve non-destructive and

efficient liquid identification, offering new technical solutions for food safety and in-

dustrial inspection.

Despite significant progress in non-contact sensing across multiple domains, existing

systems still face major challenges. At the signal preprocessing stage, complex en-

vironments and dynamic target characteristics introduce multipath interference and

background noise, making it difficult for existing methods to effectively suppress these

interferences. This limitation constrains the system’s ability to detect subtle changes.

For example, traditional signal processing methods typically rely on fixed window fil-

tering techniques which, although effective in noise reduction to a certain extent,

lack adaptability to dynamically changing environments. Consequently, these meth-

ods struggle to maintain an optimal balance between noise suppression and feature

preservation. Furthermore, at the feature extraction stage, signals typically originate

from multiple spatial regions and hierarchical levels, accompanied by substantial ir-

relevant information. Distinguishing key information while suppressing background

noise poses a considerable challenge to system robustness. Existing methods pri-
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marily rely on fixed threshold decision rules or predefined feature selection, lacking

adaptability to different environmental conditions, thereby reducing system stability

in practical applications.

Moreover, at the pattern recognition stage, different application scenarios have dif-

ferent requirements. Some tasks emphasize the detection of short-term transient

signals, while others rely on long-term trend analysis. However, many non-contact

sensing methods still employ fixed-scale feature analysis, making it difficult to capture

both transient and persistent patterns simultaneously. This limitation hinders their

adaptability, particularly in multimodal and cross-temporal data fusion. Therefore,

optimizing the three fundamental components of signal preprocessing, feature extrac-

tion, and feature fusion is crucial for improving the overall performance of non-contact

sensing systems.

1.2 Non-contact Wireless Sensing System Frame-

work

Given these challenges, the performance of non-contact wireless sensing systems de-

pends on the end-to-end processing pipeline from signal acquisition to pattern recog-

nition. Each stage of this pipeline is crucial for ensuring accuracy, robustness, and

adaptability in complex environments. Therefore, this research further analyzes the

system framework of non-contact wireless sensing and explores key processing strate-

gies at each stage.

An overview of the general non-contact wireless sensing system architecture is illus-

trated in Fig. 1.1, highlighting the five key processing stages and their associated

techniques and challenges.

A standard non-contact wireless sensing system typically consists of five key stages:
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Figure 1.1: Overview of a non-contact wireless sensing system, illustrating the pro-

cessing pipeline from signal acquisition to pattern recognition, along with key methods

and challenges at each stage.

• Signal Acquisition: Wireless sensing devices, such as millimeter-wave radar

and acoustic sensors, capture target signals from the environment. However,

these signals are typically affected by multipath interference, gain drift, and

background noise, complicating subsequent processing. To mitigate these issues,

advanced hardware solutions, including high-gain antenna design and multi-

antenna arrays, are employed. Additionally, Automatic Gain Control (AGC)

and real-time calibration techniques enhance signal quality, providing stable

input for further processing.

• Signal Preprocessing: Wireless signals are susceptible to environmental noise,

dynamic interference, and multipath effects, necessitating robust preprocessing
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techniques. Traditional preprocessing methods include fixed-parameter filtering

methods (such as low-pass, high-pass filters), while modern adaptive techniques

such as wavelet transform, Wiener filtering, and Kalman filtering dynamically

adjust denoising strategies to improve the signal-to-noise ratio (SNR).

• Feature Extraction: Extracting information-rich representations from pre-

processed signals is critical for accurate state recognition. Feature extrac-

tion methods can be categorized into physics-based approaches (such as time-

domain, frequency-domain, and time-frequency features) and data-driven ap-

proaches (such as principal component analysis, autoencoders). For example,

in liquid authentication, spectral features of acoustic signals provide high dis-

criminative power.

• Feature Fusion: In complex scenarios, a single feature may not be sufficient

for comprehensive sensing. To enhance sensing accuracy, systems employ cross-

modal fusion (such as combining mass spectrometry with acoustic sensing) or

adaptive weight fusion (dynamically adjusting feature importance based on fea-

ture correlation). For instance, in driver fatigue detection, integrating short-

term eye movement patterns with long-term head posture changes improves the

accuracy of state estimation.

• Pattern Recognition: Extracted features are used for classification or regres-

sion using rule-based and learning-based approaches. Rule-based methods rely

on threshold-based and logical rule evaluation, for example, in driver fatigue de-

tection, when the blinking frequency exceeds a predefined threshold or the head

tilt angle is too large and persists for a period of time, a fatigue alert is trig-

gered. In contrast, learning-based methods leverage machine learning and deep

learning to automatically learn decision boundaries and feature correlations.

While existing non-contact wireless sensing approaches have demonstrated promising

results in various applications, several key challenges remain. At the signal preprocess-
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ing stage, suppressing multipath interference remains difficult, leading to degraded

signal quality. At the feature extraction stage, distinguishing relevant target sig-

nals from background noise remains a major challenge. At the feature fusion stage,

ensuring adaptability in dynamic environments and addressing individual variations

remains an open issue. Furthermore, in cross-temporal analysis, most sensing ap-

proaches still rely on fixed time window methods, lacking the ability to simultaneously

model short-term dynamics and long-term trends, thereby affecting generalization ca-

pability in complex scenarios.

1.3 Research Framework and Scope

Non-contact wireless sensing systems aim to sense target states and behaviors without

requiring direct physical contact, achieving robust operation in complex dynamic

environments. However, existing methods still face challenges in signal preprocessing,

feature extraction, and feature fusion, limiting their adaptability and generalization

capabilities. At the signal preprocessing stage, multipath interference, background

noise, and dynamic characteristics of the target environment degrade signal quality.

Traditional filtering and denoising methods struggle to suppress noise while preserving

key information. At the feature extraction stage, signals typically originate from

multiple spatial regions or hierarchical levels, accompanied by substantial irrelevant

components. Traditional methods based on fixed thresholds or static feature selection

lack adaptability to different environments, reducing system robustness. Additionally,

at the feature fusion stage, existing methods primarily rely on single-scale temporal

analysis, unable to effectively integrate information from different time scales, which

limits their performance in multimodal and cross-temporal data fusion tasks.

An overview of the proposed research framework is shown in Fig. 1.2, highlighting

the optimization designs made at different stages to improve robustness, accuracy,

and generalization capabilities.
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Adaptive Non-contact Wireless Sensing System Architecture
Three Research Works: Driver Fatigue Detection, Liquid Authentication, and High-resolution Target Sensing

Signal Acquisition and Preprocessing

Multi-level Feature Extraction

Cross-temporal Feature Fusion

Pattern Recognition and Application

Adaptive Window Functions Multipath Interference Compensation Dynamic Noise Filtering

Generative Mapping Domain-aware Reconstruction Feature Selection

Irrelevant Feature Elimination Multi-level Signal Analysis

Short-term Dynamic Analysis Long-term Trend Analysis Dynamic Weight Allocation

Cross-temporal Integration for Multi-scale Feature Representation

Driver Fatigue Detection

(Chapter 3)

High-resolution Target Sensing

(Chapter 5)

Liquid Authentication

(Chapter 4)

Chapter 3 Chapter 4Chapter 5

Figure 1.2: Adaptive non-contact wireless sensing system architecture, illustrating

the key challenges and optimization strategies across signal preprocessing, feature

extraction, feature fusion, and application stages.
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To improve signal preprocessing, we propose adaptive window functions and frequency

domain transformation strategies that dynamically adjust parameters to enhance sig-

nal quality under complex conditions. Unlike traditional fixed window techniques,

this approach optimizes the balance between main lobe resolution and side lobe sup-

pression, improving weak signal detection even in low signal-to-noise ratio (SNR)

scenarios. Furthermore, we integrate multipath interference compensation mecha-

nisms that adaptively adjust parameters in dynamic environments, ensuring reliable

signal representation and enhancing the stability of subsequent feature extraction.

For feature extraction, we introduce multi-level feature analysis and dynamic selec-

tion mechanisms to address challenges caused by overlapping signals and background

noise. The approach employs generative mapping and domain-aware reconstruction

to project the original signal into a latent space insensitive to noise and interference,

then emphasizes significant features through the reconstruction process. Compared

to direct filtering or fixed threshold techniques, this strategy adaptively eliminates

artifacts and distortions while minimizing dependence on predefined priors, thereby

maintaining high robustness and accuracy across different environments. Addition-

ally, to mitigate the interference of non-target movements, we integrate custom irrel-

evant feature elimination algorithms to separate unwanted motion signals, ensuring

more reliable feature extraction.

For feature fusion, we propose a method capable of integrating information from dif-

ferent time scales, enabling the system to analyze signal characteristics more compre-

hensively. This approach, through dynamic weight allocation, balances contributions

from various time scales, ensuring that both short-term changes and long-term trends

are considered in the decision-making process, thereby improving system generaliza-

tion capability in complex environments.

By integrating these optimization strategies, the proposed method achieves signif-

icant improvements in signal preprocessing, feature extraction, and feature fusion.

Experimental results demonstrate that the proposed method enhances performance
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in various tasks, including driver fatigue monitoring, high-resolution target sensing,

and liquid authentication. The research findings validate the robustness, accuracy,

and adaptability of the proposed framework, highlighting its potential for broader

applications in practical scenarios.

1.4 Thesis Organization

The remainder of this thesis is structured as follows:

Chapter 2 provides a comprehensive literature review on non-contact sensing tech-

nologies, including radio frequency (RF) sensing, acoustic sensing, and other non-

invasive methods. This chapter highlights the strengths and limitations of current

approaches and identifies key research gaps that drive this study.

Chapter 3 introduces a millimeter-wave radar-based fine-grained driver fatigue de-

tection system. This chapter elaborates on the challenges of fatigue detection in

driving scenarios and proposes a non-contact sensing framework capable of extract-

ing physiological and behavioral fatigue indicators. System design, signal processing

techniques, and multimodal fusion strategies are discussed, along with performance

evaluation in real driving environments.

Chapter 4 presents a novel liquid authentication system that integrates acoustic

sensing with deep learning spectral mapping. The system leverages Generative Ad-

versarial Networks (GANs) to map acoustic absorption-transmission characteristics

to mass spectrometry features, enabling precise and non-destructive liquid identifica-

tion. This chapter details the system architecture, signal processing techniques, and

experimental validation.

Chapter 5 introduces adaptive and robust window function design for high-resolution

millimeter-wave radar sensing. This chapter addresses the fundamental trade-off be-

tween main lobe resolution and side lobe suppression and proposes dynamic optimiza-
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tion strategies to improve object detection in complex environments. The effectiveness

of the proposed method is validated through simulations and actual experiments.

Chapter 6 discusses the significance and broader impact of our research on non-

contact wireless sensing systems. It synthesizes advancements in signal preprocessing,

feature extraction, and temporal fusion across our three applications. The chapter

examines theoretical contributions, practical societal impacts in transportation safety

and healthcare, and addresses current limitations in environmental adaptability, in-

dividual variability, and computational requirements.

Chapter 7 presents the dissertation’s conclusions, summarizing core contributions in

feature granularity and differentiation techniques across liquid authentication, driver

fatigue detection, and anxiety monitoring applications. It highlights both theoretical

advances and practical implications while identifying promising future research direc-

tions in scalability, edge computing integration, and interdisciplinary applications.
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Literature Review

With the rapid advancement of wireless communication technologies, contactless sens-

ing has emerged as a crucial enabler across various domains, facilitating efficient and

non-intrusive solutions for human activity monitoring, driver state assessment, and

material identification. Today, a diverse range of wireless sensing devices is widely

adopted, including millimeter-wave (mmWave) radar, ultra-wideband (UWB) radar,

and ultrasonic sensors for environmental perception and target detection. Addition-

ally, embedded acoustic sensing capabilities in consumer electronics, such as micro-

phones and speakers in smartphones, further extend the reach of contactless sensing

applications. The increasing ubiquity of wireless signals has paved the way for ad-

vancements in contactless sensing, establishing it as a foundational technology in

fields such as healthcare, intelligent transportation, and food safety.

An overview of the typical methods, challenges, and emerging research trends in

contactless sensing is illustrated in Fig. 2.1. This figure highlights the motivations

driving the development of new frameworks across three core application areas.

Over the past decade, researchers have actively investigated the application of wireless

signals in contactless sensing, with a focus on enhancing precision, robustness, and

real-time adaptability. Radar-based sensing has been extensively utilized for phys-
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Non-contact Wireless Sensing Systems

mmWave Radar for

Fatigue Detection

Acoustic-based
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Adaptive Window

Function Design
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Vision-based
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WiFi/UWB radar

mmWave radar

Existing Methods

Chemical analysis
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Fixed Window Design
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Figure 2.1: Summary of typical contactless sensing methods, challenges, and targeted

improvements in three application areas: mmWave radar-based fatigue detection,

acoustic-based liquid authentication, and adaptive window function design.
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iological signal monitoring, fatigue detection, and behavioral recognition, whereas

acoustic-based sensing has demonstrated efficacy in liquid authentication and mate-

rial identification. Despite significant progress in controlled environments, practical

deployments still face substantial challenges in dynamic and cluttered scenarios, where

signal interference, background noise, target motion, and multi-scale information in-

tegration complicate sensing reliability.

This chapter provides a comprehensive review of existing contactless sensing method-

ologies and contextualizes them within the three core application areas addressed in

this dissertation: mmWave radar-based fatigue driving detection, acoustic-based liq-

uid authentication, and adaptive window function design for high-resolution mmWave

radar sensing. We begin by outlining the fundamental principles and enabling tech-

nologies of contactless sensing. We then examine state-of-the-art techniques in each

application area, analyzing their methodological advancements, inherent limitations,

and persisting challenges. This review serves as the theoretical foundation for the

proposed methodologies in subsequent chapters.

2.1 Research Progress in mmWave Radar-based

Fatigue Driving Detection

Fatigue driving is a major cause of traffic accidents, making accurate and reliable

detection methods essential for enhancing road safety. Over the years, researchers

have explored various sensing modalities for fatigue detection, including vision-based,

wearable-based, and RF-based approaches. While vision-based and wearable-based

solutions have shown promise, they present inherent limitations in real-world driv-

ing scenarios. In contrast, RF-based approaches, particularly mmWave radar, have

emerged as a robust alternative due to their high resolution, robustness to lighting

conditions, and capability to capture both facial and physiological fatigue features.
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This section reviews the advancements and limitations of these approaches and high-

lights the potential of mmWave radar for fatigue detection.

2.1.1 Vision-based Approaches

Vision-based approaches primarily rely on cameras and infrared (IR) sensors to cap-

ture facial expressions and eye movements indicative of driver fatigue. Features such

as nodding, yawning, eye blinking, and gaze direction have been extensively stud-

ied using machine learning algorithms, including back-propagation neural networks

(BPNN) and convolutional neural networks (CNN) [98, 20, 2, 65, 126]. Additionally,

IR sensors mounted on the driver’s seat headrest measure head position by detecting

distance changes, aiding in fatigue detection [62].

Despite their effectiveness, vision-based methods suffer from severe limitations. Their

performance degrades under poor lighting conditions, such as driving at night or in

tunnels, and they become ineffective if the driver’s face is partially or fully obscured

by sunglasses, masks, or head movements. Furthermore, privacy concerns regarding

continuous facial image monitoring limit their widespread adoption.

2.1.2 Wearable-based Approaches

Wearable sensors have been developed to monitor physiological signals associated

with fatigue. Systems such as FEELythm, developed by Fujitsu [79], attach sensors

to the driver’s earlobe to monitor pulse rate variations. Other wearable devices, such

as BioHarness chest belts [120], track respiration and heartbeat during driving, while

EEG headsets analyze brainwave activity for early fatigue warnings [142]. Addition-

ally, smart glasses equipped with proximity sensors can detect blink frequency as an

indicator of drowsiness [13].

Although wearable sensors effectively capture physiological data, they introduce us-
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ability challenges. Prolonged wear can cause discomfort, reducing driver compliance.

Moreover, most wearable systems focus on either physiological signals or facial fatigue

cues—few solutions integrate both modalities, potentially affecting their robustness.

2.1.3 RF-based Approaches

RF-based fatigue detection methods exploit wireless signal reflections from the human

body to infer fatigue-related behaviors. Research has explored WiFi [51], RFID [129],

and radar-based [137] techniques for non-intrusive fatigue monitoring.

Long-wavelength RF signals, such as WiFi and RFID, primarily capture coarse-

grained movements. For example, WiFind utilizes WiFi’s Channel State Information

(CSI) to detect nodding, yawning, and respiration activity [51]. Similarly, RFID tags

attached to the driver’s chest can track respiration rate fluctuations [129]. However,

these signals have low spatial resolution due to their long wavelengths, making it

difficult to distinguish fine-grained fatigue features across different body regions.

In contrast, short-wavelength, wide-band RF signals, such as UWB and mmWave

radar, enable fine-grained fatigue feature extraction from multiple body regions.

UWB radar-based solutions, such as V2iFi, extract subtle heartbeat rate variations

from the driver [140], while Ubi-Fatigue detects both eye blinks and heartbeats using

a 60 GHz radar [137]. However, UWB radars typically employ a single Tx-Rx pair,

limiting their spatial sensing capabilities. This constraint makes it difficult to sep-

arate signals from different body parts—for example, distinguishing head and chest

movements if they are in the same range bin.

mmWave radar overcomes these challenges by leveraging short wavelengths, wide

bandwidth, and multiple Tx-Rx pairs. It enhances angular resolution, making it suit-

able for detecting both facial and physiological fatigue indicators simultaneously. Nev-

ertheless, current mmWave-based approaches still have limitations. Some methods

focus only on heartbeat detection [75], failing to capture the full spectrum of fatigue-
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related changes. Other studies target respiration and heartbeat analysis [30, 23]

but overlook facial micro-movements, which are primary indicators of fatigue. Shu et

al. [97] and Cardillo et al. [12] proposed eye blink detection techniques using mmWave

radar, but their methods only identify individual blinks rather than fatigue patterns.

Similarly, head motion tracking systems using mmWave radar [86, 95] focus on 3D

head positioning but lack specific fatigue-related motion analysis.

2.1.4 Summary and Research Gaps

While vision-based and wearable-based fatigue detection methods offer useful insights,

they suffer from real-world deployment challenges such as lighting conditions, user

compliance, and privacy concerns. RF-based approaches, particularly mmWave radar,

offer a promising alternative due to their non-intrusive nature, high resolution, and

ability to simultaneously capture both facial and physiological fatigue indicators.

However, existing mmWave-based methods remain limited in their ability to integrate

multimodal fatigue cues from both head and chest regions.

This dissertation aims to address these limitations by developing a comprehensive

fatigue detection framework leveraging mmWave radar. Compared to prior work,

our system detects four facial and two physiological fatigue features, enabling a more

robust and accurate assessment of driver fatigue in real-world driving scenarios.

2.2 Advancements in Acoustic-based Liquid Au-

thentication

Recent research has mainly explored five techniques for liquid quality detection.

Chemical and chromatographic techniques like GC-MS and HPLC detect contam-

inants in liquids such as water and milk but require bulky equipment and direct
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contact with the liquid [96, 33, 113, 46, 9, 69, 50, 115]. QET methods measure dielec-

tric properties to detect flammable liquids but struggle with distinguishing real from

fake liquids [29, 78, 101, 77]. Surface tension-based techniques, using tensiometers

or cameras, identify liquids by measuring surface tension [109, 135, 47], but require

direct contact and bulky equipment, making them impractical for sealed products.

RF signal-based techniques analyze dielectric properties using RFID and UWB radar

to identify liquids without opening containers [28, 40, 49, 27, 71, 41, 128, 117]. Acous-

tic techniques analyze sound wave interactions for non-contact detection [105, 118,

111, 133], with systems like Akte-Liquid [105] and HearLiquid [133] using low-cost

microphones and speakers to detect liquid types. However, RF methods require non-

commercial equipment, and both non-contact methods miss crucial chemical charac-

teristics. In contrast, LiquidAuth employs a non-contact method providing molecular

details, ensuring accurate authenticity detection.

GAN-based methods have become dominant in image recognition due to their ability

to model complex high-dimensional distributions of images[16, 21, 37, 83]. Among

them, image-to-image cGAN provides a mapping between two images[3, 119, 5, 1, 57,

68]. For example, Abhishek et al.[1] and Kim et al.[57] provide the transformation of

medical images by synthesizing skin lesion images and transforming chest images into

diagnostic images. For liquid quality detection, Li et al.[68] propose to enable the

detection of the degree of contamination of water quality data by detecting temporal

and spatial features in the water quality signals.

CNNs are widely used for image classification tasks[43, 91, 38, 6, 94, 93]. Some

research focused on classifying the mass spectrum. For instance, Seddiki et al.[94]

addresses the challenge of using CNN models for the classification of 1D mass spectra

with small training sets, while Seddiki et al.[93] develops end-to-end CNN-LSTM

models for early diagnosis using mass spectrometry data. In contrast, using FCNN,

LiquidAuth achieved fine-grained classification of liquid category, brand, year, and

authenticity.
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2.3 Advancements in Adaptive Window Function

Design for High-Resolution mmWave Radar

Sensing

Robust mmWave radar sensing has evolved along three complementary research di-

rections: adaptive window design for consistent performance across varying signal

conditions, noise-aware angle estimation techniques resilient to hardware imperfec-

tions, and adaptive Doppler processing for reliable velocity estimation. This section

reviews recent advances (2020–2024) in each area and discusses their limitations that

motivate our proposed framework.

2.3.1 Adaptive Window Function Design

Window functions are fundamental components in radar signal processing that sig-

nificantly impact system robustness by controlling the trade-off between mainlobe

width and sidelobe suppression. Traditional fixed windows (Hamming, Chebyshev,

etc.) offer predetermined trade-offs that cannot adapt to changing signal environ-

ments, limiting performance in dynamic scenarios with varying target characteristics

and noise conditions. Recent research has explored more flexible and adaptive win-

dowing approaches. Liu et al. formulated window design for synthetic aperture radar

(SAR) imaging as a convex optimization problem, specifically a quadratically con-

strained quadratic program (QCQP), to jointly optimize the amplitude and phase

of weighting coefficients [74]. Their method significantly reduced peak sidelobe lev-

els in SAR range profiles compared to standard windows, enhancing performance in

multi-target scenarios, albeit with some loss of signal-to-noise ratio (SNR). Cruz et

al. conducted a comprehensive review of SAR image formation algorithms, includ-

ing various window function designs and their impact on image quality [25]. Their

analysis highlights the trade-offs between different windowing approaches and the
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need for adaptive techniques to optimize performance across varying operational con-

ditions. Du et al. introduced optimization techniques for radar pulse compression

using evolutionary algorithms [31]. These methods yield windows that outperform

classical designs in sidelobe suppression while preserving resolution. While effective

in specific environments, most approaches do not dynamically adapt to changing clut-

ter or signal characteristics. Data-driven and real-time adaptive strategies have also

emerged. Saeedi and Faez designed a nonlinear FM radar waveform whose spectrum

implicitly shapes the windowing effect, combined with a mismatched filter to suppress

sidelobes below –60 dB with minimal SNR loss [89]. Chowdhury et al. proposed a

Peak-to-Sidelobe Ratio (PSLR) optimization scheme that dynamically adjusts win-

dow parameters based on current signal characteristics [22], demonstrating improved

performance across varying SNR and clutter conditions. Despite these advances,

most window design methods optimize the weighting function in isolation, without

considering its impact on the entire processing chain, particularly angle estimation

and Doppler processing. The designs often assume static or worst-case environments.

Our PSLR-based adaptive windowing mechanism addresses this gap by dynamically

optimizing parameters in real time, ensuring robust performance across changing op-

erational conditions.

2.3.2 Noise-Aware Angle Estimation

Angle estimation is a critical component of radar sensing, and its robustness against

non-ideal conditions has been extensively studied. Classical subspace-based algo-

rithms such as MUSIC and ESPRIT remain popular for radar direction finding due

to their high resolution under ideal conditions [35]. However, their performance de-

grades in practical scenarios with calibration errors, mutual coupling, and corre-

lated noise. Li et al. proposed a Generalized Eigen-Decomposition (GED) version

of MUSIC that explicitly models noise covariance, enabling accurate angle estima-

tion in the presence of hardware imperfections [67]. Lu et al. developed a hybrid
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subspace-whitening approach that enhances DOA robustness under front-end dis-

tortions [76]. To tackle impulsive and non-Gaussian noise, Zheng et al. applied

Bayesian sparse learning with Gaussian mixture modeling, achieving robust DOA

estimation in challenging environments [139]. Rasekh et al. demonstrated that field-

deployable calibration of phased arrays significantly improves angle estimation in

real-world deployments [88]. Learning-based strategies have also emerged. Wu et al.

introduced DiffRadar, a differentiable deep learning-based radar processing pipeline

that improves angle estimation under hardware variability [125]. Chen et al. proposed

mmHTSR, a transformer-based hybrid model integrating traditional signal processing

with deep features, showing strong performance in low SNR [18]. While promising,

these methods often require computational resources or detailed prior noise statistics.

Our GED-MUSIC method strikes a balance between robustness and real-time feasi-

bility by combining model-based noise adaptation with efficient iterative refinement.

2.3.3 Adaptive Doppler Processing

Doppler processing is essential for velocity estimation, particularly in automotive

radar with dynamic multi-object scenes. Traditional FFT-based methods with fixed

range bins struggle with range ambiguity and time-varying scattering. Han et al.

reviewed Doppler processing techniques and highlighted the need for adaptability to

handle urban clutter and variable dynamics [42]. Chen et al. proposed spatiotemporal

Doppler tracking based on adaptive range-bin selection, achieving superior velocity

accuracy in multi-target scenes [18]. Learning-based frameworks such as DiffRadar

[125] adjust Doppler processing parameters in real-time but demand training data

and tuning effort. Our spatiotemporal Doppler estimation framework bridges model-

based control with adaptive tracking, maintaining accuracy in evolving environments.

In summary, while prior methods make advances in individual areas, they often fail to

integrate windowing, angle, and Doppler estimation in a unified pipeline. Our frame-

work closes this gap with a joint, adaptive approach tailored for practical sensing.
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Abstract

Early detection of fatigue driving is pivotal for safety of drivers and pedestrians. Tra-

ditional approaches mainly employ cameras and wearable sensors to detect fatigue

features, which are intrusive to drivers. Recent advances in radio frequency (RF) sens-

ing enable non-intrusive fatigue feature detection from the signal reflected by driver’s

body. However, existing RF-based solutions only detect partial or coarse-grained fa-

tigue features, which reduces the detection accuracy. To tackle above limitations, we

propose a mmWave-based fatigue driving detection system, called mmDrive, which

can detect multiple fine-grained fatigue features from different body parts. However,

achieving accurate detection of various fatigue features during driving encounters

practical challenges. Specifically, normal driving activities and driver’s involuntary

facial movements inevitably cause interference to fatigue features. Thus, we exploit

unique geometric and behavioral characteristics of fatigue features and design effective

signal processing methods to remove noises from fatigue-irrelevant activities. Based

on the detected fatigue features, we further develop a fatigue determination algorithm

to decide driver’s fatigue state. Extensive experiment results from both simulated and

real driving environments show that the average accuracy for detecting nodding and

yawning features is about 96%, and the average errors for estimating eye blink, respi-

ration, and heartbeat rates are around 2.21bpm, 0.54bpm, and 2.52bpm, respectively.

And the accuracy of the fatigue detection algorithm we proposed reached 97.63%.[53]
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3.1 Introduction

Fatigue driving poses a serious threat to the safety of pedestrians and drivers and

causes numerous economic losses, which have received extensive attention. Fatigue

driving is one of the leading causes of traffic accidents, accounting for 20 − 40% of

total accidents [136]. In the USA, fatigue driving results in up to 6,000 fatal crashes

each year [110]. In China, the number of fatal accidents caused by fatigue driving

accounts for 80% of traffic accidents [134]. Furthermore, extensive research has shown

that drivers exhibit typical fatigue features before the accident [85, 55]. Therefore,

an effective fatigue driving detection method that can identify fatigue features and

alert the driver in advance is highly required to reduce traffic accidents.

Driver fatigue features include driver’s facial (e.g., nodding, yawning, and eye blink)

and physiological (e.g., respiration and heartbeat) features. Traditional solutions

mainly employ cameras and wearable sensors to detect facial [99, 7, 103, 32] and

physiological features [54, 107], respectively. However, cameras mostly detect facial

features and have poor performance under insufficient light or face-blocking (e.g.,

wearing masks and sunglasses) conditions [99, 7]. Meanwhile, drivers may be reluctant

to reveal their facial images due to privacy concerns. Wearable sensors, such as

EEG and ECG sensors mounted on the brain and chest, mainly measure the driver’s

physiological features and can invasively interfere with normal driving behavior [54,

107].

Compared with the abovementioned methods, recent advances in radio frequency

(RF) sensing can enable light-independent and non-invasive fatigue detection. RF

signal transmitter emits signal towards the driver. Then, the signal reflected from

the driver’s body, which involves the body movement information, is processed to

detect fatigue features. However, existing methods that use long-wavelength RF

signals, such as WiFi [52] and RFID [130], can only capture coarse-grained fatigue

features (e.g., head nodding and yawing) but fail to obtain the tiny and fine-grained
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Figure 3.1: Deployment of mmDrive and fatigue features

features (e.g., eye blink or heartbeat). Besides, the single-transceiver design of RF

devices (e.g., ultra-wideband radar [141]) only detects features from a single body

area, i.e., either facial or physiological features around the chest.

However, relying on a subset of fatigue features may fail to achieve timely and accurate

fatigue driving detection. This is due to the individual difference in manifesting

feature fatigues [108]. For example, some people tend to show more facial fatigue

features without changing their vital sign patterns when falling into the fatigue state.

By contrast, others are more likely to experience more vital sign changes. In addition,

the fine-grained features, especially the eye blink and eye closure duration, have been

shown as essential alertness measures of fatigue driving [112]. Therefore, ignoring the

fine-grained and various features from different body areas could hinder a holistic and

precise detection of the driver’s fatigue state.

In this paper, we fill this gap by developing a fatigue driving detection system using

the millimeter-wave (mmWave) radar, called mmDrive, which can detect fine-grained

facial and physiological features from different body areas. Our intuition is two-

fold. First, the mmWave radar signal’s wavelength is within several millimeters (e.g.,

3.9mm for 77GHz radar), enabling a higher resolution to sense fine-grained fatigue

features. Second, mmWave radars employ the frequency-modulated continuous-wave

(FMCW) chirp signal, which can separate the signals from different body parts based

on their distances to the radar. As shown in Figure 3.1, a compact mmWave radar is

mounted in front of the driver sitting in the vehicle. The mmWave radar transmits
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the FMCW signal, which is reflected by the driver’s body and propagates back to

the radar. mmDrive can locate and separate the signals reflected from different body

parts of the driver, i.e., head and chest regions. The amplitude and phase of signals

from the head and chest regions are used to detect facial and physiological features,

respectively. Finally, based on the detected fatigue features, we design a fatigue

determination algorithm to decide whether the driver is fatigued or not.

Implementing the mmDrive system in practice, however, encounters several chal-

lenges. The first challenge stems from the driver’s normal activities that could inter-

fere with and confuse the detection of fatigue features. Specifically, apart from the

head and chest movements in the fatigue state, drivers can move other body parts

while driving, e.g., hand controlling the steering wheel. These disturbing body parts

may move in a similar distance as the head or chest part to the radar. Then, the rang-

ing ability of the FMCW chirp signal is unable to separate the interference brought

by other body parts from the fatigue feature signals. In addition, many non-fatigue

driver activities in the head region, i.e., head shaking and speaking, could intro-

duce similar signal patterns as fatigue features, i.e., nodding and yawning. Therefore,

these non-fatigue activities should be distinguished from fatigue features to guarantee

detection accuracy.

To address this challenge, we leverage the unique geometric and behavioral character-

istics of the fatigue features compared with other normal driver activities to achieve

accurate fatigue detection. Specifically, we find that the interference from other dis-

turbing body parts, which are located at the similar ranges, can be removed by adding

the angle dimension. Thus, we first employ the beamforming technique to eliminate

the interference from other body parts on the head and chest regions. Second, the

fatigue features inherently exhibit distinctive patterns compared with the non-fatigue

activities in the head region. For example, yawning is a slow-speed and low-frequency

movement, while speaking involves more high-frequency variations in the signal. We

can harness these differences to distinguish the fatigue features from other non-fatigue
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activities and movements.

The second challenge lies in the accurate extraction of the tiny eye blink feature.

Although mmWave radar provides a higher resolution to sense fine-grained fatigue

features, we face a practical issue for eye blink detection. Specifically, the eye blink

feature suffers from the disturbance caused by involuntary facial movements, e.g.,

muscle twitching and arterial pulses on the face. As a result, the eye blink pattern in

the measured signal phase involves much noise and fails to be clearly observed.

To tackle this issue, we propose to utilize the amplitude of the signal reflected from

the facial region instead of the noisy signal phase to detect eye blinks. The rationale

comes from the different reflection coefficients between the eyelid for closed eyes and

the eyeball for opened eyes, which result in a conspicuous signal amplitude change

during eye blink. By contrast, the signal amplitude caused by other inherent facial

movements is relatively stable. Thus, the eye blink pattern can be notably observed

from the signal amplitude.

In this paper, we propose a rule-based algorithm for detecting driver fatigue using

multi-features. Our approach involves combining two different kinds of features: facial

features and physiological signals. Our algorithm continuously detects physiological

signals while also detecting facial features.

We select different facial features because different people exhibit different facial char-

acteristics of fatigue. For example, some people may yawn when they are tired, while

others may show increased eye closure duration. Therefore, we detect different facial

features to account for individual differences. However, since facial fatigue features

are highly correlated with a driver’s fatigue state, one feature is sufficient for us to

consider the driver as fatigued.

After detecting any facial feature, we examine the physiological features such as mon-

itored heartbeat rate and breathing rate to determine whether they fall within the

range of fatigue. If they do, we send a warning to the driver. If not, we continue
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detection in the next time window.

Even if no facial features are detected in a time window, we still determine whether the

physical features meet the fatigue criteria because the driver’s physiological features

inevitably change when they feel tired. If they do meet the criteria, we send a warning

to the driver.

In addition, we tried four other learning-based methods to determine driver fatigue.

We trained four typical machine learning models using six driver features and fatigue

labels as input, and compared the accuracy and F1-score of the results.

In sum, our paper makes the following contributions.

• To the best of our knowledge, we propose the first mmWave-based system for

fine-grained fatigue driving detection, which can accurately detect various fa-

tigue features from different body parts for determining the driver’s fatigue

state.

• We quantitatively model the effect of various fatigue features on the mmWave

radar signal and dedicatedly design effective signal processing methods to elim-

inate the noises from other interfering activities and enable the accurate detec-

tion of tiny fatigue features.

• We conduct extensive experiments to evaluate the performance of mmDrive in

both simulated and real driving conditions. The average accuracy for detecting

nodding and yawning features is around 95%, and the average errors for esti-

mating eye blink, respiration, and heartbeat rates are 2.21bpm, 0.54bpm, and

2.52bpm, respectively. mmDrive can also detect facial features when the driver

wears masks and glasses.

The remaining of this article is organized as follows. Section 3.2 discusses the char-

acteristics of driver fatigue features and models the effect of different fatigue features
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on the mmWave radar signal. Section 3.3 presents the detailed design of the mm-

Drive system. Section 3.4 introduces the experimental settings and evaluation results

of mmDrive. Section 3.5 introduces the related works for fagitue driving detection.

Section 3.6 discusses the limitations of our work and suggests directions for future

research. Section 3.7 concludes this article.

3.2 Fatigue Driving Features and Their Effects on

mmWave Radar Signal

In this section, we first introduce the characteristics of driver fatigue features. Second,

we model the effect of different fatigue features on the mmWave radar signal and

demonstrate the underlying fatigue sensing principle.

3.2.1 Fatigue Driving Features

Existing driving safety research and studies show that driving fatigue is a transitional

process with many early signs of the driver’s behavior, which are called driver fatigue

features [100]. There are mainly two categories of driven fatigue features, i.e., facial

and physiological features. Facial features include nodding [32], yawning [7], eye blink

[99], and eye closure duration [44]. The characteristics of facial features in the fatigue

state are listed as follows.

• Nodding : When driving in the normal state, the driver looks ahead with the

head positioned in a straight line with the body. However, when the driver

falls into the fatigue state, the head could quickly tilt downward and then

move upward. Specifically, the fatigue nodding feature is differentiated from

the normal head nodding by the head pitch angle, i.e., the rotation angle θ of

the head along the vertical direction. The fatigue nodding activity could incur
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the pitch angle to exceed 10◦, while normal nodding has a smaller pitch angle

[17].

• Yawning : When the driver feels fatigued, yawning is the body’s attempt to keep

alert and awake. During yawning, the mouth is opened to take a long and deep

breath and then closed. The opening of the mouth usually lasts over 3s for the

yawning activity in the fatigue state [132].

• Eyes blink : It has been established that the fatigue state can cause an increasing

eye blink rate. In the normal state, the eye blink rate, which involves the

movement of rapid closing and opening of the eyelid, is 10 − 15 times per

minute. While the eye blink rate can increase by 15− 20% which means jump

to over 18 times per minute under the fatigue state [99].

• Eye closure duration (ECD): ECD refers to the time when eyes are closed during

a long eye blink. The fatigue will make the driver feel sleepy with an increasing

ECD. Researchers have found that the ECD is greater than 1.2s for people

under the fatigue state [59].

Physiological features include the driver’s respiration [107] and heartbeat [54], which

come from the movements in the chest region. During the fatigue state, the respiration

rate and heartbeat rate both decline [54]. The normal respiration rate and heartbeat

rate of adult drivers are within the range of 18 − 24 breath per minute (bpm) and

60 − 100 beats per minute (bpm), respectively. Whereas the fatigue state can make

the driver’s respiration rate reduce by 30− 35% which less than 12bpm, as well as a

slower heartbeat rate which reduce by 30− 35% which less than 60bpm.

The above six fatigue features are complementary to each other for accurate fatigue

driving detection. Extensive research studies have shown that a combination of vari-

ous fatigue features can significantly improve the accuracy of fatigue driving detection

[45, 15]. However, existing fatigue detection systems require the deployment of mul-

tiple intrusive sensors on the car and the driver’s body, e.g., cameras and chest belts,
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to obtain the fatigue features from different body parts. By contrast, our work aims

to realize accurate and non-intrusive fatigue driving detection only using a single

mmWave radar.

3.2.2 mmWave Signal Primer

The mmWave radar emits the FMCW chirp signal x(t), whose frequency linearly

sweeps within a certain bandwidth: f(t) = f0 + kt, where f0 and k are the starting

frequency and the chirp rate, respectively. The emitted signal x(t) can be expressed

as follows.

x(t) = ej2πf0t+jπkt2 , (3.1)

The signal sent to the driver will be reflected by different body parts of the driver

and propagate back to the radar. Then, the received signal becomes:

y(t) =
N∑
i

αi · x (t− τi) (3.2)

where αi and τi refer to the attenuation factor and the time delay of the ith signal

path, respectively. The time delay τi is proportional to the propagation distance

di(t) of the signal path, i.e., τi = di(t)
c

=
2[di0+∆di(t)]

c
, where di0 is the initial distance

between the radar and the driver, ∆di(t) is the relative displacement of the driver

body’s movement, and c is the signal propagation speed.

Then, we obtain the intermediate frequency (IF) signal as s(t) = x∗(t) ∗ y(t), where

(·)∗ refers to the conjugate operation. The frequency components of the IF signal

infer the range between the radar and different body parts. By performing the fast

Fourier transformation (FFT) on the IF signal, which is called range-FFT, we can

separately obtain the signal for different ranges di(t) to the radar as below.

si(t) ≈ αie
j4πf0[di0+∆di(t)] (3.3)

Finally, we can extract the signal amplitude and phase of si(t) from the corresponding
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Figure 3.2: Driver, mmWave radar, and range-FFT result (signal amplitude, lighter

area means higher amplitude)

range bin, which involves the driver’s fatigue feature information from different body

parts. In Figure 3.2, we depict the signal amplitude after range-FFT on the radar

signal reflected by the driver in the cab, which exhibits two bright lines in different

range bins. The front and back bins correspond to the head (dhead) and chest (dchest)

region, respectively, because the chest is farther from the radar than the head. In

each range bin, the signal amplitude αi measures the strength of the signal reflected

from the body part. The signal phase ϕ reveals the fine-grained signal propagation

distance: ϕ = 2π · ∆di(t)
λ

, where λ is the radar signal wavelength.

3.2.3 Modeling the Effect of Fatigue Features on the mmWave

Radar Signal

To understand how the mmWave radar signal is utilized for fatigue feature detection,

we perform quantitative modeling of the effect of each fatigue feature on the signal.

Nodding

The nodding feature under the fatigue state involves a quick head downward move-

ment with a pitch angle (θ) over 10◦, then followed by an upward head movement.

As such, when the driver nods during fatigue, the distance between the head and

radar will drop from dup to ddown and then get back to dup, as shown in Figure 3.3a.
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Figure 3.3: Head movement and signal amplitude after range-FFT of the nodding

feature

The distance change ∆d of head nodding can be calculated based on the geometric

relationship between the head position and pitch angle. Specifically, since the length

of head and neck lhn is 25− 29cm[114] for adults, ∆d = lhn · tan θ is within the range

of 4.4 − 5cm. On the other hand, the effective bandwidth B of the radar we use is

3.6GHz, which corresponds to a range resolution of dres = c
2B

= 4.17cm. Thus, the

nodding feature can cause the head range bin to shift one bin forward and then move

backward, as depicted in Figure 3.3b. We can detect the nodding feature from the

forward and backward shift of the head range bin.

Yawning

The yawning feature during fatigue mainly involves mouth movements, in which the

mouth first gradually opens, stays opening for 3 − 7s to breathe in the air, and

then closes to breathe out the air. The opening of the mouth will change the signal

reflector from the outside lips to the soft palate inside the mouth, which increases

the signal propagation distance from 2dmc to 2dmo, as illustrated in Figure 3.4a.

Then, closing the mouth will decrease the distance back to 2dmc. Since the distance

∆dm ⊂ [2cm, 3cm] between the lip and soft palate is within the range resolution

dres, the signal phase of the head range bin can clearly show the yawning feature. As

shown in Figure 3.4b, the signal phase first inclines when the mouth opens, then stays
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Figure 3.4: Mouth movement and signal phase during yawning

relatively stable for around 3s, and finally declines with the closing mouth. Thus, we

can detect the rising and falling edges and count the hold-up duration in the signal

phase to detect the yawning.

Eye Blink and Eye Closed Duration

Eye blink is a process in which the eyelids rapidly and repetitively close and open

within a short period of time, i.e., 100− 400ms. When the eyelid is closed, the thick-

ness of the eyelid introduces an extra signal propagation distance 2∆dlid compared

with the opened eyes, as shown in Figure 3.5a. Thus, we can intuitively employ the

phase of the signal reflected from the eye, which is supposed to experience a sharp

decline and incline process with a downward pulse pattern, to detect the eye blink.

However, the measured signal phase from the head range bin in Figure 3.5b, does not

exhibit the corresponding downward pulses when drivers blink their eyes three times

in front of the radar. This is mainly because the involuntary muscle twist and arterial

pulses over the whole face also incur a larger fluctuation of signal phase [90], which is

superimposed with the signal phase caused by the tiny eyelid movement ∆dlid (¡1mm)

[11]. Then, the eye blink pattern fails to be observed in the signal phase.

Therefore, we investigate the signal amplitude to extract the eye blink pattern. Our

insight lies in the distinctive reflection coefficients of the eyeball (γball ) and eyelid
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(γid) due to their different materials. Through our experiments, we find that the

eyeball has a higher reflection coefficient of the mmWave radar signal than the eyelid.

This may be due to the reason that the surface of the eyeball is smoother than the

eyelid skin. To this end, more signals reflected by the eyeball can directly propagate

back to the radar instead of being scattered around by the uneven eyelid skin. As

shown in Figure 3.5c, the measured signal amplitude with three eye blinks shows a

clear decreasing pattern when closing the eye, followed by an increasing amplitude

when opening the eye. Therefore, we can count the downward pulse in the signal

amplitude as the number of eye blinks. Meanwhile, when the driver closes the eyes

without opening them, the signal amplitude will decrease, stay at the lower level for

a while, and finally increase to a higher level once the eyes are opened. Therefore, we

can measure the time between the falling and rising edges of the signal amplitude as

the eye closed duration (ECD).
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Respiration and heartbeat

When the driver breathes in and out the air, the chest will expand and contract

accordingly. The chest movement during respiration brings a periodic change of the

signal propagation distance within 2∆dbreath, as depicted in Figure 3.6a. In addition,

the heart bump introduces another distance change of 2∆dheart. These two movement

effects are superimposed in the signal of the chest range bin with a sinusoidal change

of the signal phase. Since ∆dbreath > ∆dheart , respiration can result in a larger signal

phase change than the heartbeat, as shown in Figure 3.6b. In addition, the heartbeat

rate is higher than the respiration rate, which can be seen from the larger number

of heartbeats than the respiration cycles. Hence, we can conduct frequency-domain

analysis to extract respiration and heartbeat rates.

3.3 System Design of mmDrive

In this section, we introduce the detailed design of the mmDrive system. The overview

of mmDrive is shown in Figure 3.7, which consists of four modules: (1) Signal pre-

processing: detects the driver’s movement status from the radar signal and reduces

noise. (2) Body region separation: separate the signals reflected from different body

regions. (3) Fatigue feature detection: detect the presence of nodding, yawning, eye

blink, and estimate the eye blink rate, ECD, respiration rate, and heartbeat rate.
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(4) Fatigue determination: input the detected features into a fatigue determination

algorithm to decide whether the driver is in the fatigue state or not.

3.3.1 Signal Pre-processing

At first, we segment the incoming radar signal into fixed-length (i.e., 5s) windows.

Then, we perform range-FFT on each window’s signal and obtain the signal amplitude

for all range bins to detect the driver’s chest and head. Since the large movements

of cars and drivers will affect the received signal, before distinguishing the driver’s

chest area and head area, we need to pre-process the signal to reduce the impact of

the large motion on feature extraction.

Driver-Passenger Spatial Discrimination While distinguishing between drivers

and passengers presents inherent challenges in automotive radar sensing, our system

addresses this issue through multiple complementary approaches. Under our mmWave

radar configuration, the system achieves a spatial resolution of approximately 4 cm in

the range domain, a performance metric obtained through the adoption of wideband

frequency-modulated continuous wave (FMCW) radar signals, providing sufficient

granularity to spatially separate occupants within the confined cabin environment.

This resolution level enables the capture of minute displacement variations induced
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by human physiological activities, such as chest movements from respiratory patterns

and subtle head motions.

This resolution enables reliable discrimination of driver and passenger positions across

both azimuth and elevation angle domains through the construction of precise three-

dimensional spatial positioning grids for target separation. The system employs

multiple-input multiple-output (MIMO) antenna array technology, achieving angular

resolutions of 2-3 degrees in both azimuth and elevation dimensions, ensuring the

ability to distinguish targets at different spatial positions. Since the typical lateral

separation between front-seat occupants (over 50 cm) far exceeds our system’s spatial

ambiguity threshold, this provides a substantial physical foundation for reliable oc-

cupant discrimination. According to automotive engineering standards, this spatial

separation offers over 12 times the separation margin relative to the 4 cm range reso-

lution, greatly exceeding the potential measurement errors of radar systems, thereby

providing clear boundary conditions for the explicit definition of driver-specific mon-

itoring regions and passenger areas.

Large Body Movements Elimination. In practice, the driver’s body may expe-

rience large-scale movements due to sudden brake, vehicle vibration, or occasional

body stretch. The radar signal can be significantly affected by these body move-

ments. Hence, we also detect the windows with large-scale body movements in driver

detection. To achieve this, we have two key observations. First, the driver’s chest

could move away from the original chest bin during large body movements. In other

words, the chest range bin, which has the maximum amplitude, will change accord-

ingly. As shown in Figure 3.8(b), the chest bin change from the 22th to the 20th bin

during 2s− 6s when the driver’s upper body moves forward. By contrast, when the

driving is quasi-static, the chest bin keeps the same. To this end, we segment the

whole window into short intervals (e.g., 0.5s) and track the chest bin’s index. A large

body movement is detected if the index changes within the window.

Car Movements Elimination. Second, some body movements, e.g., those caused
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by sudden vehicle vibration, have smaller displacements and may not result in the

shift of the chest range bin. While, these movements still incur the signal phase in the

chest bin to experience more dramatic change than the tiny respiration and heartbeat

activities. As depicted in Figure 3.9, the signal phase of the chest bin when the vehicle

encounters a bump caused by the deceleration zone experiences a significant change

than the respiration cycles. Thus, we also calculate the absolute difference between

the maximum and minimum phase values in the window. If the phase difference is

larger than 2 · 2π∆dbreathm
λ

(∆dbreathm is the maximum breath displacement of 1cm),

we also regard the driver undergoes large body movement.

Noise Reduction. After removing the influence of large-scale movements, there will

still be some other noises that can interfere with the detection of small fatigue features

(eg, blinks, heartbeats). Noise will prevent the following feature extraction modules
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to work properly because small eyes movements and heartbeat will be immersed in

noise. Therefore, we use a FIR low-pass filter and a smoothing filter to increase the

signal-to-noise ratio (SNR) of the signals. Considering that the frequencies of the

six fatigue features are all below 2Hz, we first set the stage frequency to 2Hz to

filter the signal. The smooth filter with a window size of 50 points is used to further

smooth the output signal of the low-pass filter. The signal comparison before and

after filtering is shown in the Figure. 3.10. It can be seen that noise is suppressed.

3.3.2 Body Region Separation

Here we introduce the delay-and-sum (DAS) algorithm to help separate different body

regions, such as the chest, head, and hand regions. By integrating the DAS algorithm

with the virtual antenna technology, we can separate different regions located at

similar ranges but at different angles.

Only relying on the range-FFT to explicitly separate the radar signals reflected from

the chest and head regions is insufficient in real driving environments. This is because

the driver’s hand movement when controlling the steering wheel can interfere with

the signal from the head region. Specifically, as illustrated in Figure 3.12a, the hand

region has a similar distance as the head region to the radar, i.e., dhand ≈ dhead,

leading to the superimposition of head and hand reflected signals in the similar range

bins. Thus, we need to remove the effect from the hand region to detect facial fatigue

features accurately.
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Figure 3.11: Delay-and-sum beamforming

.

To achieve this, we draw on the observation that the head and hand regions are located

at different angles to the radar, i.e., θhead and θhand in Figure 3.12a, to separate the

signals from these two regions. In particular, we employ the multi-antenna design on

the mmWave radar and adopt the beamforming technique for body region separation.

We first rotate the radar by 90◦ to make its antenna array parallel to the vertical body

line. As such, the first two transmitting antennas (Tx) and four receiving antennas

(Rx) on the radar can formulate a virtual eight-element linear antenna array, as shown

in Figure 3.11, to perform beamforming. Due to the distance interval λ
2

between

adjacent antennas, a phase difference is introduced among the received signals across

different antennas. The phase difference ∆ϕm between the mth Rx (m ∈ [1, 2, ..., 7, 8])

and the 1st Rx is expressed as below.

∆ϕm(θ) = (m− 1) · 2π

λ
· la · sin θ, (3.4)

where la = λ
2

is the distance interval between adjacent antennas. Then, we construct

a signal steering vector ω(θ) using ∆ϕm(θ) as follows.

ω(θ) = [e−j∆ϕ1(θ), ..., e−j∆ϕm(θ), ..., e−j∆ϕ8(θ)] (3.5)

Finally, the steering vector is multiplied with the received signal sm,i(t) from each

antenna (m) and range bin (i) after range-FFT to obtain the beamforming signal

Y (i, θ, t):

Y (i, θ, t) =
8∑

m=1

ω(m, θ) · sm,i(t) (3.6)
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Figure 3.12: Body region separation using beamforming

In Eq. (3.6), we traverse θ in the range of [0, 180◦] with a step of 1◦.

We apply the range-FFT and beamforming on the collected radar signals and show the

beamforming signal amplitude in Figure 3.12b. Three highlighted clusters indicate

greater signal amplitudes and correspond to the head, chest, and hand regions. The

beamforming enables the separation of head and hand regions which are distributed

on similar range bins. The experimental results are consistent with the theoretical

prediction. The theoretical angular resolution of our mmWave radar is (assuming the

target is located at approximately θ = 0)

θ =
λ

d×NRx ×NTx cos(θ)
≈ 14.32◦. (3.7)

And the angle difference between the head and chest region is more than 20◦. In

this way, we can exclusively extract the beamforming signal from the target head and

chest regions for further fatigue feature detection. Note that hand region tracking

through beamforming is also beneficial for detecting dangerous driving behaviors,

such as hands off the steering wheel to pick up the phone.
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3.3.3 Fatigue Feature Detection

In this section, we will utilize the range-FFT and beamforming to detect facial and

physiological fatigue features.

In our scheme, we continuously detect the driver’s location and six features for driver

location initialization normal state feature data collection during the first five minutes

after the driver starts the car. In general, drivers are typically not sleepy during the

first five minutes of driving. Therefore, we can utilize the data from the first five

minutes as the initialization data, assuming that the driver is in a non-fatigued state

during this period. After the initial five minutes, we set the time window for feature

detection to five seconds. This decision is based on our observation that changes in

facial features associated with fatigue often occur within shorter durations, typically

less than five seconds. Also, the average breathing cycle for humans is usually less

than five seconds. However, since we have a narrow time window, there may be a

problem with features being cut. Therefore, we choose to add a sliding window to

prevent features from being cut and cannot be detected accurately. In the feature

detection scheme, we have added the occurrence of the rising and falling edges of

the signals that mark each feature (i.e., the marks of the appearance and end of the

feature). If within a single time window, we find a rising signal edge of a feature but

no falling edge, we continue to detect the feature by sliding the time window to the

rising edge of the feature’s signal. If the markers of rising and falling edges in a single

time window can match, we detect the next time window.

Nodding

Based on our modeling of the nodding feature on the radar signal, the head bin will

shift forward and backward by at least one range bin caused by the head pitch angle

over 10◦. Therefore, we can track the head bin to detect nodding. Specifically, if

the index of the head bin first decreases and then increases by 1-3 bins in the signal
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window without large body movements, we can determine the presence of fatigue

nodding. Note that our method can exclude the condition by regarding the slight

nodding conditions, e.g., the nodding when talking with other passengers, as the

fatigue nodding. This is because the slight nodding has a smaller pitch angle less

than 10◦ and does not change the head bin.

A practical concern in fatigue detection is the driver’s head movements during driving,

which can be mistaken for nodding. However, we found that head movements in other

directions, such as leaning back, turning left, and turning right, increase the signal

propagation distance between the radar and the head, while nodding shortens it. This

allows us to distinguish nodding from other head movements. Regarding non-nodding

head movements, we believe that when drivers tilt their heads left and right to look

at the road, they are more conscious, and thus not in a state of fatigue. Similarly,

when drivers are consciously talking or laughing, we can reasonably conclude that

they are not fatigued.

Yawning

The mouth movements during yawning, i.e., mouth opening, holding up, and closing,

incur the signal phase to increase, keep still, and decrease. Thus, we employ the phase

of the beamforming signal from the head region to detect yawning. The first step is

to detect the rising and falling edges, which correspond to the mouth opening and

closing movements. An intuitive method is to detect whether the change in phase

exceeds a specific threshold, but the shortcoming of this method is that it is difficult

to set a threshold that meets different divers. And when the driver’s head moves,

the phase of yawning will be shifted a bit, then the detection method of threshold is

no longer accurate. To avoid this, we design a derivative-based method inspired by

the dramatic and unique change of the slope for the rising and falling edges. The

derivatives for the rising edge undergo a sharp and high ‘convex’, while experiencing a
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Figure 3.13: Yawning detection from the signal phase

sharp and high ‘concave’ for the falling edge, as shown in Figure 3.13(a). In addition,

this method can effectively eliminate the effect of jitters in the signal phase because

the derivatives of those smoother jitters are close to zero. As such, we can calculate

the derivative of the signal phase and detect the presence of upper and lower peaks

whose heights are over a predefined threshold σt
1. We further calculate the time

difference between the rising and falling edges to avoid mis-detecting inadvertent

mouth open-close movements as the yawning. If the time duration is within 3 − 5s,

which is the common yawning duration for humans [81], we will regard the detected

pattern as yawning.

A practical issue in yawning detection is that the driver’s other mouth-related activ-

ities, e.g., talking and laughing, can be mixed with the yawning feature. We think

drivers are not fatigued when talking or laughing consciously. As depicted in Figure

3.13(b), the mouth movements during talking also result in fluctuations of the sig-

nal phase, going up and down. Hence, we need to differentiate yawning from other

mouth activities. To address this issue, we leverage the observation that the talking

and laughing activities involve more frequent fluctuations, as the underlying mouth

movements can repeat the mouth open-close movement multiple times. Thereby, the

1The threshold σt is empirically set as the sum of the mean and two times of the standard

deviation of all derivative values.
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Figure 3.14: Eye blink detection and ECD measurement

corresponding derivatives of the signal phase experience higher jitters, resulting in a

high-frequency component in the spectrum. Thus, to distinguish yawning from other

mouth-related activities, we perform FFT on the derivative and compare the domi-

nant frequency. As a result, the dominant frequency of yawning is less than 0.33Hz

(the frequency of the shortest yawning duration of 3s). By contrast, talking and other

mouth-related activities have a higher dominant frequency over 0.5Hz.

Eye Blink and Eye Closure Duration (ECD)

The eyelid first closes and then opens in an eye blink. Since the eyelid has a smaller

reflection coefficient than the eyeball for the radar signal, the closure and opening of

the eyelid cause the signal amplitude to first decrease and then increase. Accordingly,

the quick eye blink incurs a local minima in the signal amplitude, and the longer eye

closure leaves a relatively flat curve between the falling and rising edges of the eyelid

closure and opening movements, as shown in Figure 3.14.

Thus, the derivative-based method is also applied to detect the eye blink and measure

the ECD. First, the local minima of eye blink results in consecutive sharp ‘concave’

and ‘convex’ in the amplitude derivatives. Thus, we detect the presence of adjacent

lower peak pl and upper peak pu whose heights are larger than σt. If pl appears before

pu and the time difference teye between them is within the range of 100−400ms, which

is the normal blink period for humans, one normal eye blink is detected. As depicted
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in Figure 3.14, there are three sets of alternative pl and pu during 5.5 − 7.5s in the

amplitude derivatives, which correspond to three eye blinks. The number of eye blink

(ne) in a window in T seconds is used to calculate the eye blink rate as Re = 60 · ne

T

in the unit of blink per minute (bpm). Second, if teye between two adjacent pl and pu

is longer than 500ms, we will count it as a long eye blink and record down teye as

the ECD. As illustrated in Figure 3.14, the first long eye blink has an ECD of around

2s, indicating that the driver may fall into the fatigue state.

Respiration and Heartbeat

Both respiration and heartbeat incur the signal phase to change periodically. Mean-

while, respiration rate (10−30bpm) and heartbeat rate (40−100bpm) are distributed

in different frequency ranges. Thus, we perform FFT on the signal phase to extract the

respiration and heartbeat rates. For example, the FFT result of the phase in a window

in Figure 3.15(a) exhibits a significant peak at around 22bpm (i.e., 0.366Hz × 60s)

and a smaller peak at around 89bpm (i.e., 1.465×60s). As such, we can find the local

peak in each specified frequency range to estimate the corresponding respiration and

heartbeat rates.

However, simply applying FFT fails to obtain accurate estimation results due to the

following reasons. First, the discrete FFT suffers from the frequency leakage problem,

i.e., leakage of energy from the original frequency to its adjacent frequencies, which

may overwhelm and hinder the detection of the smaller heartbeat peak. Second, the

FFT resolution is the inverse of the window duration, i.e., 1/5s = 0.20Hz, which leads

to a coarse resolution of around 0.20Hz×60s = 12bpm for measuring respiration and

heartbeat rates. As depicted in Figure 3.15(a), the estimated result from FFT fails

to precisely match the real rate. Extending the window duration can improve the

resolution. However, it sacrifices the time resolution to obtain the real-time fatigue

state of the driver.
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Figure 3.15: Respiration and heartbeat rate estimation

To tackle the above two issues, we apply a hamming window on the signal phase to

overcome the frequency leakage problem. Next, we conduct two-step signal processing

to acquire a fine-grained FFT result. First, we apply the zero-padding method before

FFT by adding additional zeros to the end of the signal phase, which can identify

the dominant respiration and heartbeat frequencies more accurately2. Second, we

leverage the fact that a single-frequency signal has a linear phase of its complex time-

domain signal, which can be used to accurately estimate the frequency [4]. Thus,

after zero-padding and FFT, we only keep the peak frequency and its two adjacent

frequencies of the respiration and heartbeat in the FFT result, respectively, so that

the effect from other frequencies is removed. Then, we conduct inverse FFT (IFFT)

on the filtered FFT result and attain a complex time-domain signal. We calculate the

slope of the linear signal phase after IFFT as m̂, as shown in Figure 3.15(b). Finally,

we obtain the respiration (Rr) and heartbeat rate (Rh) as Rr/h = 60 · m̂r/h

2π
in the unit

of bpm.

3.3.4 Fatigue Determination

We use the method in Section 3.3 to obtain data on six features of the driver, including

nodding, yawning, eye blink, ECD, respiration, and heartbeat rate. In this section,

we propose a rule-based fatigue determination algorithm and select four learning-

based methods for comparison based on the six features we extracted before. In

the rule-based fatigue determination algorithm, we define the detection priority of

2The total length of phase is doubled after zero-padding.
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facial features and simultaneously use facial features and physiological features to

determine the driver’s state. In the learning-based fatigue detection model, we trained

four machine learning models: Support vector machine (SVM), K-Nearest Neighbor

(KNN), Naive Bayes (NB), and fully connected neural network (NN).

Rule-based fatigue determination algorithm

We took the driver’s state during the first five minutes of driving as the normal state

for reference and driver region detection. After the first five minutes, we set the time

windows to be every five seconds.

According to the above observations, we design the fatigue determination algorithm

as illustrated in Algorithm 1. First, we input the radar signals within a time window

after range-FFT and beamforming. Then, we detect whether there is large-scale body

movement by the driver. If so, we wait for the next signal. If not, we will simulta-

neously process the signals from the head and chest region according to priority, and

then compare them with the data in the normal state to determine whether the driver

is fatigued.

In the same kind of features, we still choose different features because different people

show different facial features of fatigue (for example, some people will yawn when

they are fatigue, while some people will not yawn, but their eye closure duration will

increase), so we will detect different features to account for individual differences.

However, since the facial fatigue feature is strongly correlated with the driver’s fatigue

state, one feature is sufficient for us to consider the driver to be fatigue. To prevent

us from mistaking the movement of other head areas of the driver as a sign of fatigue,

after we detect any facial feature, We will continue to judge whether the driver’s

physiological signals are outside the normal range. Meanwhile, when there is no

facial fatigue feature, we will directly determine whether the driver is fatigue or not

according to the driver’s physiological signal. The specific steps are as follows:
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Algorithm 1 Fatigue determination from driver fatigue features in one time window

Input: Signal in a window (w)

Output: Fatigue decision Df (Df = 0: not fatigue, Df = 1: fatigue)

1: if Driver body is moving then

2: return Df = 0

3: end if

4: if Driver’s head is moving then

5: if Nodding is true then

6: Df ← 1

7: end if

8: else if Driver’s mouth is moving then

9: if Yawning is true then

10: Df ← 1

11: end if

12: else if Eye blink rate increase ≥ 15% or ECD ≥ 1.2 s then

13: Df ← 1

14: end if

15: if Respiration rate decrease ≥ 30% then

16: Df ← 1

17: end if

18: if Heartbeat rate decrease ≥ 30% then

19: Df ← 1

20: end if

21: if Df = 0 then

22: No alert

23: else if Df = 1 then

24: Send alert

25: end if
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Considering that different facial features can affect each other, for example, a large-

scale mouth movement when yawning can affect the detection of eye blinking. There-

fore, facial features are detected in priority order of head ¿ mouth ¿ eyes. First, we

use the head bin’s signal phase to detect whether the driver’s head is moving. To

achieve this, we calculate the absolute difference between the maximum and mini-

mum phases in the window. Because head movements result in a more significant

signal propagation distance than mouth movements, if the phase difference exceeds

2 · 2π∆dm
λ

(dm is the upper bound of the distance between human lips and the soft

palate, about 4cm [60]), we will detect the head is moving.

Then, we track the head range bin to detect nodding. If not, we will continue to

use the head bin’s signal phase to detect mouth movements. As the movement of

the eyelid during blinking is smaller than that of the mouth, if the absolute phase

difference in the window is greater than 2 · 2π∆dlid
λ

(dlid is the thickness of human

eyelids, about 1mm [73]), we consider that the mouth is moving, After confirming

the mouth is moving, we detect the yawning. But if there is no mouth movement,

the eye blink and ECD will be detected and measured. When the number of eye

blink exceeds ten times per minute, or the ECD is over 1.2s, the driver is considered

fatigued.

At the same time, we use the chest area signal in the window to measure physiological

features. If the breathing rate or heartbeat rate decreases by more than 30% of the

normal state, the driver is considered fatigued.

Combining these steps, the algorithm issues a weak warning to the driver when one

of the physiological and facial features is detected as fatigue. If both features are

detected as fatigued, a strong warning is issued to remind the driver to rest.
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Learning-based fatigue determination model

In this subsection, we introduce the machine learning model we use and the data

collection method.

Data collection: We selected 20 volunteers (10 males, 10 females) and collect data

under two conditions. In the first condition, the volunteers were asked to drive in

a simulation environment for 3 hours. Volunteers actively reported when they felt

fatigue, and we selected the data after the report time and the data five minutes before

the report time (60 time windows) to mark as fatigue data. In the second condition,

the volunteers started to drive for half an hour in the simulation environment when

they reported feeling fatigue. The reason for designing these two data collection

methods is that in the first condition, there are more features of the driver’s normal

driving state and fewer features of fatigue. In order to balance the amount of data

used to train the model, we use the second condition to increase the amount of data

with fatigue features. We extract the features contained in each time window (5

seconds) into the following array:

Fi = (noddingi, yawningi, blinkratei, ECDi, breathi, heartbeati) , (3.8)

where i represents the index of the time window, noddingi represents the number of

nodding, yawningi represents the number of yawning, blinkratei represents the eye

blink rate with the unit of bpm, ECDi represents the eye closure duration with the

unit of millisecond, and breathi represents the breathing rate with the unit of bpm,

heartbeati means heartbeat rate with the unit of bpm. We set the data label of the

normal state to 0 and the label of the fatigue state to 1. We finally selected 22,000

time windows for both the fatigue state and the normal state to form a training set

with 40,000 time windows and a validation set with 4,000 time windows. So the

dataset used for training is represented as:

Dataset = (Fi, labeli) , (3.9)
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where i = 1, .., 44000.

In order to better compare which method is more advantageous in solving the problem

of individual differences, we also designed a second experimental method. We select

the data of 20 volunteers (5 males and 5 females) with a total of 20,000 time windows

(10,000 fatigue states and 10,000 normal states) as the training set, and then we select

4,000 time windows data from the remaining ten volunteers (2,000 time windows of

fatigue states and 2,000 time windows of normal states) used as a validation set

to detect whether the model can better adapt to individual differences. Next, we

introduce the four machine-learning models we used.

Support vector machine (SVM): SVM is a classification algorithm separating

data items. This algorithm was proposed by Vladimir N. Vapnik based on statistical

learning theory [24]. The main purpose of the SVM is to find the best hyperplane

to distinguish the data given as two-class or multi-class. The method we used was

carried out in two classes. Whereas label 1 means that the driver is fatigue, label 0

means the driver is in a normal state. We aimed to distinguish fatigue drivers from

non-tired drivers.

The kernel function we choose is gaussian kernel function, the decision function is one

vs rest, and the error accuracy of stopping training is 0.001.

Naive bayes: Based on our labeled data, we created a Naive Bayesian classifier

for driver fatigue status determination. Our model consists of (class) variables C,

including two mutually exclusive states c1, c2, i.e. normal state and fatigue state, and

a set of attributes A1, A2, A3, A4, A5, A6 (i.e. number of nodding, number of yawning,

eye blink rate, eye closure duration, respiration rate, and heartbeat rate). The goal

of this layer is to find the probability of class state ci:

Pr (C = ci | A1 = a1, A2 = a2, A3 = a3, A4 = a4, A5 = a5, A6 = a6) (3.10)
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when this probability is maximum, the state of the driver belongs to the class variable

ci.

We chose Naive Bayes with Gaussian distribution prior (GaussianNB). GaussianNB

assumes that the prior probability of the feature is a normal distribution, which is as

follows:

P (Xj = xj | Y = Ck) =
1√

2πσ2
k

exp

(
−(xj − µk)2

2σ2
k

)
(3.11)

where Ck is the kth category of Y . µk and σ2
k are the values that need to be estimated

from the training set. GaussianNB will find µk and σ2
k based on the training set. µk

is the mean of all Xj in sample category Ck. σ2
k is the variance of all Xj in sample

category Ck.

There is only one main parameter of the GaussianNB class we used, namely the prior

probability, corresponding to the prior probability P (Y = Ck) of each category of Y .

We didn’t give the prior probability in our methods, therefore prior probability is

P (Y = Ck) = mk/m. where m is the total number of training set samples, and mk

is the number of training set samples whose output is the k category.

K-Nearest Neighbor (KNN): The KNN method classifies objects based on the

learning data closest to them. Learning data will be projected into multiple dimen-

sional spaces, each dimension representing a feature of the data. In our model, the

space is classified into two parts according to the learning data classification, namely

normal state and fatigue state. If the focal class is the most common classification

of KNearest Neighbor at that moment, then a point in that space is labeled as the

focal class. Nearest or distant neighbors are usually calculated based on Euclidean

distance:

where, dist(X, Y ) =

√√√√ n∑
i=1

(Xi − Yi)
2
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Xi : The training data

Yi : The testing data

n : The number of training data

(3.12)

In our model, we choose the number of neighbors to be 15.

Neural network (NN): The training of the neural network is divided into two

stages: forward propagation and back propagation. The forward propagation process

of the network first puts the feature array into the input layer, followed by further

feature extraction through the weighted summation of the input and the network

weight through the 5-layer fully connected layer. Finally, the softmax activation

function is applied to obtain the probability values for classification into different

driver states, with the highest probability indicating the predicted driver state. The

network weights are trained by the back propagation algorithm, and the loss function

uses the square error. The gradient descent method is used to update the weights,

with the gradient of the weights calculated based on the loss function. The weights are

then iteratively updated in the opposite direction of the gradient in order to minimize

the loss function.

3.4 Evaluation

In this section, we introduce the experimental settings and evaluation results of mm-

Drive.

3.4.1 Experiment Setup and Evaluation Method

Implementation and evaluation environments

The mmDrive system is implemented using a commodity mmWave radar, Texas In-

struments (TI) AWR1843BOOST, working on the 77− 81GHz frequency band with
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Figure 3.16: Experiment setup and driving environment

three Tx and four Rx antennas. The radar signal is collected in real-time using the

TI DCA1000EVM board with a sampling rate of 2KHz. The signal is processed in

Matlab on a laptop with an Intel i7-1165G7 processor and 32GB memory.

We conduct experiments in both simulated and real driving environments, as shown

in Figure 3.16. The radar is installed above the user and below the windshield of a

vehicle.

We find 20 volunteers, including 10 males and 10 females, to test our system. In the

simulated environment, they drive on virtual urban roadways for over three hours. In

the real driving environment, volunteers are asked to drive in various road conditions,

including the residential area, the highway, and a parking lot. In the residential area,

the vehicle is driven under around 40-50 miles per hour. There are around 6 crossroads

during driving. On the highway, volunteers drive at the speed of 90-100 miles per

hour. In the parking lot, the vehicle is driven at a lower speed of around 20-30 miles

per hour. Under each road condition, we find two volunteers to drive for around

half an hour. Another two volunteers are sitting on the copilot and back seats. To

measure the ground truth of fatigue features, we place a DJI Pocket 2 camera in front

of the drivers to capture their facial videos during driving as the ground truth for

the nodding, yawning, and eye blink features. Then, we carefully look through the

video to mark the presence of facial fatigue features and match its time frame with

the radar signal. The ground truth of respiration and heartbeat rates are collected

from the accelerometer-based chest belt and oximeter, respectively.
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Experimental Dataset Diversity

Although our experimental dataset comprises a relatively modest scale in absolute

terms (∼20 volunteers contributing approximately 200 hours of driving data), we

implemented a systematic participant recruitment strategy designed to maximize de-

mographic and physiological representativeness within the available sample size. The

volunteer cohort was deliberately stratified across multiple dimensions to ensure com-

prehensive coverage of real-world driver variability, recognizing that dataset diversity

can partially compensate for limited sample size in establishing proof-of-concept va-

lidity.

The volunteers included both male and female drivers with balanced gender distri-

bution (50% male, 50% female), spanning a broad age range from 21 to 55 years

to capture generational differences in driving behavior and physiological character-

istics. Significant anthropometric variation was incorporated, with participants ex-

hibiting varying eye sizes (ranging from 2.3 to 3.1 cm in horizontal diameter), head

circumferences (52 to 61 cm), and overall body heights (155 to 185 cm). This mor-

phological diversity is particularly critical for mmWave-based physiological sensing,

as radar cross-sectional properties and signal reflection patterns exhibit substantial

inter-individual variation based on tissue density, facial bone structure, and overall

head geometry. Additionally, participants represented different ethnic backgrounds,

contributing to natural variation in skin tone, facial structure, and hair characteristics

that could influence radar signal propagation and reflection.

In addition to demographic stratification, physiological variations such as different

baseline respiration rates (12–20 breaths per minute) and heart rates (58–89 beats

per minute) were naturally included across the participant pool. Some participants

exhibited faster cardiovascular rhythms associated with higher metabolic rates or caf-

feine consumption, while others demonstrated slower, more regular patterns typical

of individuals with higher cardiovascular fitness or meditation practices. This het-
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erogeneity in fundamental physiological signatures provides essential diversity in the

temporal patterns that our fatigue detection algorithms must accommodate. Fur-

thermore, participants varied in their sleep quality patterns, circadian preferences

(morning vs. evening chronotypes), and baseline fatigue susceptibility, contributing

to natural variation in fatigue onset characteristics and manifestation patterns dur-

ing experimental sessions. This multifaceted diversity provides broader coverage of

real-world driver variability, partially compensating for the limited dataset size while

establishing a robust foundation for algorithm development and initial validation.

Evaluation metrics

First, for the task of driver detection and each feature detection, we have used three

evaluation metrics namely accuracy, specificity, and sensitivity. The formulae for

calculating these values are given as under:

Accuracyfeature =
TPfeature + TNfeature

TPfeature + TNfeature + FPfeature + FNfeature
(3.13)

Specificityfeature =
TNfeature

TNfeature + FPfeature
(3.14)

Sensitivityfeature =
TPfeature

TPfeature + FNfeature
(3.15)

where the value of feature is one of the head, chest, ds (driver moving state), nodding,

and yawning.

For driver moving state detection, TPds (True Positives) are those cases where a driver

moving state is classified as static state and TNds (True Negatives) are those when

a driver static state is classified as a static state. Similarly, FPds (False Positives)

corresponds to the cases where a driver static state is classified as a moving state,

and FNds (False Negatives) to the cases where a driver moving state is classified as

a static state.
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For head region detection, TPhead are those cases where a head region is classified

as head region and TNhead are those when a non-head region is classified as a non-

head region. Similarly, FPhead corresponds to the cases where a non-head region is

classified as a head region, and FNhead to the cases where a head region is classified

as a non-head region.

For chest region detection, TPchest are those cases where a chest region is classified

as chest region and TNchest are those when a non-chest region is classified as a non-

chest region. Similarly, FPchest corresponds to the cases where a non-chest region is

classified as a chest region, and FNchest to the cases where a chest region is classified

as a non-chest region.

For nodding detection, TPnodding are those cases where a nodding is classified as

nodding and TNnodding are those where a non-nodding head movement is classified

as non-nodding. Similarly, FPnodding corresponds to the cases where a non-nodding

head movement is classified as nodding, and FNnodding to the cases where a nodding

is classified as non-nodding.

For yawning detection, TPyawning are those cases where yawning is classified as yawn-

ing, and TNyawning are those when a non-yawning mouth movement is classified as

yawning. Similarly, FPyawning corresponds to the cases where a non-yawning mouth

movement is classified as yawning, and FNyawning to the cases where yawning is clas-

sified as non-yawning mouth movement.

Second, we calculate the mean absolute error (MAE) of eye blink rate, respiration rate,

and heartbeat rate, as MAE =
∑n

i=1 ri−r′i
n

, where n is the total number of windows,

and ri and r′i refer to the real and estimated rates. Finally, the average error (eECD)

between the real and measured ECD from the video and radar is obtained.

Third, for the fatigue determination algorithm and model, we use Accuracy and F1-

score as the metrics and the definition of accuracy and F1-score are as follows:
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Accuracy =
TPfatigue + TNfatigue

TPfatigue + TNfatigue + FPfatigue + FNfatigue

Recall =
TPfatigue

TPfatigue + FNfatigue

Precision =
TPfatigue

TPfatigue + FPfatigue

F1-score =
2 · TPfatigue

2 · TPfatigue + FNfatigue + FPfatigue

=
2 · Precision · Recall

Precision + Recall
,

(3.16)

where TPfatigue are those cases where a fatigue state is classified as fatigue and

TNfatigue are those when a normal state is classified as fatigue. Similarly, FPfatigue

corresponds to the cases where a normal state is classified as fatigue, and FNfatigue

to the cases where a fatigue state is classified as a normal state.

We found that recall reflects the ability of the model and algorithm to identify positive

samples. The higher the recall, the stronger the model’s ability to identify positive

samples. The precision reflects the ability of the model to distinguish negative sam-

ples. F1-score is a combination of both. The higher the F1-score, the more robust

the classification model.

3.4.2 Evaluation Results

Performance of driver detection

We first evaluate the performance of our method to detect the driver’s state and

the target head and chest regions. We randomly select 1000 signal windows (5s for

each window) from the collected radar signal in which all volunteers are either in the

normal quasi-static driving state (500 time windows) or the body moving state (500

time windows). Meanwhile, we also evaluate the accuracy, specificity and sensitivity of

the head and chest region detection when the volunteer is quasi-static. The evaluation

results are given in Table 3.1 and Table 3.2. The accuracy of driver movement state
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detection in simulated and real driving environments are both exceed 93%. The chest

region detection can be achieved with higher accuracy because the chest region has

a larger area than the head region to reflect the radar signal.

Performance of nodding detection

Next, we evaluate the performance of detecting each fatigue feature. We randomly

select 50 time windows from the collected radar signal for each volunteer in which the

volunteer is in the normal quasi-static driving state, and half of the windows have the

nodding feature (i.e., 25 windows with the nodding feature). We selected a total of

2000 time windows. Meanwhile, we also evaluate the performance of our method to

avoid detecting other irrelevant head movements as nodding. Volunteers are asked to

randomly shake their heads up, left, and right. They also mimic the slight nodding

during talking. Then, we calculate the accuracy, specificity, and sensitivity of the

nodding feature. As depicted in Table 3.3, the accuracynodding is within 95.7% −

99.6% with an average of 98.30% in the simulated driving environment and within

94.75%−98.3% with an average of 96.85% in the real driving environment. The results

show that our nodding detection method can effectively detect and distinguish the

nodding feature from other head movements.

Performance of yawning detection

We randomly select 50 signal windows from the collected radar signal for each volun-

teer in which volunteer is in the normal quasi-static driving state and half of the time

windows have the nodding feature (i.e., 25 time windows with the nodding feature).

We selected a total of 2,000 time windows.

We evaluate the performance of yawning detection. The accuracy of yawning detec-

tion for each volunteer is shown in Figure 3.17. The accuracyyawning is obtained by

dividing the number of accurately detected yawning over the total number of yawning.
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Figure 3.17: Performance of yawning detection

Table 3.1: Results of driver moving state and region detection in simulated environ-

ments

Item TP TN FP FN Accuracy Specificity Sensitivity

ds 489 476 24 11 96.50% 95.20% 97.80%

head 481 497 3 19 97.80% 99.40% 96.20%

chest 490 492 8 10 98.20% 98.40% 98.00%

The accuracyyawning ranges from 96% to 99.25% with an average of 97.55% among

all volunteers in the simulated driving environment and ranges from 93.25% to 98.3%

with an average of 95.50% in the real driving environment.

In addition, we also evaluate the robustness of our yawning detection method in the

face of other mouth-related movements, such as talking, laughing, and coughing. For

example, during driving, we ask other passengers in the vehicle to chat with the

driver and let the driver deliberately cough several times. Therefore, we calculate

the specificity and sensitivity of the yawning feature. As depicted in Table 3.4, the

average sensitivity of all volunteers is 96.7% and 94.6% in simulated and real driving

environments, respectively. And the specificity is over 95% in both simulated and real

driving environments, which ensures the robustness of our yawning detection method.
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Table 3.2: Results of driver moving state and region detection in real environments

Item TP TN FP FN Accuracy Specificity Sensitivity

ds 477 462 38 23 93.90% 92.40% 98.40%

head 473 485 15 27 95.80% 97.00% 94.60%

chest 486 488 12 14 97.40% 97.60% 97.20%

0
0.2
0.4
0.6
0.8

1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

98.5%
97.5%

97.6%
95.3%

98.7%
96.4%

98.3%
96.3%

98.4%
97.9%

98.6%
96.7%

99.2%
98.3%

95.7%
94.75%

99.6%
97.6%

98.4%
96.4%

97.9%
95.9%

98.5%
96.9%

98.7%
97.6%

98.5%
97.6%

98.2%
97.7%

99.3%
97.3%

98.2%
96.2%

97.5%
95%

98.6%
98.2%

97.6%
97.5%

volunteer

ac
cu

ra
cy

 n
od

di
ng

simulated
real

Figure 3.18: Performance of nodding detection

Performance of eye blink rate and ECD estimation

Third, we evaluate the performance of estimating the eye blink rate and ECD. We

calculate the MAE between the real and estimated blink rates for each volunteer in

both simulated and real driving environment, as illustrated in Figure 3.20. The MAE

of eye blink rate are around 1−3 and 1.75−3.5 blink per minute in simulated and real

driving environment respectively. The average MAE among different volunteers are

1.74 and 2.68 blink per minute in simulated and real driving environment respectively.

We find that the MAEs of volunteer 3 and 8 are relatively higher than others. This is

mainly because their eye blink habit is different. They tend to blink fast but slightly

with two to three continuous blinks together, during which our method may miss

one of the blinks. Then, we calculate the error in ECD measurement (eECD) for

long-duration eye closure in both simulated and real driving environment, as shown

in Figure 3.21. The eECD ranges within 15− 45ms and 20− 45ms with an average of

31.5ms and 33ms in simulated and real driving environment respectively. Compared

with the ECD of over 1.2s during the fatigue state, the eECD is quite small, indicating
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Table 3.3: Results of nodding detection

Environments TP TN FP FN Accuracy Specificity Sensitivity

Simulated Environments 979 987 13 21 98.30% 98.70% 97.90%

Real Environments 962 975 25 38 96.85% 97.50% 96.20%
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Figure 3.19: Performance of yawning detection

a high accuracy for ECD estimation.

Performance of respiration and heartbeat rate estimation

Finally, we evaluate the performance of estimating the respiration rate and heartbeat

rate. The MAEs between the real and estimated respiration and heartbeat rates are

shown in Figure 3.22 and Figure 3.22, respectively. The MAE of respiration rate

(range: 0.15 − 1 breath per minute, average: 0.54 breath per minute) estimation is

lower than that of the heartbeat rate (range: 0.5− 5 beat per minute, average: 2.52

beat per minute). This is mainly because the chest displacement during respiration is

larger than the tiny pulse of heartbeat. Nevertheless, considering the heartbeat rate

range at around 60bpm, the average MAE of 2.52bpm is in a decent error level.
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Table 3.4: Results of yawning detection

Environments TP TN FP FN Accuracy Specificity Sensitivity

Simulated Environments 967 984 16 33 97.55% 98.40% 96.70%

Real Environments 946 964 36 54 95.50% 96.40% 94.60%
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Figure 3.20: Performance of eye blink detection

Performance of yawning, eye blink, and ECD detection under masks and

glasses

During driving, the driver may wear a mask for health concerns or sunglasses to pro-

tect the eyes. However, the yawning and eye blink features when wearing masks and

sunglasses can hardly be detected using cameras. Whereas one of the key advan-

tages of the mmDrive is that the mmWave radar signal can detect the driver’s facial

features even when the face is occluded. This is because the mmWave radar signal

can penetrate through the thin mask and lens. In this evaluation, we investigate

the performance of mmDrive to detect yawning and eye blink features while we ask

two volunteers to wear disposable medical masks and commonly used glasses(metal

frame eyes, resin frame glasses, sunglasses) during driving. The average accuracy

of yawning detection accy when wearing masks is 96%, which is only around 1%

lower than that without masks. Furthermore, the average MAE of eye blink rate are

around 3.5 and 2.6 and 2.1 blink per minute, and the average error of ECD estimation

are 40.5ms, 38.5ms and 37.5ms, which are all comparable with the results without

wearing glasses.
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Figure 3.21: Performance of ECD measurement
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Figure 3.22: Performance of respiration rate estimation

Comparison with existing works

We compare the performance of mmDrive for detecting all target fatigue features

with existing works in Table 3.5. For nodding detection, mmDrive can achieve similar

accuracy as the camera-based approach of around 97.58% and slightly higher accuracy

than the RFID-based method. For yawning detection, we also achieve a comparable

accuracy of around 97.4% as existing camera-based methods. In terms of eye blink

detection, we first convert the MAE of eye blink rate into the accuracy of successfully

detected eye blinks over the total number. The accuracy for eye blink detection using

our method is 2%− 4% smaller than that of existing methods using the camera and

sonar. This is mainly because the eye blink movement is too tiny. Albeit our signal

processing methods eliminate the effect from other movements, the relative distance

between the radar and the driver may still cause some slight blinks to be undetected.

For the physiological signals, the MAEs of respiration and heartbeat rate estimation

of mmDrive are in a similar range as existing systems using WiFi and mmWave

signals.

In a nutshell, the performance of mmDrive to detect fatigue features is comparable
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Figure 3.23: Performance of heartbeat rate estimation

with existing works. In addition, mmDrive can detect multiple fatigue features using

a single and compact mmWave radar. Whereas most existing systems, e.g., camera-

based, RFID-based, or WiFi-based, fail to capture such a whole list of fatigue features

from different body regions.

Effect of road conditions

In this evaluation, we investigate the effect of different road conditions on the per-

formance of fatigue feature detection. The detection results for the smooth highway

and urban road are given in Table 3.6. The detection performance on the smooth

highway is slightly higher than that on the urban road. This is mainly because the

driver is more likely to stay in a quasi-static state on the long and smooth highway,

while the radar signal suffers from more noise from the relatively rough urban road.

For roads with obvious uneven surfaces, the vehicle would vibrate on a large scale,

which incurs the radar and the driver’s body to vibrate accordingly. As we have

shown in Figure 3.9, the vehicle bump caused by a deceleration zone results in a

significant phase change of the signal from the chest bin. Such a large signal change

largely overwhelms the tiny facial and physiological features. In our system, we will

detect these rough road conditions and skip the fatigue feature detection for the time

being.
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Table 3.5: Performance comparison with existing works

Feature
Existing works mmDrive

Method Result Our Result

Nodding
camera [123] 95.7%

97.58%
RFID [130] 94.3%

Yawning camera [66, 34] 95% - 97% 97.4%

Eye blink
camera [61] 97%

93.4%
sonar [73] 95%

Respiration
WiFi [19] 0.3bpm

0.54bpm
RFID [131] 0.3-0.5bpm

Heartbeat
WiFi [19] 4bpm

2.52bpm
mmWave [92] 3bpm

Performance of fatigue determination algorithm

In this subsection, we compare rule-based and four learning-based fatigue determina-

tion algorithms.

We first compare rule-based and four learning-based fatigue determination algorithms

for the training set and validation set from the same source. The specific comparison

is shown in Table 3.7. It can be seen from the results that the accuracy and F1-score

of the rule-based algorithm are inferior to the other four learning-based methods.

Among the four learning-based methods, the accuracy and F1-score of the NN model

are the highest, while the accuracy and F1-score of the NB method are the lowest,

respectively for 98.95% and 98.27%. While the accuracy and F1-score of the rule-

based method are 96.5% and 96.49%, respectively, lower than all four learning-based

methods.
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Table 3.6: Performance of fatigue feature detection under different road conditions

Condition Nod Yawn BlinkR ECD RR HR

Highway 96% 97.5% 1.5bpm 28ms 0.4bpm 1.65bpm

Urban road 94.5% 96.2% 1.9bpm 36ms 0.45bpm 1.88bpm

Table 3.7: Comparison of fatigue determination algorithm (same source training and

validation data-set)

Algorithm TP TN FP FN Accuracy F1-score

Rule-based 1923 1937 63 77 96.5% 96.49%

SVM 1970 1981 19 30 98.78% 98.77%

KNN 1964 1972 28 36 98.4% 98.40%

NB 1954 1977 23 46 98.28% 98.27%

NN 1982 1979 24 18 98.95% 98.95%

Then, we compare rule-based and four learning-based fatigue determination algo-

rithms’ ability to address individual differences. The specific comparison is shown in

Table 3.8.

Among the four learning-based methods, the accuracy and F1-score of the NN model

are the highest, respectively 97.63% and 97.62%, while the accuracy and F1-score of

the NB method are the lowest, respectively for 93.75% and 93.72%. Among the four

methods we tried, the accuracy rates of the KNN and NB methods are all lower than

95%.

The results show that the accuracy rate and F1-score of the rule-based method pro-

posed in our study are 95.40% and 95.39%, respectively, surpassing the performance

of the KNN and NB learning-based methods. Therefore, we posit that the issue of
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Table 3.8: Comparison of fatigue determination algorithm ((different source training

and validation data-set)

Algorithm TP TN FP FN Accuracy F1-score

Rule-based 1903 1913 87 97 95.40% 95.39%

SVM 1930 1919 81 70 96.23% 96.24%

KNN 1887 1896 104 113 94.58% 94.56%

NB 1865 1885 115 135 93.75% 93.72%

NN 1947 1958 45 53 97.63% 97.62%

individual differences may not be effectively addressed by learning-based methods in

our study due to the limited number of samples available for analysis. The rule-based

method we proposed is based on a comprehensive literature review, so the number

of samples is much larger than the data we collect for machine learning. We also

use the pre-collected data of each volunteer while driving as the benchmark data to

adjust our algorithm to better deal with the problem of individual differences. In the

rule-based method, the fusion of multiple features is not tightly integrated, as it only

takes into consideration the occurrence of a single facial feature. However, even if

we have a small number of samples, the accuracy rate of the NN model has reached

97.63%, and we believe that the effect will be better when more samples are added.

Based on the above analysis, we believe that the two methods can be combined. We

first train a NN model for driver fatigue determination. During the actual driving

process, we continuously collect the data of the driver under normal conditions. Then

we generate some fatigue data according to the features changes that appear in the

driver’s fatigue state summarized in the rule-based method. Finally, we continue to

fine-tune the model with new data to make the model better adapt to individual

differences.
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3.5 Related Work

In this section, we introduce the related works for fatigue driving detection, which

can be categorized into vision-based, wearable-based, and RF-based approaches.

3.5.1 Vision-based Approaches

Vision-based approaches commonly utilize cameras and infrared sensors to detect

various facial fatigue features such as nodding, yawning, eye blink, and gaze direc-

tion [98, 20, 2, 65, 127]. Real-time images captured by cameras are processed using

machine learning algorithms, such as back propagation neural network (BPNN) and

convolutional neural network (CNN), to classify different facial regions and corre-

sponding fatigue features. Infrared (IR) sensors, mounted on the headrest of the

driver’s seat, are also employed to monitor head position by measuring changes in

distance between the specified head region and the IR signal receiver to detect head

movements[63]. However, vision-based approaches have fatal limitations including

performance degradation in poor lighting conditions such as dimmed light in tunnels

or dark environments at night, and blockage of facial regions when drivers wear masks

or sunglasses. Additionally, concerns about privacy leakage of facial images may arise

among drivers.

3.5.2 Wearable-based Approaches

Wearable sensors have been designed and investigated for fatigue driving detection,

with many of them focusing on capturing the driver’s physiological signals. For ex-

ample, wearable systems such as FEELythm developed by Fujitsu [80], are attached

to the driver’s earlobe to detect the pulse rate during driving. Chest belt devices like

BioHarness [121], are used to measure respiration and heartbeat rates. Wearable EEG

devices worn on the driver’s head can measure EEG signals, which can be analyzed
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using data mining techniques, for early warning of fatigue driving [143]. Addition-

ally, smart glasses with proximity sensors can be utilized for eye blink detection [14].

While these wearable sensors are effective in capturing physiological responses during

driving, they may be inconvenient for drivers to wear for long periods of time. Fur-

thermore, there is a lack of wearable sensors that can simultaneously detect various

facial fatigue features, which may weaken the robustness of fatigue driving detection

if relying solely on physiological signals.

3.5.3 RF-based Approaches

RF human sensing, which utilizes the signal reflection effect from the human body,

has been applied for fatigue driving detection in recent years. Various RF signals,

such as WiFi [52, 8], RFID[130, 131], and radar signals [141, 138], have been explored

for this purpose.

Among different RF signals, long-wavelength RF signals (i.e., WiFi and RFID) are

mainly capable of detecting coarse-grained fatigue features. For example, WiFind

employs the channel state information (CSI) of the WiFi signal, which involves the

driver’s body movement information, to detect the nodding, yawning, and respiration

activities [52]. In RFID-based systems, RFID tags are attached to the human body,

especially on the chest, to obtain the respiration rate during driving [130]. How-

ever, WiFi and RFID signals have limitations such as long wavelength and narrow

bandwidth, which restrict their ability to detect fatigue features from multiple body

regions simultaneously.

In contrast, short-wavelength and wide-band RF signals (i.e., UWB and mmWave

radar) enable the measurement of fine-grained features from different body regions.

For instance, in studies utilizing UWB radar, V2iFi employs a compact UWB radar

to extract the subtle heartbeat rate variability pattern from the driver [141], and

Ubi-Fatigue can detect both eye blinks and heartbeats using a 60GHz radar [138].

71



Chapter 3. mmDrive: Fine-Grained Fatigue Driving Detection Using mmWave
Radar

However, these UWB radar signals are limited by having only a single Tx-Rx pair,

which constrains spatial sensing in the angular dimension, despite their high range

resolution for separating signals from different ranges. As a result, signals from the

same range but different angles, such as head and hand-reflected signals, are chal-

lenging to separate. In studies utilizing mmWave radar, angle-related challenges can

be mitigated, but there are still limitations. For example, Liu et al. [75] proposed a

method that detects only the heartbeat signal and used machine learning for fatigue

detection, which may not capture the full complexity of fatigue-related physiological

changes. Dong et al. [30] and Ciattaglia et al. [23] also focused on detecting respira-

tion and heartbeat signals using mmWave radar, which may not be sufficient as the

main feature of fatigue was reflected on the driver’s face. Shu et al. [97] proposed an

eye blink detection method using frequency-modulated continuous wave radar, and

Cardillo et al. [12] utilized mmWave radar to detect head and eye blink movements,

but their method only detected individual blinks and did not use it for fatigue detec-

tion. Similarly, Raja et al. [87] proposed a technique for in-vehicle driver/passenger

3D head tracking using mmWave radar, specifically targeting three different head

movements, but the focus was primarily on tracking the position and angle of head

movements, and fatigue-related behaviors such as nodding was not taken into ac-

count. Sen et al. [95] used range-Doppler information from mmWave radar to detect

specific behaviors such as left-look, right-look, talking, and yawning, but their method

did not explain how to use these features for driver status determination and only

yawning was directly related to fatigue.

In our paper, we employ the mmWave radar, which owns a full advantage of short

wavelength, wide band, and multiple Tx-Rx pairs, to renovate fatigue driving detec-

tion. Compared with existing RF-based systems, our system achieves the accurate

detection of the highest number of fatigue features (four facial and two physiological

features) from both head and chest regions.
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3.6 Discussion

Despite the promising results demonstrated by our mmDrive system, several im-

portant limitations must be acknowledged. The current experimental validation,

while sufficient for proof-of-concept demonstration, remains limited in scope with

approximately 20 volunteer participants and 200 hours of data collection. This scale

falls short of fleet-level validation and does not comprehensively cover the diverse

range of real-world driving conditions, including varied traffic densities, weather sce-

narios (rain, fog, snow), and different vehicle types that would be encountered in

large-scale deployment. Additionally, our system exhibits sensitivity to environmen-

tal factors such as vehicular vibrations, sudden driving maneuvers, and multipath

propagation within the confined cabin space, which can degrade the signal-to-noise

ratio for subtle physiological features like eyelid motion detection. The extraction of

fine-grained fatigue indicators under dynamic driving conditions remains challenging,

particularly when distinguishing genuine physiological signals from motion artifacts

and environmental interference. Furthermore, while our spatial resolution allows for

driver-passenger discrimination under normal conditions, extreme driving scenarios

or unusual seating arrangements could potentially compromise this capability.

In the current version of mmDrive, we achieve effective fatigue driving detection

using the mmWave radar. Although we can detect various fatigue features, we can

only identify the fatigue state after the presence of fatigue features. It would be

desirable if we could utilize the transition and change of the eye blink rate, ECD, and

physiological signals to predict whether the driver feels fatigued as early as possible.

In our future work, we will investigate the usage of mmWave radar to capture more

behavioral characteristics and combine these transitional fatigue features for early

prediction of the fatigue state. Apart from fatigue driving, we will also investigate

the mmWave radar for detecting other dangerous driving behaviors and integrate

them into a mmWave-based safe driving system.
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3.7 Conclusion

In this paper, we present our designed mmDrive system for fatigue driving detection.

Different from conventional approaches that employ intrusive cameras and bulky

wearable sensors, our system only uses a compact mmWave radar to realize non-

intrusive yet fine-grained fatigue driving detection by sensing various fatigue features

(i.e., nodding, yawning, eye blink, eye closure duration, respiration, and heartbeat)

from the driver’s head and chest regions. We dedicatedly model the effect of different

fatigue features on the mmWave radar signal and develop effective signal processing

methods to accurately detect target features from the noisy signals and other inter-

fering activities. mmDrive will determine whether the driver is fatigued or not based

on the detected features. Experimental results in both simulated and real driving

environments show that mmDrive can achieve high accuracy in fatigue detection.
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Abstract

Counterfeit and adulterated liquids present significant health risks and economic

losses, underscoring the need for effective authentication methods. While acoustic

signal-based detection offers a promising non-invasive approach that works without

opening containers, its accuracy suffers from variations in container properties and

environmental conditions. Furthermore, acoustic features alone lack molecular-level

detail needed for definitive identification. We address these challenges with Liq-

uidAuth, a system that maps acoustic signals to mass spectra, providing molecular-

level insights for more accurate authentication. LiquidAuth employs a cross-shaped

microphone array to mitigate positional variation and introduces an adaptive con-

tainer compensation algorithm to account for different container characteristics. By

integrating Conditional GANs (cGANs), our system effectively maps acoustic sig-

nals to mass spectra, enabling reliable molecular-level classification. Experimental

evaluations show LiquidAuth achieves an average F1-score of 97.89%, with accuracy

between 95.35% and 98.25% across various container materials and storage conditions,

demonstrating robust liquid authentication capabilities.

4.1 Introduction

Counterfeit and adulterated liquids represent a significant threat to public health and

economic stability, causing numerous poisoning incidents and substantial financial
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losses annually [82]. The detection and verification of liquid authenticity is therefore

critical; however, conventional methodologies including chemical analysis, chromato-

graphic techniques, Quasi-Static Electrical Tomography (QET), and surface tension

measurement necessitate container opening and specialized equipment, thereby com-

promising product integrity and increasing operational costs [109, 135, 39, 41]. De-

spite their efficacy in contaminant detection, these intrusive approaches fail to provide

scalable, non-destructive solutions. Recent advancements in non-invasive technolo-

gies, such as RFID-based systems [39], ultra-wideband (UWB) approaches [48], and

millimeter-wave (mmWave) radar systems like FG-LiquID [70], offer promising alter-

natives by preserving container integrity. Nevertheless, these systems exhibit sensi-

tivity to environmental interference and require specialized hardware, limiting their

scalability.

Acoustic-based methodologies [133] present a cost-effective, non-invasive alternative

by exploiting the distinctive absorption and transmission characteristics of sound

waves in various liquids. These systems utilize strategically positioned speakers and

microphones around the container to measure alterations in sound wave propagation,

subsequently analyzing the Acoustic Absorption and Transmission Curve (AATC) for

liquid identification and counterfeit detection.

Despite their potential, existing acoustic methodologies exhibit significant limitations

when confronted with variations in container materials, geometries, and environmen-

tal conditions, while simultaneously lacking molecular-level precision essential for

definitive liquid identification—thus compromising both accuracy and reliability. En-

vironmental fluctuations, container material heterogeneity, and positional variations

between acoustic transducers introduce substantial measurement uncertainties [133].

Furthermore, while sound wave absorption patterns reflect certain liquid character-

istics, they lack the interpretability and precision offered by chemical methodologies,

potentially undermining detection reliability.

In this paper, we propose LiquidAuth, an innovative non-invasive liquid authentica-
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Figure 4.1: System architecture of LiquidAuth, illustrating the novel acoustic-to-

mass-spectrum mapping approach for molecular-level liquid identification.

tion system that introduces acoustic-to-mass-spectrum mapping to extract molecular-

level details from liquids. Unlike traditional acoustic-based detection methodologies,

which primarily rely on acoustic features, our approach captures microscopic molec-

ular characteristics by inferring mass spectra from acoustic signals, thereby signifi-

cantly enhancing the accuracy of fine-grained liquid identification. However, accu-

rately transforming acoustic signals into mass spectra presents substantial challenges

due to environmental variations, container effects, and the inherent complexity of

the signal relationships. To address these challenges, LiquidAuth employs several ad-

vanced techniques, including a Generative Adversarial Network (GAN) for mapping

acoustic features to precise mass spectra. The system architecture of LiquidAuth is

illustrated in Fig. 4.1.

We implement several innovative approaches to tackle the technical challenges inher-

ent in acoustic liquid authentication. We deploy a cross-shaped array of five micro-

phones surrounding the container, complemented by a speaker to mitigate positional

variation and multipath effects. This configuration captures signals from multiple an-

gles and substantially reduces the impact of positional shifts during measurement. We

further enhance signal quality through advanced signal processing techniques, includ-
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ing adaptive noise reduction algorithms and dereverberation methods, which signifi-

cantly improve signal clarity and fidelity for subsequent analysis. Second, recognizing

that variations in container material and geometry can significantly interfere with

acoustic transmission, we develop a container compensation model that effectively

normalizes signals based on container characteristics, thus ensuring consistent perfor-

mance across diverse container types. Finally, we implement Conditional Generative

Adversarial Networks (cGANs) to accurately map acoustic signals to molecular-level

mass spectra, subsequently applying a Fully Connected Neural Network (FCNN) to

classify the generated spectra. This approach enables precise molecular-level detec-

tion and provides reliable liquid authentication even under varied storage conditions.

In summary, we make the following key contributions:

• We propose LiquidAuth, the first system to map acoustic signals to mass spec-

tra for liquid authentication, integrating advanced signal processing techniques

and cGANs to achieve high accuracy and interpretability across various storage

conditions.

• We design a cross-shaped microphone array and a container compensation

model to mitigate positional variation as well as variations in container ma-

terial and shape, enhancing the accuracy of acoustic signal analysis and system

generalizability.

• Extensive experiments, including a case study on alcoholic beverages, demon-

strate that LiquidAuth accurately distinguishes between different types and

brands of liquids, even capturing subtle differences such as wine from different

production years.

The remainder of this paper is organized as follows: Section II provides the theoretical

background on the relationship between acoustic signals and mass spectra for liquid

authentication. Section III gives an overview of the LiquidAuth system architecture.

79



Chapter 4. LiquidAuth: Reliable and Accurate Liquid Authentication Using
GAN-enhanced Acoustic-to-Mass-Spectrum Mapping

Section IV details the technical methodologies, including signal processing, hard-

ware design, container compensation, and the cGAN-based mapping from AATC to

mass spectra. Section V describes the experimental setup and deployment strategies.

Section VI presents the evaluation results, focusing on system performance across

different liquid types and conditions. Section VII reviews related work. Section VIII

discusses key challenges, limitations, and future improvements. Finally, Section IX

concludes the paper with key findings and future research directions.

4.2 Preliminaries

In this section, we explore the principles behind the acoustic signal and its relationship

with mass spectra, which are the primary features utilized in our system.

4.2.1 Relationship Between Acoustic Properties and Molec-

ular Composition

When acoustic waves travel through a liquid, they interact with the liquid’s molec-

ular structure, affecting the wave’s absorption and transmission characteristics. The

acoustic impedance Z of a liquid is influenced by its density ρ and the speed of sound

c in the medium [26]:

Z = ρ · c. (4.1)

These parameters are directly related to the liquid’s molecular composition. Varia-

tions in molecular structure lead to differences in viscosity and elasticity, which in

turn affect the acoustic absorption coefficient α(f) at frequency f :

α(f) =
2π2f 2η

ρc3
, (4.2)

where η is the dynamic viscosity [84]. By analyzing the frequency-dependent acoustic

signal, we can obtain information related to the molecular properties of the liquid.
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4.2.2 Acoustic Absorption and Transmission Curve (AATC)

Based on a recent work [133], we utilize the Acoustic Absorption and Transmission

Curve (AATC), a feature extracted from the acoustic signal as it travels through the

liquid, to capture key acoustic characteristics for liquid authentication.

The emitted acoustic signal s(t) consists of multiple sine waves with amplitudes Ai

at different frequencies fi ranging from 18 kHz to 20 kHz:

s(t) =
n∑

i=1

Ai sin(2πfit), (4.3)

where n is the number of discrete frequencies. These high frequencies are chosen to

minimize background noise and human voice interference [64].

After transmitting through the liquid, the received signal is captured by the micro-

phones. We perform signal processing, including noise reduction and dereverberation,

to extract the amplitudes R(fi) at frequencies fi. The AATC at each frequency fi is

then calculated as:

AATC(fi) =
R(fi)

S(fi)
, (4.4)

where S(fi) = Ai are the amplitudes of the emitted signal at frequencies fi. The

AATC reflects the frequency-dependent absorption characteristics of the liquid, which

are influenced by its molecular composition.

4.2.3 Mass Spectrometry and Molecular Fingerprinting

Matrix-Assisted Laser Desorption/Ionization Time-of-Flight (MALDI-TOF) mass spec-

trometry provides detailed information about the molecular composition of a sample

by measuring the mass-to-charge ratio (m/z) of ionized particles [72]. Each liquid has

a unique mass spectrum that serves as a molecular fingerprint, as shown in Fig. 4.2.
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Figure 4.2: MALDI-TOF mass spectra of alcoholic beverages.

4.2.4 Bridging Acoustic Features and Mass Spectra

As mentioned previously, the connection between acoustic absorption characteristics

and mass spectra lies in their sensitivity to a liquid’s molecular composition. Both

of them respond to variations in molecular structure, influencing properties such as

density, viscosity, and elasticity, which impact acoustic absorption and ionization pat-

terns in mass spectrometry. While AATC provides macroscopic acoustic information

influenced by molecular properties, mass spectrometry offers microscopic molecular

composition details. Our key innovation is leveraging a data-driven approach using
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Conditional GANs (cGANs) to map the AATC to the corresponding mass spec-

tra. This mapping is feasible because variations in acoustic behavior, influenced by

molecular composition, correspond to molecular signatures detected through mass

spectrometry. It allows us to infer molecular-level information from acoustic mea-

surements, enhancing the interpretability and accuracy of liquid authentication.

4.3 System Design

In this section, we present the architecture of LiquidAuth, highlighting the key com-

ponents and workflow of the system, as illustrated in Fig. 4.3.
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Figure 4.3: System architecture of LiquidAuth.

The LiquidAuth system consists of the following main components:

1. Acoustic Signal Transmission and Reception: A speaker emits designed

acoustic signals through the liquid-filled container. To capture the transmitted

signals, we use a cross-shaped array of five microphones (M1 to M5), arranged

around the container to mitigate multipath effects and positional variability, as

shown in Fig. 4.4. Soundproofing materials surround the speaker and micro-

phones to minimize external noise interference.

2. Signal Processing and AATC Extraction: The received signals undergo
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advanced signal processing techniques, including noise reduction and derever-

beration, to enhance signal clarity. We then extract the Acoustic Absorption

and Transmission Curve (AATC) from the processed signals, which reflects the

frequency-dependent absorption characteristics of the liquid.

3. Container Compensation Model: To address the variability introduced by

different container materials and shapes, we implement a container compensa-

tion model. By collecting data from various containers and applying machine

learning algorithms, the model adjusts the AATC to minimize the container’s

impact on the acoustic measurements.

4. Acoustic-to-Mass-Spectrum Mapping Using cGAN: The compensated

AATC features are input into a trained Conditional GAN, which maps them

to corresponding mass spectra. This mapping allows us to infer molecular-

level information from the acoustic data, enhancing the interpretability and

robustness of the system.

5. Liquid Authentication via Classification: The generated mass spectra are

analyzed using a classification model, such as a Fully Connected Neural Network

(FCNN), to determine the authenticity and type of the liquid.

4.4 Methodology

In this section, we detail the design of the LiquidAuth system and the key challenges

addressed. The main challenges include mitigating multipath effects from microphone

and speaker positional variations, eliminating container influence on AATC extraction

and overcoming different storage environment impacts on liquid quality. We address

these through innovative solutions: using a microphone array for signal extraction

and fusion, advanced signal processing techniques for AATC extraction, a container

compensation model, and a conditional Generative Adversarial Network (cGAN) to
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map AATC features to mass spectra. Finally, we employ a Fully Connected Neural

Network (FCNN) for liquid authentication based on the generated mass spectra.

4.4.1 Signal Extraction and Fusion Using a Microphone Ar-

ray

Figure 4.4: Position of speaker and microphones: (a) speaker view; (b) top view; (c)

microphone view; (d) 1 cm spacing between microphones.

As shown in Fig. 4.4, we designed a cross-shaped array of five microphones (M1 to

M5) strategically arranged around the container:

• Microphone M1 directly faces the speaker S, aligned with the maximum con-

tainer diameter.

• Microphones M2 and M3 are placed directly above and below M1, respectively.

• Microphones M4 and M5 are placed to the left and right of M1, respectively.

• The interval between each microphone is 1 cm.

Inside a liquid container, emitted sound waves undergo reflections from both con-

tainer walls and the liquid surface, producing multipath components that arrive at

microphones with varying delays and amplitudes. These multipath copies distort
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the waveform and degrade the accuracy of AATC estimation. To address this, we

integrate multipath suppression with microphone array fusion as follows.

We first locate the direct arrival path by computing the cross-correlation between the

transmitted signal s(t) and each received signal xi(t), where the first correlation peak

marks the arrival time τ0,i. Around this reference, three windows are defined: the

direct window capturing the main path,

Wdir = [τ0,i −∆, τ0,i + ∆],

the echo window containing delayed reflections,

Wecho = [τ0,i + ∆, τmax],

and a pre-emission window serving as the baseline noise segment,

Wpre = a short pre-emission segment.

Using these windows, we compute the energies for each microphone i:

E
(i)
direct =

∑
t∈Wdir

x2
i (t), E

(i)
noise =

∑
t∈Wpre

x2
i (t),

E
(i)
echo = max

( ∑
t∈Wecho

x2
i (t)− E

(i)
noise, 0

)
.

From these, an effective SNR is defined to characterize the reliability of each channel:

SNRi =
E

(i)
direct

E
(i)
echo + E

(i)
noise + ε

,

where ε is a small constant preventing division by zero. Intuitively, multipath in-

creases E
(i)
echo, thereby reducing SNRi.

With these SNR values, we assign adaptive fusion weights to the microphones:

wi =
SNRi∑
j SNRj

, xfused(t) =
5∑

i=1

wi xi(t).
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In this way, microphones with cleaner direct paths are emphasized, while those dom-

inated by echoes or noise are downweighted. The fused signal is then transformed

into the frequency domain using FFT, and normalized by the transmitted reference

signal to obtain AATC(f). The resulting spectrum reflects the intrinsic absorption

characteristics of the liquid with multipath distortions effectively suppressed.

By dynamically recomputing wi for each emission, the system adapts to varying

acoustic conditions, substantially enhancing the robustness and precision of AATC

estimation.

4.4.2 Signal Processing and AATC Extraction

To ensure the fused signal xfused(t) accurately represents the liquid’s acoustic charac-

teristics, we apply noise reduction and dereverberation processing.

For noise reduction, we employ a Discrete Wavelet Transform (DWT)-based algorithm

that decomposes the signal into multiple frequency bands and applies thresholding to

wavelet coefficients, effectively preserving signal features while suppressing environ-

mental noise and electromagnetic interference.

We address reverberation using the Weighted Prediction Error (WPE) algorithm,

which models and subtracts late reverberation components to enhance the direct-

path signal, improving temporal resolution and frequency analysis accuracy.

Following preprocessing, we extract the AATC through:

1. Fast Fourier Transform of xfused(t) to obtain Xfused(f)

2. Amplitude extraction at frequencies 18-20 kHz: R(fi) = |Xfused(fi)|

3. Normalization by the emitted signal amplitudes: AATC(fi) = R(fi)
S(fi)

The resulting AATC captures frequency-dependent absorption characteristics influ-

enced by the liquid’s molecular properties, providing the foundation for subsequent
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composition analysis.

4.4.3 Container Compensation Model

Container material properties (density, elasticity), shape, and thickness can signifi-

cantly alter acoustic signal transmission and attenuation, potentially distorting the

liquid’s true acoustic signature and leading to inaccurate AATC measurements. To

address this issue, we develop a container compensation model that explicitly quan-

tifies and corrects for container influence.

We first collect comprehensive AATC data from liquids across a wide variety of con-

tainer types, including materials (glass, plastic, metal) and shapes (cylindrical, rect-

angular, irregular). This dataset captures diverse transmission effects and provides

the basis for training a compensation model. Formally, we define a container transfer

function Hc(f) as

Hc(AATCcontainer+liquid(f)) = AATCliquid(f), (4.5)

where AATCcontainer+liquid(f) is the measured spectrum and AATCliquid(f) is the in-

trinsic liquid response from reference measurements.

To approximate Hc(·), we employ a neural network with container characteristics and

measured AATC as input, nonlinear hidden layers, and an output layer predicting the

corrected container-free AATC. Training is guided not only by mean squared error

between predicted and reference curves, but also by a contrastive learning strategy. In

this strategy, positive pairs consist of the same liquid measured in different containers,

for which the corrected outputs should be close:

D(E(xa)) ≈ D(E(xb)) if same liquid, different containers.

Negative pairs are liquids of different types, which must remain discriminative after

compensation:

D(E(xa)) ̸= D(E(x−)) if different liquids.
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This learning objective enforces both intra-liquid consistency and inter-liquid separa-

bility, ensuring that compensation does not collapse class distinctions. At inference

time, the trained model takes a new container-influenced AATC x and outputs its

container-free version x̂, which can then be used for downstream tasks such as mass

spectrum mapping or liquid authentication.

By combining regression with contrastive constraints, the model effectively removes

container-induced distortions and generalizes to new container types. This enhances

LiquidAuth’s robustness in real-world scenarios, allowing accurate and reliable au-

thentication across diverse packaging without significant accuracy loss.

4.4.4 Acoustic-to-Mass-Spectrum Mapping Using cGAN

Establishing a direct mapping between acoustic attenuation characteristics and the

mass spectrum is complex due to the nonlinear and high-dimensional relationships

involved.

To model this complex relationship, we employ a Conditional Generative Adversarial

Network (cGAN), which extends the traditional GAN by conditioning the generation

process on additional information (in this case, the AATC). The cGAN consists of

two main components:

• Generator G: A neural network that takes the AATC x as input and generates

a synthetic mass spectrum ŷ = G(x).

• Discriminator D: A neural network that evaluates the authenticity of the mass

spectrum given the AATC, outputting a probability that a pair (x, y) is real or

fake.

We prepare a dataset of paired AATC and corresponding mass spectra obtained from

controlled experiments. The mass spectra are preprocessed to align peaks and normal-
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ize intensities, ensuring consistency across samples. The generator and discriminator

are trained simultaneously in an adversarial manner. The generator G aims to pro-

duce mass spectra that are indistinguishable from real ones, given the input AATC.

The discriminator D attempts to correctly classify real and generated mass spectra,

conditioned on the AATC. As a result, the generator becomes capable of accurately

inferring mass spectra from the AATC.

The loss functions used are:

• Adversarial loss for D:

LD = −Ex,y[logD(x, y)]− Ex[log(1−D(x,G(x)))]. (4.6)

• Adversarial loss for G:

LGAN = −Ex[logD(x,G(x))]. (4.7)

• Reconstruction loss:

LMSE = Ex,y[∥y −G(x)∥2]. (4.8)

• Total loss for G:

LG = LGAN + λLMSE, (4.9)

where λ is a hyperparameter that balances the adversarial and reconstruction

losses.

We optimize G and D alternately using the Adam optimizer with a learning rate of

1×10−4. The networks are trained for 200 epochs with a batch size of 64, minimizing

LG and LD respectively.

The cGAN framework allows us to capture the complex, nonlinear mapping from

AATC to mass spectra without explicitly modeling the underlying physics.
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4.4.5 Liquid Authentication via FCNN

The generated mass spectra contain rich information about the molecular composition

of the liquid. To classify these spectra into categories (authentic vs. counterfeit,

specific brands, or production years), we employ a FCNN. The FCNN architecture

consists of:

• Input Layer : Receives the mass spectrum vector, with each element representing

the intensity at a specific mass-to-charge ratio (m/z value)

• Hidden Layers : Three layers (512, 256, 128 neurons) with ReLU activation

functions to introduce nonlinearity

• Output Layer : Softmax activation for multi-class classification, outputting a

probability distribution over the classes

The network is trained using cross-entropy loss function, which measures the discrep-

ancy between predicted probabilities and true labels. Parameters are updated using

the Adam optimizer (learning rate: 10−4), with batch normalization applied after each

hidden layer to stabilize and accelerate training. This final classification component

leverages the detailed molecular information from the mass spectra to provide accu-

rate liquid authentication across various categories, effectively addressing challenges

posed by adulteration and counterfeiting.

4.5 Implementation and Evaluation Metrics

In this section, we describe the hardware and software configurations of LiquidAuth,

as well as the experimental settings and evaluation metrics used to assess its perfor-

mance.

91



Chapter 4. LiquidAuth: Reliable and Accurate Liquid Authentication Using
GAN-enhanced Acoustic-to-Mass-Spectrum Mapping

(a) (b)

Figure 4.5: Hardware components used in experiment: (a) Speaker, Microphone

Array, Amplifier Board; (b) Raspberry Pi 3B.

4.5.1 Hardware Configuration

Our hardware setup includes a speaker, an amplifier board, a microphone array, and a

Raspberry Pi 3B, as shown in Fig. 4.5 and Fig. 4.6. These components are essential for

generating and capturing acoustic signals and performing mass spectrometry analysis.

The speaker emits the designed acoustic signals through the liquid container, and the

microphone array captures the transmitted signals. The Raspberry Pi 3B handles

data acquisition and preliminary processing. The mass spectrometer provides the

ground truth mass spectra for training and evaluation. By integrating these compo-

nents, we establish a stable platform for data collection and analysis.

4.5.2 Software Implementation

Acoustic signals were generated and processed using Python. The signals consist

of 21 sine waves ranging from 18 to 20 kHz, saved as WAV files. The cGAN and

FCNN models were implemented and trained using PyTorch. Mass spectra were
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Figure 4.6: LiquidAuth device for data collection.

acquired using the UltrafleXtreme MALDI-TOF mass spectrometer and processed

with flexAnalysis software to extract significant peaks and generate the final mass

spectra data.

4.5.3 Experimental Settings

To validate LiquidAuth, we tested six alcoholic beverage types: wine (W ), beer (B),

Chinese white spirit (S ), brandy (Br), whisky (Wh), and vodka (V ), selecting five

popular brands per type (A-E ). We created adulterated samples by adding industrial

alcohol (30% concentration) at 50%, 25%, and 5% levels, and by diluting with cheaper

brands.

To assess robustness, we simulated improper storage conditions including extreme

temperatures (8°C, 40°C, 60°C), humidity levels (45%RH, 95%RH), and mechanical

vibrations mimicking transport conditions. Samples were labeled as AT Brand N,

indicating alcohol type, brand, and sample number.
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Performance was evaluated using standard classification metrics: Accuracy, Precision,

Recall, and F1-score [102], across adulteration detection, brand/year verification,

and container compensation effectiveness under both standard and improper storage

conditions.

4.5.4 Data Collection

Data collection was conducted under controlled laboratory conditions and simulated

environments to mimic real-world storage conditions. For each sample, we collected

AATC data and corresponding mass spectra.

AATC Data: Multiple sets of AATC data were collected from each sample over

several days to account for variability. Under standard conditions, we collected data

over 10 days. For samples under simulated improper storage conditions, we collected

additional data to evaluate the system’s robustness.

Mass Spectra Data: Samples from the alcoholic beverages were carefully extracted

to prevent contamination. Mass spectra were acquired using the mass spectrometer

in positive ion mode. Peaks with a signal-to-noise ratio above 3 were extracted to

generate the final mass spectra data. These data were used to train and evaluate our

cGAN and FCNN models.

4.6 Evaluation Results

In this section, we comprehensively evaluate the performance of LiquidAuth across

various tasks, including detecting industrial alcohol adulteration, adulteration with

cheaper brands, production year verification, brand identification, and assessing the

impact of the container compensation model. We also evaluate the system’s robust-

ness under different storage conditions and microphone/speaker arrangements, using
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metrics such as accuracy, precision, recall, and F1-score to provide a detailed analysis.

4.6.1 Performance of Fraud Detection

Table 4.1 presents LiquidAuth’s performance in detecting industrial alcohol adul-

teration. The system achieves high accuracy across all beverage types, with wine

(W ) reaching 99.25% under normal conditions and 98.25% under improper storage

conditions (Imp.), demonstrating resilience to environmental variations. The high

precision and recall values indicate effective minimization of both false positives and

false negatives.

Table 4.2 shows the system’s performance in detecting adulteration with cheaper

brands. LiquidAuth maintains high accuracy across all beverage types, with wine

achieving an F1-score of 99.50% under normal conditions and 99.25% under im-

proper conditions. This demonstrates the system’s ability to detect subtle composi-

tion changes from cheaper brand mixing, crucial for maintaining product integrity.

4.6.2 Performance of Brand Detection

Fig. 4.7 summarizes the accuracy of brand detection under normal and improper

storage conditions for various types of beverages. LiquidAuth achieves high accu-

racy across all beverage types, demonstrating its effectiveness in distinguishing dif-

ferent brands based on their unique molecular compositions. For instance, wine (W )

achieves an accuracy of 99.25% under normal conditions and 98.25% under improper

conditions. This high level of accuracy indicates that the system can reliably identify

the correct brand, which is essential for verifying product authenticity and combating

counterfeit products. The slight decrease in accuracy under improper storage condi-

tions suggests that while environmental factors can impact performance, the system

remains robust and effective.
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Table 4.1: Industrial Alcohol Adulteration Detection Per-

formance

Type Acc. (%) Prec. (%) Rec. (%) F1 (%)

W 99.25 99.50 99.00 99.25

B 97.75 99.00 96.59 97.78

S 97.50 98.50 96.57 97.52

Br 96.25 97.00 95.57 96.28

Wh 96.75 97.50 96.06 96.77

V 98.50 99.00 98.02 98.51

W (Imp.) 98.25 98.00 98.49 98.25

B (Imp.) 97.25 97.00 97.49 97.24

S (Imp.) 96.75 98.00 95.61 96.79

Br (Imp.) 96.50 98.00 95.15 96.55

Wh (Imp.) 96.25 97.00 95.57 96.28

V (Imp.) 98.00 99.50 96.60 98.03

Note: W = Wine, B = Beer, S = Chinese white spirit, Br

= Brandy, Wh = Whisky, V = Vodka. (Imp.) indicates

improper storage conditions.
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Table 4.2: Cheaper Brand Adulteration Detection Performance

Type Acc. (%) Prec. (%) Rec. (%) F1 (%)

W 99.50 99.50 99.50 99.50

B 97.25 97.00 97.49 97.24

S 98.25 99.50 97.07 98.27

Br 98.00 98.00 98.00 98.00

Wh 99.00 99.00 99.00 99.00

V 98.50 99.00 98.02 98.51

W (Imp.) 99.25 99.50 99.00 99.25

B (Imp.) 97.00 97.00 97.00 97.00

S (Imp.) 98.75 98.00 99.49 98.74

Br (Imp.) 97.75 99.50 96.14 97.79

Wh (Imp.) 98.75 98.00 99.49 98.74

V (Imp.) 98.00 99.50 96.60 98.03

Note: Abbreviations are the same as in Table 4.1.

Figure 4.7: Accuracy of brand detection under normal and improper storage condi-

tions for various types of beverages. Abbreviations are the same as in Table 4.1.
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Figure 4.8: Accuracy of year verification under normal and improper storage condi-

tions for wine and Chinese white spirit.

4.6.3 Performance of Year Verification

Fig. 4.8 shows the accuracy of production year verification for wine and Chinese white

spirit across different vintages and storage conditions. The system maintains high

accuracy, with values remaining above 96% for all tested years. Specifically, for wine,

the highest accuracy of 98.46% is achieved for the 2017 vintage. This demonstrates

the system’s capability to detect subtle differences in the chemical composition of

beverages that result from aging processes and production variations over different

years. Accurate year verification is particularly important for products like wine

and spirits, where the vintage can significantly influence quality and market value.

The system’s strong performance under both normal and improper storage conditions

highlights its reliability for practical applications.

4.6.4 Impact of Container Compensation

We evaluated the system without the container compensation model to assess its im-

pact. As shown in Fig. 4.9, accuracy decreases significantly without compensation,

particularly under improper storage conditions. For industrial alcohol adulteration

detection, accuracy drops from 95.35% to 93.68%. This decline highlights the impor-
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Figure 4.9: Accuracy without container compensation for adulteration under normal

and improper storage conditions.

tance of accounting for container-induced distortions that can mask liquid acoustic

signatures. The compensation model effectively mitigates these effects, enhancing

reliability across various conditions and container types.

4.6.5 Effect of Microphone and Speaker Arrangement

We compared single microphone versus five-microphone array configurations to evalu-

ate hardware impact on detection accuracy. Fig. 4.10 shows the five-microphone array

achieves significantly higher accuracy across all tasks, with industrial alcohol adulter-

ation detection reaching 96.67% versus 85.75% with a single microphone under normal

conditions. This improvement demonstrates how multiple spatially distributed mi-

crophones enhance system robustness by averaging out noise and providing better

coverage of the acoustic field around the container.
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Table 4.3: Impact of GAN on Detection Accuracy

Task With GAN (%) Only AATC (%)

Year (W, Normal) 97.59 92.75

Year (W, Imp.) 96.82 89.75

Brand (Normal) 96.98 93.60

Brand (Imp.) 96.62 88.20

Adulteration (Normal) 98.04 94.30

Adulteration (Imp.) 97.71 91.50

4.6.6 Ablation Study on GAN’s Impact

An ablation study was performed to compare LiquidAuth’s performance with and

without GAN integration. We focused on three main tasks: year classification, brand

classification, and adulteration detection, evaluated under normal and improper stor-

age conditions. Table 4.3 shows that the system consistently performs better with

GAN, particularly in fine-grained classification tasks like year verification and under

improper storage conditions. For instance, wine year verification accuracy increases

from 89.75% to 96.82% with GAN under improper conditions, and adulteration de-

tection improves from 91.50% to 97.71% under improper conditions, demonstrating

the GAN’s ability to manage environmental variations and subtle differences in liquid

composition.

4.6.7 Comparison with Existing Methods

Compared to existing liquid identification methods (92%-97% accuracy), LiquidAuth

demonstrates superior performance. FG-LiquID [70] achieves 97% accuracy using

60GHz millimeter-wave radar but may experience performance degradation with con-

tainer variations. Similarly, MmLiquid [116] reports 97.6% accuracy but requires
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specialized hardware and complex setups. RFID-based methods like RF-EATS [39]

and UWB-based LiquID [48] offer non-invasive detection but show limited accuracy

in fine-grained authentication. In contrast, LiquidAuth consistently achieves 98.25%

accuracy for wine adulteration detection, even under improper storage conditions,

attributable to its advanced container compensation model and cGAN integration,

as summarized in Table 4.4.

Table 4.4: Comparison of Liquid Identification Methods

Method Accuracy Characteristics

FG-LiquID [70] 97% Accuracy may drop with distance and

container material variations

MmLiquid [116] 97.6% Requires specialized hardware and

complex setup

RF-EATS [39] 90% Low accuracy in fine-grained liquid

adulteration scenarios

LiquID [48] 94% Sensitive to container interference and

requires complex setups

LiquidAuth (Proposed) 98.25% Robust in diverse environmental and

storage conditions

4.7 Related Work

Recent research has explored various techniques for liquid quality detection, includ-

ing chemical, chromatographic, QET, surface tension-based, RF signal-based, and

acoustic methods. Chemical and chromatographic techniques like GC-MS and HPLC

detect contaminants in liquids such as water and milk but require bulky equipment

and direct contact with the liquid [33, 113, 46, 9, 69, 50, 115]. QET methods mea-

sure dielectric properties to detect flammable liquids but struggle with distinguishing
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real from fake liquid foods [29, 78, 101, 77]. Surface tension-based techniques, using

tensiometers or cameras, identify liquids by measuring surface tension [109, 135, 47],

such as Capcam [135] and Vi-Liquid [47], which use smartphone cameras and vibra-

tion motors for viscosity estimation. These methods require direct contact and bulky

equipment, making them impractical for sealed products. RF signal-based techniques

analyze dielectric properties using RFID and UWB radar to identify liquids without

opening containers [39, 49, 27, 41, 128, 117], such as FG-LiquID [70] and RF-EATS

[39]. Despite not needing direct contact, these methods require non-commercial equip-

ment. Acoustic techniques analyzed sound wave interactions for non-contact detec-

tion [105, 118, 133], with systems like Akte-Liquid [106] and HearLiquid [133] using

low-cost microphones and speakers to identify liquid types and detect authenticity.

However, Akte-Liquid mainly focuses on open-bottle scenarios, limiting its applica-

bility to sealed commercial products. In contrast, LiquidAuth employs a non-contact

method providing detailed molecular characteristics without opening the container,

ensuring accurate type and authenticity detection.

4.8 Discussion

In practical applications, LiquidAuth faces several implementation challenges that

require further development. First, hardware miniaturization presents a significant

hurdle, as the current speaker and microphone array configuration is too bulky for

small-volume applications like pharmaceutical authentication. This miniaturization

must be achieved without compromising detection accuracy. Second, the computa-

tional overhead of cGAN-based training is prohibitively high for direct deployment on

embedded devices. To address this, our current design leverages cloud-based training

and model optimization, with the trained lightweight models subsequently deployed

on edge devices. This strategy effectively avoids real-time computational bottlenecks

while ensuring practical usability. Third, the system’s reliance on extensive sample

102



4.9. Conclusion

collection for database building creates operational inefficiencies. However, in qual-

ity inspection scenarios such as food and pharmaceutical manufacturing, industrial

processes naturally provide stable and abundant samples, which can substantially

mitigate this limitation. Finally, while our alcoholic beverage case study demon-

strates the system’s effectiveness, expanding to pharmaceutical and industrial solu-

tions would enhance commercial viability. Future research should explore ultrasound

technology, which offers superior resolution and penetration for smaller containers,

potentially improving both system compactness and detection precision.

4.9 Conclusion

In this paper, we introduced LiquidAuth, a novel system for reliable and accurate

liquid authentication using GAN-enhanced acoustic-to-mass-spectrum mapping. By

extracting the Acoustic Absorption and Transmission Curve (AATC) from acoustic

signals transmitted through the liquid, our method effectively differentiates between

liquids based on their unique molecular compositions. We implemented advanced

signal processing techniques to mitigate hardware diversity and positional variations

in AATC extraction, developed a container compensation model to reduce the influ-

ence of container materials and shapes, and used a Conditional GAN to map AATC

features to mass spectra, bridging macroscopic acoustic properties and microscopic

molecular information for precise liquid classification. Experiments on various alco-

holic beverages showed that LiquidAuth achieves high accuracy, ranging from 98.47%

to 99.50%, in detecting adulteration, verifying brands, and identifying production

years. These results confirm the effectiveness of our approach, paving the way for

future research in non-invasive liquid authentication methods.
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Figure 4.10: Accuracy comparison between single microphone and five-microphone

array configurations.
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Robust mmWave Radar Sensing

via PSLR-Adaptive Windowing

and Noise-Aware GED-MUSIC
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Abstract

Robust millimeter-wave (mmWave) radar sensing is crucial for emerging applica-

tions in autonomous vehicles, gesture recognition, and indoor human monitoring,

requiring consistent and reliable performance across diverse operational conditions.

Traditional radar processing techniques face three major limitations in real-world en-

vironments. First, conventional methods employing Fast Fourier Transform (FFT)

with fixed window functions struggle with the inherent trade-off between main-lobe

width and sidelobe suppression, leading to unstable performance in multi-target or

low SNR scenarios. Second, traditional spectral estimation methods typically assume

spatially white noise, while actual systems contain spatially correlated noise, hardware

non-idealities, and calibration errors, causing severe degradation in angle estimation

accuracy. Finally, conventional Doppler processing relies on fixed range gates, unable

to adapt to target scattering characteristics that change over time or handle range

ambiguities in multi-target scenarios. To address these challenges, this paper pro-

poses an integrated framework for robust mmWave radar sensing. We first develop a

PSLR-based adaptive windowing mechanism that dynamically optimizes Kaiser win-

dow parameters according to real-time signal characteristics, achieving up to 53.8%

lower range estimation error compared to conventional fixed windowing. To enable

real-time implementation, we design a lightweight neural network that reduces compu-

tational overhead by 95.8% while maintaining comparable performance. To overcome

the limitations of conventional spectral estimation methods, we implement a noise-

aware GED-MUSIC algorithm that explicitly incorporates the noise covariance matrix
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through Generalized Eigen-Decomposition. This approach provides 55.8% lower an-

gular error compared to conventional MUSIC and maintains over 98% detection recall

by effectively separating signal and noise subspaces under real-world conditions. The

algorithm includes an iterative refinement process that further enhances robustness

against calibration errors and antenna mutual coupling effects. We further incor-

porate a spatiotemporal joint adaptive Doppler velocity estimation framework that

combines adaptive range bin selection with temporal continuity constraints. By dy-

namically selecting optimal range bins based on both current measurements and his-

torical tracking information, our method reduces velocity estimation error by 38.1%

compared to fixed-window approaches, ensuring consistent performance even when

target scattering characteristics change over time. Experimental results using the

public Raw ADC Radar Dataset for Automotive Object Detection demonstrate that

our integrated framework significantly outperforms traditional methods across diverse

driving environments, target distributions, and signal conditions. Through its com-

plementary techniques forming a cohesive processing pipeline, our approach provides

consistent, reliable mmWave radar sensing while remaining computationally feasible

for real-time embedded implementation.

5.1 Introduction

Radar sensing technology has evolved significantly, transitioning from traditional

long-range surveillance applications to emerging high-resolution sensing scenarios in-

cluding autonomous vehicles, gesture recognition, and indoor human activity monitor-

ing [124, 104]. These advanced applications demand unprecedented levels of sensing

precision, with millimeter-level spatial resolution and fine angular discrimination ca-

pabilities. However, achieving such high-resolution performance faces fundamental

challenges inherent to radar signal processing, particularly in environments with mul-

tiple targets, varying signal-to-noise ratios (SNR), and hardware imperfections [10].
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Conventional radar signal processing relies heavily on Fast Fourier Transform (FFT)

techniques for range and angle estimation. While computationally efficient, these ap-

proaches suffer from the well-known Rayleigh resolution limit, struggle with sidelobe

interference in multi-target scenarios, and exhibit degraded performance under low

SNR conditions [58]. The fixed trade-off between main-lobe width and sidelobe sup-

pression when using traditional window functions (Hanning, Hamming, etc.) further

constrains the achievable resolution, particularly in dynamic environments where tar-

get distributions and noise characteristics vary significantly [56]. These limitations

become especially pronounced in applications requiring millimeter-level precision and

fine angular discrimination, such as gesture recognition, vital sign monitoring, and

close-proximity automotive radar [122, 144].

Recent research on enhancing the robustness of mmWave radar can be categorized

into three main directions: signal processing optimization, hardware calibration, and

environmental adaptation. Signal processing optimization methods focus on improv-

ing algorithms to reduce spectral leakage and enhance target resolution, such as vari-

ous window function designs and high-resolution spectral estimation techniques [22].

Hardware calibration techniques address radar front-end non-idealities through sys-

tem identification and compensation methods, including correction of receiver mis-

matches and mutual coupling effects [67, 76, 88]. Environmental adaptation methods

dynamically adjust radar parameters based on operational conditions, such as adjust-

ing detection thresholds according to noise levels or modifying processing strategies

based on target characteristics [125, 18, 42]. Although these directions have each

made progress, they mostly focus on improvements in single aspects, lacking compre-

hensive solutions to address the multidimensional challenges faced by mmWave radar

in practical deployments.

Despite these significant research advances, achieving robust mmWave radar sensing

in complex real-world environments still faces three key challenges. First, the param-

eter optimization problem in window function design—traditional window functions
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use fixed parameters, unable to dynamically adjust the trade-off between main lobe

width and sidelobe suppression based on real-time signal characteristics, resulting

in unstable performance in multi-target or low SNR scenarios [22]. Second, the in-

sufficient noise modeling problem—traditional spectral estimation methods typically

assume spatially white noise, while actual systems contain spatially correlated noise,

hardware non-idealities, and calibration errors, leading to severe degradation in angle

estimation accuracy [67, 76]. Third, the time-varying adaptation problem in Doppler

processing—conventional velocity estimation relies on fixed range gates, unable to

handle target scattering characteristics that change over time or range ambiguities in

multi-target scenarios [42, 18]. These challenges indicate the need for an integrated

approach that combines adaptive window design, noise-aware angle estimation, and

spatiotemporal joint Doppler processing to achieve robust and reliable mmWave radar

sensing in practical environments.

In this paper, we propose a novel integrated framework for robust mmWave radar

sensing that combines adaptive windowing with noise-aware spectral estimation tech-

niques, as illustrated in Figure 5.1. Our framework introduces three key innovations

to enhance sensing robustness across diverse operational conditions. First, we develop

a PSLR-based adaptive windowing mechanism that dynamically optimizes the

Kaiser window parameter using Peak-to-Sidelobe Ratio optimization, providing an op-

timal balance between target detectability and interference suppression based on real-

time signal characteristics. Second, we implement a noise-aware GED-MUSIC al-

gorithm that explicitly incorporates a noise covariance model through Generalized

Eigen-Decomposition, making our approach fundamentally resilient to spatially cor-

related noise, non-uniform receiver characteristics, and hardware calibration errors.

Third, we incorporate a spatiotemporal joint adaptive Doppler velocity esti-

mation framework that addresses limitations of traditional fixed bin-based methods

through adaptive range bin selection and temporal continuity constraints. As shown

in our system architecture, these complementary techniques form a cohesive process-

109



Chapter 5. Robust mmWave Radar Sensing via PSLR-Adaptive Windowing and
Noise-Aware GED-MUSIC

Robust mmWave Radar Sensing Framework

Raw Radar Data

Stage 1

PSLR-based

Adaptive Windowing

• Kaiser window optimization

• Dynamic parameter tuning

• DNN acceleration

• Multi-target handling

Stage 2

Noise-aware

GED-MUSIC Algorithm

• Noise covariance modeling

• Generalized Eigen-
Decomposition

• Iterative refinement

Stage 3

Spatiotemporal

Doppler Estimation

• Adaptive range
bin selection

• Temporal continuity

• α-β filtering

Addresses Challenge 1:

Parameter optimization in
window function design

Addresses Challenge 2:

Insufficient noise modeling
in spectral estimation

Addresses Challenge 3:

Time-varying adaptation
in Doppler processing

53.8% lower range error 55.8% lower angular error 38.1% lower velocity error

Figure 5.1: Overview of the proposed robust mmWave radar sensing framework. The

system processes raw radar data through three key stages: (1) PSLR-based adaptive

windowing with DNN acceleration, (2) noise-aware GED-MUSIC algorithm for robust

angle estimation, and (3) spatiotemporal joint adaptive Doppler velocity estimation.

Each stage addresses specific challenges in robust mmWave sensing while maintaining

computational efficiency for real-time implementation.

ing pipeline where each stage of processing builds upon the previous step, ensuring

that robustness against noise, interference, and hardware imperfections is systemati-

cally addressed. These innovations enable our system to provide consistent, reliable

mmWave radar sensing that maintains performance across varying signal environ-

ments and target distributions, while remaining computationally feasible for real-time

embedded implementation.

To address the challenge of maintaining consistent performance across varying signal

conditions, our first key innovation is a PSLR-based adaptive windowing mechanism.

This approach dynamically optimizes window parameters in response to real-time

signal characteristics, effectively balancing target detectability and interference sup-

110



5.1. Introduction

pression. By continuously adapting to changing environments, our method ensures

robust performance across varying SNR levels and target distributions. The window

optimization process is accelerated through a lightweight neural network, enabling

real-time adaptation even on resource-constrained embedded platforms without com-

promising performance.

To overcome the fundamental fragility of conventional spectral estimation methods

in practical mmWave systems, our second core technology is a noise-aware GED-

MUSIC algorithm. By explicitly incorporating the noise covariance matrix into the

eigendecomposition process, this approach enables reliable angle estimation even in

the presence of hardware non-idealities and spatially correlated noise. The method

effectively separates signal and noise subspaces under real-world conditions, main-

taining consistent performance where conventional techniques fail. Our approach

also includes an iterative refinement process that further enhances robustness against

calibration errors and antenna mutual coupling effects.

To address the inherent instability of conventional Doppler processing in changing

environments, our third major innovation is a spatiotemporal joint adaptive Doppler

velocity estimation framework. This approach combines spatial information with

temporal continuity constraints to maintain reliable velocity measurements across

varying operational conditions. By dynamically selecting optimal range bins based on

both current measurements and historical tracking information, our method achieves

consistent performance even when target scattering characteristics change over time.

The framework’s adaptive nature ensures reliable operation across diverse automotive

scenarios, from highway driving to complex urban environments with multiple moving

objects.

Our contributions in this paper can be summarized as follows:

1. A PSLR-based adaptive windowing mechanism that dynamically optimizes win-

dow parameters according to real-time signal characteristics, achieving up to
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53.8% lower range estimation error compared to conventional fixed windowing.

2. A noise-aware GED-MUSIC algorithm that explicitly incorporates the noise co-

variance matrix, providing 55.8% lower angular error compared to conventional

MUSIC and maintaining over 98% detection recall.

3. A spatiotemporal joint adaptive Doppler velocity estimation framework that

combines adaptive range bin selection with temporal continuity constraints,

reducing velocity estimation error by 38.1% compared to fixed-window ap-

proaches.

The remainder of this paper is organized as follows: Section II establishes the fun-

damental principles of FMCW mmWave radar and formulates the mathematical

problem of robust radar sensing in the presence of practical constraints. Section

III presents our methodology in detail, describing the PSLR-based adaptive window

design, noise-aware GED-MUSIC angle estimation, and spatiotemporal joint adap-

tive Doppler velocity estimation. Section IV details our experimental setup using

the public Raw ADC Radar Dataset for Automotive Object Detection and presents

comprehensive evaluation results, including performance comparisons with existing

methods across various signal environments and target scenarios. Finally, Section V

concludes the paper with a discussion of practical applications and future research

directions for advancing robust mmWave radar sensing technology in real-world en-

vironments.

5.2 Preliminaries

This section establishes the theoretical foundations of millimeter-wave Frequency-

Modulated Continuous Wave (FMCW) radar, which serve as the basis for our robust

sensing framework. We begin by introducing the fundamental FMCW signal model,

followed by an explanation of the joint range-angle processing pipeline. We then
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examine the characteristics of window functions and their inherent trade-offs, which

directly impact sensing performance. Finally, we discuss system parameters, MIMO

configuration, and resolution limitations that inform our approach to robust radar

sensing.

5.2.1 FMCW Radar Signal Model

FMCW radar operates on the principle of frequency modulation, where a transmitter

emits a chirp signal with linearly increasing frequency over time. When this signal

encounters a target, it reflects back to the receiver with a time delay proportional to

the target’s distance. The transmitted signal can be mathematically expressed as:

stx(t) = exp

{
j2π

(
fct +

1

2
αt2
)}

, (5.1)

where fc represents the carrier frequency, and α = B/Tchirp denotes the frequency

slope (or chirp rate), with B being the bandwidth and Tchirp the duration of each

chirp.

When this signal encounters a target at range R, the electromagnetic wave travels a

round-trip distance of 2R, resulting in a time delay given by:

τ =
2R

c
, (5.2)

where c is the speed of light. This delay creates a frequency difference between

the transmitted and received signals, known as the beat frequency, which can be

approximated as:

fbeat ≈ ατ. (5.3)

This linear relationship between beat frequency and time delay forms the foundation

of FMCW radar’s range estimation capability. By applying Fast Fourier Transform

(FFT) to the beat signal, we obtain a frequency spectrum where each peak corre-

sponds to a target at a specific range. This transformation effectively converts time-
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delay information into the frequency domain, enabling precise distance measurement

without the need for high-speed sampling hardware.

5.2.2 Range-Angle Processing

Modern automotive mmWave radar systems utilize multiple antennas to extract both

range and angular information through a two-stage processing approach. In the first

stage, the time-domain samples from each chirp undergo FFT processing to generate

range profiles. For a discrete signal s(n) with N samples, the range spectrum is

computed as:

Srange(k) =
N−1∑
n=0

s(n) · e−j2πnk/N . (5.4)

This operation transforms the time-domain beat signal into the frequency domain,

where each frequency bin corresponds to a specific range value. The resulting range

profile reveals the presence of targets at different distances from the radar.

Once range information is extracted, the second stage leverages spatial diversity across

multiple receiving antennas to determine target directions. For a system with M

antennas or virtual channels, the signal received at the m-th antenna from a target

at angle θ can be modeled as:

xm = s · ej2π(m−1)d sin θ/λ, (5.5)

where d represents the antenna spacing and λ is the wavelength of the transmitted

signal. The phase difference between adjacent antennas depends on the signal’s arrival

angle, creating a unique spatial signature for each direction.

By applying another FFT across these spatial channels (often called Angle-FFT), the

system can distinguish signals arriving from different directions, thereby estimating

the angle of arrival. This two-dimensional processing approach enables mmWave

radar to generate a comprehensive range-angle map, localizing multiple targets in

two-dimensional space simultaneously.
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5.2.3 Window Function Characteristics and Resolution Lim-

its

Signal windowing plays a crucial role in radar processing, addressing a fundamental

limitation of FFT analysis. When applying FFT to a finite-length signal, the algo-

rithm implicitly assumes periodic extension of the data. However, real radar signals

typically exhibit discontinuities at their boundaries, leading to spectral leakage that

manifests as sidelobes in the frequency domain. These sidelobes can mask weaker

targets or create false detections, significantly degrading radar performance.

To mitigate this effect, a window function w(n) is applied to the time-domain signal

s(n) before FFT processing:

sw(n) = w(n) · s(n), n = 0, 1, . . . , N − 1. (5.6)

Window functions gradually taper the signal amplitude toward zero at the boundaries,

reducing discontinuities and consequently suppressing spectral leakage. However, this

improvement comes with an inherent trade-off: window functions that effectively

reduce sidelobes also widen the mainlobe, thereby decreasing frequency resolution.

Conversely, windows that maintain narrow mainlobes for better resolution typically

exhibit higher sidelobes, potentially masking nearby weaker targets.

The Kaiser window offers a flexible approach to navigating this trade-off through a

single parameter β that controls window shape:

w(n) =

I0

(
β
√

1−
(

2n
N−1
− 1
)2)

I0(β)
, (5.7)

where I0(·) is the zeroth-order modified Bessel function of the first kind. When

β = 0, the Kaiser window becomes equivalent to a rectangular window, providing the

narrowest mainlobe but poorest sidelobe suppression. As β increases, the window

transitions more smoothly at the edges, improving sidelobe suppression at the cost

of mainlobe width.
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This fundamental trade-off highlights a key limitation of traditional fixed-parameter

window functions: they cannot dynamically adapt to changing signal environments

or varying target scenarios. A window function optimized for detecting isolated tar-

gets may perform poorly in multi-target scenarios with closely spaced objects, while

one designed for multi-target environments might sacrifice sensitivity for isolated tar-

gets. This limitation motivates our development of adaptive windowing techniques

presented in subsequent sections.

5.2.4 Key Parameters and MIMO Configuration

Our radar system employs a Time-Division Multiplexing Multiple-Input Multiple-

Output (TDM-MIMO) architecture with 2 transmit (Tx) and 4 receive (Rx) antennas,

creating an effective virtual array of 8 channels. This MIMO configuration signifi-

cantly extends the radar’s effective aperture without requiring 8 physical receiving

channels, thereby enhancing angular resolution while maintaining hardware efficiency.

The antenna elements are typically spaced at half-wavelength intervals:

d =
λ

2
,

where λ represents the wavelength corresponding to the carrier frequency. This spac-

ing prevents spatial aliasing (grating lobes) while maximizing the virtual array’s aper-

ture, ensuring optimal angle estimation performance.

For targets in the far field, the response of this uniform linear array (ULA) to a signal

arriving from angle θ is characterized by the steering vector:

aULA(θ) =
[
1, e−j 2π d sin θ

λ , e−j 2π 2d sin θ
λ , . . . , e−j

2π (NRx−1)d sin θ

λ

]T
.

This vector encapsulates the phase progression across virtual channels due to the

geometric path difference of the incident signal. By computing the inner product

between this steering vector and the received signal vector, the system essentially
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performs spatial filtering, enhancing signals from the direction of interest while at-

tenuating others.

The angular resolution of the radar system—defined as the minimum angular separa-

tion at which two targets can be distinguished—depends on several factors according

to:

θres =
λ

NRx d cos θ
.

For a target directly ahead of the radar (θ = 0◦), with 8 virtual receivers and half-

wavelength spacing, the theoretical angular resolution is approximately 15◦. This

formula illustrates how angular resolution degrades as targets move away from bore-

sight, a physical limitation that affects all phased array systems.

When dealing with moving targets, the system must account for Doppler-induced

phase shifts. During the time between chirps, a target moving with radial velocity v

introduces a phase shift of:

∆ϕv =
4π v Tc

λ
,

where Tc is the chirp period. This phase progression can affect angle estimation

accuracy, particularly for fast-moving targets. To compensate, our system applies

appropriate phase corrections based on estimated velocity, ensuring consistent angle

estimation regardless of target motion.

The overall performance of our radar system is characterized by several key metrics

derived from its operating parameters. The distance resolution—the minimum range

separation required to distinguish two targets—is given by:

Rres =
c0
2B

,

where c0 is the speed of light and B is the sweep bandwidth. With our bandwidth of

670 MHz, the system achieves a range resolution of approximately 0.23 meters.

Similarly, the velocity resolution, which determines the smallest distinguishable dif-
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ference in target speeds, is calculated as:

Vres =
λ

2Nc Tc

,

where Nc represents the number of chirps per frame. With 255 chirps per frame, our

system achieves a velocity resolution of about 0.065 m/s, enabling precise tracking of

even slow-moving objects.

The system’s maximum unambiguous range, limited by the sampling frequency fs

and the sweep slope S, is given by:

Rmax =
fs c0
2S

,

yielding approximately 28.5 meters for our configuration. Similarly, the maximum

unambiguous velocity that can be measured without aliasing is:

Vmax =
λ

4Tc

,

equating to about 8.3 m/s in our setup.

Our radar system operates at a carrier frequency of 77 GHz with a frame rate of 30

FPS. Each frame consists of 255 chirps, with each chirp comprising 128 samples. The

sweep bandwidth of 670 MHz and sweep slope of 21 MHz/µs are carefully chosen to

balance range resolution against maximum range coverage. These parameters and

configuration details inform the design of our robust sensing algorithms, providing

context for the performance enhancements and adaptations presented in subsequent

sections. By understanding these fundamental limitations and trade-offs, we can

better appreciate the significance of the adaptive processing techniques that follow.

5.3 System Overview

This section introduces our high-resolution radar signal processing workflow. Figure

5.2 illustrates the complete data flow from raw FMCW radar data acquisition to final
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target parameter estimation. The algorithm is optimized for real-time, high-precision

detection of multiple targets on practical radar systems such as the TI AWR1843

77GHz radar. Our processing pipeline consists of the following key stages:

High-Resolution Radar Signal Processing Workflow

FMCW Radar
Data Acquisition

TI AWR1843 77GHz radar
(128×255×4×2 data matrix)

Adaptive Window
Design

PSLR-based optimization
Deep learning prediction

Range
Transformation
Fast Fourier Transform

Range profile generation

Angular
Super-Resolution
GED-based Robust MUSIC

Learning-based DOA refinement

Doppler Velocity
Estimation

Spatiotemporal joint adaptive
α-β filtering bin selection

Target Parameters
Range, Angle, Velocity

Figure 5.2: Overall workflow of high-resolution radar signal processing: starting from

raw ADC data acquisition, followed by adaptive windowing, Range FFT, super-

resolution processing in the angular domain, and final peak detection and parameter

estimation.

• FMCW Radar Data Acquisition: Initially, the system captures raw data

using the TI AWR1843 77GHz FMCW radar. This data comprises multiple

linearly frequency-modulated chirps, forming a multi-dimensional data matrix

(128 samples, 255 chirps, 4 receivers, 2 transmitters). The multi-channel an-

tenna configuration ensures sufficient angular information is obtained, estab-

lishing the foundation for subsequent high-precision processing. We evaluate

our method using the public Raw ADC Radar Dataset for Automotive

Object Detection, which provides synchronized radar and vision data from

real-world driving scenes including single-target and multi-target scenarios.

• Adaptive Window Design: The system applies an adaptive window func-

tion based on Peak-to-Sidelobe Ratio (PSLR) optimization to the acquired time-
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domain signals. Unlike traditional signal processing methods that use fixed win-

dow functions, our approach dynamically adjusts Kaiser window parameter β

according to signal characteristics. For multi-target scenarios, we implement an

improved multi-mainlobe identification method that can simultaneously iden-

tify up to 3 targets, assigning independent mainlobe regions to each target. To

achieve real-time processing, we train a lightweight deep learning module to

predict optimal window parameters directly from signal features, significantly

accelerating the overall processing pipeline while maintaining adaptive perfor-

mance.

• Range Transformation: After adaptive windowing, the system performs Fast

Fourier Transform (FFT) on each windowed signal to convert time-domain data

into a range profile. In FMCW radar, this transformation directly corresponds

to the range domain, enabling the system to determine distance information for

each target. Due to the adaptive windowing in the previous stage, the resulting

range profile features minimal spectral leakage and precise range bin resolution,

enhancing the system’s ability to discriminate between closely spaced targets.

• Angular Super-Resolution Processing: The system then addresses the

more challenging task of angle estimation. We propose a Generalized Eigen-

Decomposition (GED)-based Robust MUSIC algorithm that explicitly incorpo-

rates a noise covariance model. This makes our approach resilient to spatially

correlated noise, non-uniform receiver characteristics, and hardware calibration

errors. We further enhance this with a learning-based DOA refinement module

that transforms the GMUSIC pseudo-spectrum into a refined spectrum with im-

proved peak structure, particularly valuable in challenging low-SNR or densely

spaced multi-target conditions.

• Spatiotemporal Joint Adaptive Doppler Velocity Estimation: For mov-

ing target analysis, we implement a comprehensive framework that addresses
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limitations of traditional fixed bin-based methods. Our approach adaptively

selects optimal range bins using both signal power and temporal continuity con-

straints. We employ an α-β filtering scheme to predict target locations across

frames and enhance frequency estimation through adaptive Kaiser windowing

and sub-bin peak interpolation. For multi-target scenarios, we extend this with

angular consistency constraints and trajectory management techniques to main-

tain strong adaptability and stability in dynamic multi-target environments.

Through this progressive signal processing architecture, our system effectively ad-

dresses the resolution limitations, multi-target interference, and environmental adapt-

ability challenges faced by traditional radar while maintaining real-time performance,

providing a solid foundation for high-precision target detection and tracking.

5.4 Methodology

Achieving high-resolution radar sensing requires a carefully designed signal processing

pipeline that optimally extracts information from raw radar data while maintaining

computational efficiency. The proposed framework follows a structured methodology

that aligns with the inherent signal flow of a frequency-modulated continuous wave

(FMCW) radar system. The processing pipeline is designed to enhance resolution at

both the range and angle estimation stages while ensuring robustness to noise and

hardware imperfections.

The methodology begins with an adaptive windowing mechanism applied to the time-

domain raw data before the range transformation. This step is critical because con-

ventional fixed-windowing approaches introduce a trade-off between main-lobe width

and sidelobe suppression, which degrades resolution under varying signal-to-noise

ratio (SNR) and target distributions. To address this, we propose an adaptive win-

dow function method based on Peak-to-Sidelobe Ratio (PSLR) optimization, which
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adaptively adjusts Kaiser window parameters according to the specific characteristics

of each radar signal frame. For multi-target scenarios, we implement an improved

multi-mainlobe identification method that can simultaneously identify up to 3 tar-

gets. To achieve real-time processing, we further accelerate this process by training

a lightweight deep learning module to predict optimal window parameters directly

from signal features.

Following adaptive windowing, a range transformation is performed using a Fast

Fourier Transform (FFT). The role of this step is to convert time-domain data into

a range profile by identifying frequency shifts corresponding to different distances.

While the FFT itself is computationally efficient, its accuracy heavily depends on the

preceding windowing step. Our adaptive window approach ensures minimal spectral

leakage and precise range bin resolution, providing a solid foundation for subsequent

angle estimation.

To achieve super-resolution angle estimation, we build upon the FFT framework and

propose a Generalized Eigen-Decomposition (GED)-based Robust MUSIC algorithm

that explicitly incorporates a noise covariance model. This makes our approach re-

silient to spatially correlated noise, non-uniform receiver characteristics, and hardware

calibration errors. We further enhance this with a learning-based DOA refinement

module that transforms the GMUSIC pseudo-spectrum into a refined spectrum with

improved peak structure, particularly valuable in challenging low-SNR or densely

spaced multi-target conditions.

For moving target analysis, we implement a spatiotemporal joint adaptive Doppler

velocity estimation framework that addresses limitations of traditional fixed bin-based

methods. Our approach adaptively selects optimal range bins using both signal power

and temporal continuity constraints. We employ an α-β filtering scheme to predict

target locations across frames and enhance frequency estimation through adaptive

Kaiser windowing and sub-bin peak interpolation. For multi-target scenarios, we

extend this with angular consistency constraints and trajectory management tech-

122



5.4. Methodology

niques.

By structuring the methodology in this manner, each stage of processing builds upon

the previous step, ensuring that noise reduction, resolution enhancement, and compu-

tational efficiency are systematically addressed. The integration of signal processing

techniques with learning-based methods results in a radar processing framework that

outperforms traditional approaches in both accuracy and robustness.

To evaluate our method, we use the public Raw ADC Radar Dataset for Automotive

Object Detection, which provides synchronized radar and vision data collected from

real-world driving scenes using a TI AWR1843 77GHz radar. The dataset includes

over 19,800 frames with both single-target and multi-target scenarios, covering various

object types such as pedestrians, cars, cyclists, and trucks. Each frame contains raw

ADC data (128 samples, 255 chirps, 4 receivers, 2 transmitters), along with object

labels annotated with position and class.

5.4.1 Adaptive Window Design for Range FFT

In FMCW radar signal processing, enhancing range resolution while suppressing in-

terference from adjacent targets remains a fundamental and critical challenge. Tradi-

tional processing methods typically apply fixed window functions (such as Hamming,

Hanning, Blackman, etc.) to time-domain signals before performing Range FFT, re-

ducing sidelobe leakage that causes false peaks. However, while these fixed window

functions perform adequately under static or specific signal-to-noise ratio conditions,

they cannot dynamically adapt to changes in signal quality, target quantity, or in-

terference intensity in complex multi-target scenarios. This often results in overly

wide mainlobes or insufficient sidelobe suppression, affecting target resolution and

detection accuracy.
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PSLR-based Window Function Optimization

To overcome these limitations, we propose an adaptive window function method based

on Peak-to-Sidelobe Ratio (PSLR) optimization, which can adaptively adjust win-

dow function parameters according to the specific characteristics of each radar signal

frame, achieving optimal trade-offs in different scenarios. Specifically, we employ the

adjustable Kaiser window, whose shape is controlled by parameter β. Each signal

frame s(n) after windowing becomes:

sw(n) = w(n) · s(n) (5.8)

Subsequently, an N -point Fast Fourier Transform (FFT) is performed to obtain the

frequency domain signal:

Sw(k) =
N−1∑
n=0

sw(n) · e−j 2πnk
N (5.9)

The effect of the window function is directly reflected in the spectrum shape, particu-

larly in the trade-off between mainlobe width and sidelobe height, thereby influencing

the radar’s ability to detect weak targets and resolve multiple closely-spaced targets.

Before optimization, it is necessary to identify the mainlobe region containing the

main peak in the initial FFT spectrum. Experience and theory indicate that the

main peak of target echoes is generally located in the spectrum center (e.g., between

bins 80-160 in a 256-point FFT) rather than at the edges (e.g., 0 or 255), which are

often DC leakage or sidelobe false peaks. Therefore, we limit the mainlobe search

range to the central region to avoid interference.

For multi-target scenarios, we propose an improved multi-mainlobe identification

method. This method first searches for main peaks in a defined central spectral

region (typically the middle 1/2 of the total spectrum length) to avoid edge DC
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components and noise interference. Subsequently, potential target peak filtering is

performed based on an amplitude threshold relative to the maximum peak (typically

set at 30% of the maximum peak value). For each identified peak, we define its sur-

rounding ±3 frequency bins as the mainlobe region and ensure a minimum distance

(typically 5 bins) between different targets’ mainlobe regions to avoid overlap. This

method can simultaneously identify mainlobe regions for up to 3 targets, assigning in-

dependent mainlobe regions to each target, effectively solving the problem of mutual

interference in dense target environments.

After all mainlobe regions are determined, the sidelobe region is defined as all fre-

quency bins in the spectrum except for all mainlobe regions, namely:

Ωoff = {0, 1, ..., N − 1} \
M⋃
i=1

Ωi
main (5.10)

where M is the number of identified targets, and Ωi
main is the mainlobe region of the

i-th target. This partitioning method allows us to evaluate the mainlobe quality of

each target separately while considering the impact of all sidelobes on overall detection

performance. Compared to traditional single-target mainlobe identification methods,

this improvement significantly enhances detection accuracy in complex multi-target

environments, particularly suitable for dense target scenarios such as automotive

radar.

The mainlobe width of the Kaiser window has a linear relationship with its parameter

β, which can be estimated using the following formula:

Mainlobe width (FFT bins) ≈ 2× β × π

N
(5.11)

This provides a theoretical basis for setting an appropriate mainlobe region half-

width. Based on the expected β value range (typically between 0-20), we determined

a default mainlobe half-width of 3 frequency bins, which balances resolution and
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detection performance in multi-target scenarios.

In window function design, a common goal is to minimize overall sidelobe energy,

which, while indirectly enhancing detection capability, often results in wider main-

lobes and decreased resolution. In contrast, the Peak-to-Sidelobe Ratio (PSLR) more

intuitively reflects detection performance, expressed as:

PSLR =
max

k∈Ωmain

|Sw(k)|

max
k∈Ωoff

|Sw(k)|
(5.12)

The higher this value, the more prominent the main peak is relative to sidelobes,

facilitating target identification. However, the ”maximum” operator in this formula

makes it difficult to optimize, and its focus on single-point values while ignoring

overall energy distribution makes it sensitive to noise.

To address these issues, we designed a more stable and physically meaningful objective

function J(β) as follows:

J(β) = log

(∑
k∈Ωmain

|Sw(k; β)|2 + λ ·maxk∈Ωmain
|Sw(k; β)|2∑

k∈Ωoff
|Sw(k; β)|2 + ϵ

)
(5.13)

The design of this formula considers several key aspects for optimal window function

performance. The numerator part
∑

k∈Ωmain
|Sw(k; β)|2 represents the total energy in

the mainlobe region, encouraging signal concentration in the mainlobe rather than

dispersion to sidelobes. By adding λ · max |Sw(k)|2, we strengthen the main peak

preservation to ensure strong targets are not weakened. The denominator term rep-

resents total sidelobe energy, which should be minimized to ensure minimal interfer-

ence. Including ϵ (e.g., 10−6) prevents division by zero, ensuring numerical stability.

Finally, using a logarithmic function makes the objective function smoother, facili-

tating numerical optimization while preserving relative magnitudes. This objective

function effectively balances the conflicting relationships between mainlobe energy,

main peak strength, and sidelobe suppression, making the optimization process more
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Figure 5.3: PSLR comparison across multiple frames between fixed Kaiser window

settings and our optimized β approach.

stable and the results more valuable for practical detection applications.

In our optimized process, each signal frame adaptively finds the optimal β through this

objective function to achieve the window function effect most suitable for the current

scenario. Figure 5.3 presents our experimental results comparing the performance of

fixed Kaiser window parameters versus our adaptive approach in both single-target

and multi-target scenarios.

As evident from Figure 5.3, our method maintains high PSLR performance in both

scenarios, demonstrating superior adaptability in dynamic environments. In the

single-target case (Fig. 5.3a), the adaptive approach frequently achieves the best

performance across frames, particularly noticeable in frames 10-40 where signal con-

ditions appear to be challenging for fixed window functions. The optimized window

consistently outperforms the commonly used β = 3 setting and achieves gains of up

to 1.5 units in PSLR value during certain frames.

Even in the more challenging multi-target scenario (Fig. 5.3b), where traditional

fixed window functions struggle due to conflicting requirements from different tar-

gets, our method still manages to find optimal compromises. Here, the adaptive

approach demonstrates particular advantage when the fixed window parameters pro-
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Figure 5.4: Optimized Kaiser window parameter β across multiple frames.

duce inconsistent results (frames 15-30 and 65-80), where our method maintains more

stable performance despite the rapidly changing signal characteristics. Notably, the

no-window case (β = 0) consistently produces the poorest results in multi-target

scenarios, highlighting the critical importance of appropriate windowing.

The adaptation mechanism is further illustrated in Figure 5.4, which shows the frame-

wise evolution of the optimized β values in both scenarios.

Notably, we observe a higher average β value in the multi-target scenario (4.87,

Fig. 5.4b) compared to the single-target case (3.69, Fig. 5.4a). This suggests that

when multiple targets are present, the algorithm favors stronger sidelobe suppres-

sion (higher β) to minimize interference between adjacent targets, even at the cost of

slightly wider main lobes.

Our optimization algorithm for multi-target scenarios is presented in Algorithm 2.

The key enhancement in our multi-target adaptation is the identification of multiple

peaks and the handling of potentially overlapping main lobe regions. Rather than

optimizing for a single target’s PSLR, we consider the collective energy distribution

across all detected targets, enabling more balanced optimization.

The practical impact of our adaptive windowing approach is demonstrated in Figure

5.5, which shows the FFT spectrum comparisons for both multi-target and single-

target scenarios.
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Algorithm 2 PSLR-based Adaptive Kaiser Window Optimization for Multi-target

Scenarios
Input: Radar frames X∈CNs×Nf , mainlobe weight λ, init β0, max targets M , max iters Tmax, step

δ, tol tol

Output: Windowed signal Sw∈CNs×Nf for downstream FFT

1: for frame i = 1 to Nf do

2: β ← β0; x[n]← X[:, i]

▷ Objective combines mainlobe energy and peak emphasis while suppressing sidelobes

3: w[n;β] = Kaiser(n, β); S[k] = FFT(x[n] · w[n;β])

4: Detect up to M spectral peaks {kj}Mj=1 (non-maximum suppression over |S[k]|)

▷ Mainlobe width is approximated from Kaiser parameter

5: W ≈ 2πβ

Ns
(samples)

6: Ωj
main = {k : |k − kj | ≤W/2}; Ωmain = ∪Mj=1Ω

j
main

7: Ω = {0, . . . , Ns − 1}; Ωoff = Ω \ Ωmain

▷ PSLR-like objective with peak reinforcement (second term)

8: J(β) = log

∑
k∈Ωmain

|S[k]|2 + λ
∑M

j=1 max
k∈Ω

j
main

|S[k]|2∑
k∈Ωoff

|S[k]|2+ϵ

9: for t = 1 to Tmax do

10: Central differences for 1D Newton update

11: g =
J(β + δ)− J(β − δ)

2δ
; h =

J(β + δ)− 2J(β) + J(β − δ)

δ2

12: if |h| ≥ 10−6 then

13: β ← β − g

h
▷ Newton step for fast convergence

14: else

15: β ← β − 0.1 g ▷ Fallback: gradient step when Hessian is ill-conditioned

16: end if

17: β ← clip(β, 0.1, 25) ▷ Practical bounds to avoid overly narrow/wide lobes

18: if |g| < tol then

19: break ▷ Convergence by small gradient

20: end if

21: end for

22: w∗[n] = Kaiser(n, β); Sw[:, i] = x[n] · w∗[n]

23: end for

24: return Sw
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(a) Multi-target spectrum comparison
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Figure 5.5: FFT spectrum comparison.

In the multi-target scenario (Fig. 5.5a), we can clearly identify three distinct main

peaks corresponding to different targets. The CSV data from this scenario contained

12 objects with varying positions (px, py) and class types, and by analyzing the

mapping between px values and angle bins, we confirmed that the three main peaks

at bins 30, 45, and 70 correspond well with the expected angular distribution of these

targets. Our optimized window function (blue line, β = 2.79) effectively highlights

these distinct main peaks while suppressing interference between them. The colored

shaded areas show the identified main-lobe regions for each target. Interestingly, while

the no-window case (β = 0) appears to have stronger peak values in some bins, it

also shows significantly higher sidelobe levels throughout the spectrum, which would

lead to false detections in practical applications.

For the single-target case (Fig. 5.5b), our method selects a smaller β value (1.10),

prioritizing narrow main-lobe width to maximize resolution. This demonstrates the

versatility of our approach: in multi-target environments, it maintains excellent sepa-

ration between targets while reducing inter-target interference, while in single-target

cases, it preserves sharp main-lobe characteristics while minimizing sidelobe energy.

Although higher β values (such as β = 18) show numerically better PSLR values (-

13.14dB vs. our -9.60dB), they achieve this at the cost of significantly wider mainlobes

that would degrade range resolution in practice. Our method intelligently selects a
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compromise that balances these competing requirements.

Our PSLR-based adaptive window function optimization method successfully ad-

dresses the limitations of traditional fixed window functions, achieving dynamic adap-

tation to signal characteristics in various radar scenarios. Core innovations include

multi-target main-lobe identification, improved objective function design for collec-

tive optimization, and robust parameter optimization algorithms. Experimental re-

sults with real-world automotive radar data confirm that our method provides sig-

nificant performance improvements, particularly in challenging multi-target environ-

ments where traditional approaches struggle.

Real-Time Window Function Prediction Based on Deep Learning

To further reduce the computational burden of frame-wise optimization while pre-

serving its adaptivity, we design a lightweight deep learning module to predict the

optimal Kaiser window parameter β in real time. Specifically, we propose to learn

a direct mapping from frame-level radar signal features to the optimal window pa-

rameter β∗ obtained from the PSLR-based optimization process described previously.

By training a convolutional neural network (CNN) to approximate this mapping, we

eliminate the need for per-frame numerical optimization, significantly accelerating the

overall processing pipeline.

For each radar frame, a compact set of physically meaningful features is extracted to

serve as the input to the learning model. We use the estimated signal-to-noise ratio

(SNR), which is computed as the power ratio between signal and noise-dominated

regions in the FFT magnitude spectrum; the number of detected targets, derived

using an adaptive peak detection algorithm on the range profile; and the Peak-to-

Sidelobe Ratio (PSLR) value from the previous frame, which reflects the spectral

distribution and temporal structure. For the first frame of each radar sequence, where

no historical PSLR is available, a constant default value (e.g., 10 dB) is assigned to
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ensure input consistency.

The CNN architecture consists of two 1D convolutional layers with ReLU activa-

tions, followed by a fully connected output layer that regresses the optimal Kaiser

parameter. The model is trained by minimizing the mean squared error between the

predicted value β̂ and the reference β∗, which is computed for each frame using the

proposed PSLR-based optimization. Once trained, the network receives the feature

vector of a new radar frame and directly outputs a predicted parameter β̂, which is

then used to construct the Kaiser window and apply it to the raw signal, completing

the operation sw(n) = w(n; β̂) · s(n).

The training dataset includes both simulated and real radar data. Simulated data

cover a wide range of SNRs, target densities, and spatial configurations. In real

data experiments, we utilize the annotated CSV ground truth, which includes object

IDs, categories, center positions (px, py), and bounding dimensions, enabling accurate

estimation of target counts and validation of spectral peak positions. For all training

samples, the corresponding optimal β∗ is calculated offline using the PSLR-based

optimization and serves as the ground truth for supervised learning.

After training, the CNN achieves accurate parameter prediction with negligible run-

time overhead. The predicted window parameters yield spectral profiles with sidelobe

energy deviations within 2.6% of the optimized baseline, maintaining high PSLR val-

ues and consistent target detectability. In testing on unseen data, the model general-

izes robustly across various environments, demonstrating its suitability for real-time

adaptive window control in dynamic radar scenes. By combining the physical inter-

pretability of PSLR-driven design with the inference efficiency of deep learning, this

prediction module serves as a practical and scalable solution for real-time adaptive

windowing in high-resolution radar systems.
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5.4.2 Robust MUSIC Algorithm using Generalized Eigen-

Decomposition

In this section, we propose two methods to improve Direction of Arrival (DOA) es-

timation accuracy: first, we introduce a MUSIC algorithm enhancement based on

generalized eigendecomposition to address spatially correlated noise issues; subse-

quently, we present a learning-based DOA refinement approach to further improve

performance in low SNR environments. These two methods complement each other,

jointly forming a robust framework for high-precision target angle estimation.

Generalized Eigen-Decomposition for Spatially Correlated Noise

Building on the enhanced angular resolution achieved through the FFT framework,

we further address limitations of classical subspace-based methods by proposing a ro-

bust MUSIC (Multiple Signal Classification) algorithm resilient to spatially correlated

noise. Traditional MUSIC assumes spatially white noise with covariance Rn = σ2I,

a condition often violated in practical radar systems due to non-uniform receiver

characteristics, mutual coupling, or external interference. To mitigate this, we re-

formulate MUSIC using generalized eigen-decomposition (GED) that explicitly

incorporates the noise covariance matrix Rn, enabling optimal signal-noise subspace

separation in colored noise environments.

The foundation of our approach lies in solving the generalized eigenvalue problem:

Rxv = λRnv,

where Rx = E[xx†] is the sample covariance matrix of the received signal (comprising

target returns and noise), and Rn is the noise covariance matrix. This formulation is

equivalent to whitening the data via R−1
n and computing the eigenvectors of R−1

n Rx.

The resulting eigenvectors partition the observation space into orthogonal signal and

noise subspaces, even when Rn is non-diagonal. The noise covariance matrix Rn can
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(a) Single-target absolute error comparison
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Figure 5.6: Single-target DOA estimation performance.

be obtained through calibration or estimated during noise-only intervals by averaging

raw data devoid of target returns.

From the GED, the noise subspace eigenvectors Enoise are extracted, and the MUSIC

pseudo-spectrum is computed in the whitened domain as:

PGMUSIC(θ) =
1

a(θ)†R−1
n EnoiseE

†
noiseR

−1
n a(θ)

,

where a(θ) is the steering vector corresponding to angle θ. Peaks in PGMUSIC(θ)

indicate target angles, with the formulation inherently compensating for spatially

varying noise floors. This contrasts with standard MUSIC, which fails under colored

noise due to its implicit assumption of uniform noise variance.

The practical advantages of our approach are evident in Figure 5.6, which com-

pares GMUSIC against five conventional DOA estimation methods. As shown in

Figure 5.6a, GMUSIC consistently achieves lower absolute error across all frames in

a single-target scenario. While traditional Beamforming and Capon methods exhibit

significant error spikes under varying conditions, GMUSIC maintains superior stabil-

ity, particularly in frames where MUSIC and Root-MUSIC show notable deviations.

This enhanced performance stems from GMUSIC’s explicit handling of colored noise

through the generalized eigendecomposition framework.

Figure 5.6b further demonstrates GMUSIC’s spectral characteristics, where the algo-
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(a) GMUSIC spectral response for multiple

targets

(b) Multi-target average absolute error

Figure 5.7: Multi-target DOA estimation performance.

rithm achieves sub-degree precision with a spectral peak at 2.34° compared to ground

truth at 2.92°. Even under non-ideal noise conditions, GMUSIC produces a sharp

main lobe with effective sidelobe suppression, avoiding the spectral leakage commonly

observed with traditional approaches. The symmetrical peak structure indicates high

numerical stability in the subspace separation process, a critical advantage in practical

applications with spatially correlated noise.

For scenarios where Rn is unknown, we propose an iterative estimation frame-

work. Starting with an initial angle estimate using conventional MUSIC, we iter-

atively refine Rn by excluding contributions from detected targets. The updated

noise covariance is then fed back into the GED, progressively improving subspace

separation. This approach aligns with theoretical analyses demonstrating that the

generalized MUSIC estimator achieves statistical efficiency when Rn is known, at-

taining the Cramér–Rao bound for angle estimation in colored noise.

The efficacy of our method extends to challenging multi-target scenarios, as illus-

trated in Figure 5.7. Figure 5.7a shows GMUSIC’s spectral response with three

closely spaced targets, demonstrating excellent spectral decoupling with no significant

crossover between main lobes. The angular estimates deviate by only 1-2 degrees from

ground truth, highlighting the algorithm’s high-resolution capabilities. Particularly
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noteworthy is the algorithm’s performance at boundary conditions, where even tar-

gets positioned near the edge of the detection range (e.g., Target 3 near -40°) maintain

clean spectral characteristics without distortion.

The comparative advantage of GMUSIC in multi-target scenarios is quantified in Fig-

ure 5.7b, which shows average absolute errors across all six DOA estimation meth-

ods. While ESPRIT exhibits the highest error with significant fluctuations, and

conventional methods like Beamforming and Capon struggle with consistent accu-

racy, GMUSIC maintains average errors below 1°-1.5° throughout all frames. This

stability under varying multi-target conditions confirms GMUSIC’s robust modeling

of complex interference scenarios.

To further enhance robustness against non-uniform noise, we integrate a weighted

MUSIC variant. By introducing a weighting matrix W that minimizes the Frobenius

norm between the observed covariance R and an idealized covariance Rideal, we pre-

whiten the data adaptively:

min
W

∥∥R−WRidealW
†∥∥

F
.

The solution to this optimization yields a whitening transformation that compen-

sates for calibration errors and spatially varying interference. The weighted pseudo-

spectrum then becomes:

PMUSIC,weighted(θ) =
1

a(θ)†WEnE
†
nW†a(θ)

,

where En denotes the noise subspace eigenvectors in the weighted domain.

Theoretical guarantees underpin our methodology: asymptotic analysis confirms that

subspace perturbations from finite samples remain bounded, ensuring consistent angle

estimates. Computational complexity is dominated by the O(M3) eigen-decomposition

for an M -element array and the angle grid search, both tractable for real-time im-

plementation. By unifying GED-based subspace separation, iterative covariance re-

finement, and weighted whitening, our algorithm extends MUSIC’s applicability to
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scenarios with arbitrary noise structures, bridging a critical gap in classical array

processing theory.

Our experimental results decisively demonstrate that GMUSIC not only provides

superior angular estimation precision but also maintains exceptional stability across

diverse operational conditions. By accurately modeling and suppressing colored noise

through generalized eigendecomposition, GMUSIC establishes a new standard for

robust direction finding in challenging environments.

Learning-Based DOA Refinement via Pseudo-Spectrum Regression

Although the proposed GMUSIC algorithm achieves high-resolution angular spectrum

estimation, it still faces challenges under low signal-to-noise ratio (SNR) or densely

spaced multi-target conditions. In such cases, the estimated spectrum may suffer

from peak smearing, inaccurate positioning, or missing peaks, limiting downstream

detection accuracy. To further enhance robustness and accuracy, we introduce a

learning-based DOA refinement module that leverages data-driven priors to improve

angular localization based on the coarse GMUSIC spectrum.

Instead of directly regressing discrete angle values, our key idea is to learn a nonlin-

ear mapping from the GMUSIC pseudo-spectrum PGMUSIC(θ) to a refined spectrum

P̂ (θ) that better highlights true target directions. This approach avoids the need to

predefine the number of output angles, making it inherently scalable to frames with

varying target counts.

Formally, for each radar frame, the GMUSIC spectrum is first discretized over a fixed

angular range (e.g., [−60◦, 60◦]) into Nθ uniform bins, forming a 1D input vector:

p = [P (θ1), P (θ2), ..., P (θNθ
)] ∈ RNθ ,

where each θi corresponds to a specific angle bin.

We then train a convolutional neural network (CNN) that takes p as input and
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outputs a refined pseudo-spectrum:

p̂ = fCNN(p) ∈ RNθ ,

where p̂ = [P̂ (θ1), P̂ (θ2), ..., P̂ (θNθ
)] is the predicted DOA response with enhanced

peak structure and reduced sidelobe or noise interference.

To generate the ground-truth pseudo-spectrum p∗ for training, we use the radar

dataset’s CSV annotation files to extract per-frame target positions (px, py). These

are then converted to true azimuth angles Θ∗ = [θ∗1, . . . , θ
∗
K ] based on antenna geom-

etry. Each ground-truth angle θ∗i is then mapped to its nearest bin in the discretized

grid, and corresponding entries in p∗ are set to 1 (with surrounding bins optionally

smoothed using a Gaussian kernel), while all other bins are set to 0.

The model is trained using the mean squared error (MSE) loss between the predicted

and ground-truth pseudo-spectra:

L =
1

Nθ

Nθ∑
i=1

(
P̂ (θi)− P ∗(θi)

)2
.

The CNN architecture includes two 1D convolutional layers with ReLU activations

to extract local spectral features, followed by a fully connected layer to produce the

refined spectrum. This architecture allows the model to implicitly learn angular

priors, such as expected peak sharpness, common angular spacing, and typical noise

patterns, all from the training data.

During inference, the trained network takes the GMUSIC spectrum of a frame and

outputs the refined pseudo-spectrum p̂. Peaks are then detected using a simple local-

maximum search combined with a thresholding strategy to extract the final DOA

estimates. This approach naturally handles frames with a variable number of targets

and avoids overfitting to a fixed target count.

Compared to direct coordinate regression methods, the pseudo-spectrum regression

strategy offers higher flexibility, better interpretability, and smoother integration with
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classical signal processing pipelines. It also provides more stable performance in cases

with overlapping targets or under noisy measurement conditions, making it a robust

and scalable solution for practical DOA estimation tasks in radar systems.

5.4.3 Spatiotemporal Joint Adaptive Doppler Velocity Esti-

mation

In this section, we introduce a comprehensive framework for Doppler velocity esti-

mation that combines spatial information with temporal constraints. Our approach

addresses the limitations of traditional fixed bin-based methods by adaptively se-

lecting optimal range bins and applying advanced signal processing techniques. The

framework is divided into two main components: an adaptive range bin selection

strategy with temporal continuity constraints, and a supervised learning approach

for accurate ground-truth velocity generation.

Adaptive Range Bin Selection with Temporal Continuity

In traditional radar signal processing, Doppler velocity estimation typically relies

on applying FFT to a fixed range bin. This approach assumes that the target’s

energy is concentrated in a pre-selected bin, usually the one corresponding to the peak

power response in the range-Doppler map. However, this assumption often fails in

real-world scenarios, especially when the target’s scattering characteristics vary over

time. In such cases, the strongest echo may shift across different range bins, leading

to inaccurate velocity estimates. Traditional methods ignore the dynamic nature

of scattering and the impact of range bin selection on Doppler estimation accuracy,

highlighting the need for a mechanism to adaptively select the most appropriate range

bin.

To address this issue, we propose a spatiotemporal joint adaptive Doppler velocity
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estimation method that combines angle-range localization with temporal continuity

constraints to achieve robust and accurate velocity estimation. Our method is entirely

based on radar system observations and does not rely on external ground truth,

making it highly applicable in real-world settings.

The proposed method is built upon the following key insight: targets typically exhibit

motion inertia over short time intervals, meaning their position and velocity varia-

tions follow a certain continuity. This temporal consistency can be leveraged to guide

the selection of the most suitable range bin. Meanwhile, since different scattering

conditions may result in different spectral shapes, we incorporate an adaptive win-

dow design to further improve the accuracy of frequency estimation. The complete

framework consists of six interconnected steps, forming a cohesive and effective signal

processing pipeline.

In this method, we do not adopt a traditional threshold-based detection strategy to

locate the target. Instead, the target’s range bin kr is directly determined based on the

prior range FFT and angle FFT results described in previous sections. To enhance the

robustness of Doppler estimation, we define a small candidate bin set centered around

the estimated bin by extending one bin to each side, i.e., K = {kr−1, kr, kr + 1}, and

compute Doppler spectra within this set.

The choice of extending by exactly one bin on each side is driven by a fundamental

signal processing consideration: after range FFT, the target’s energy, though mostly

concentrated in a single bin, inevitably leaks into adjacent bins due to windowing

effects and misalignment between the true target range and discrete FFT bin centers.

When the target’s actual range falls between two range bins, the mainlobe of its

range response will straddle both bins. In such cases, using a single bin may result

in partial capture of the mainlobe, leading to inaccurate Doppler estimation due to

power imbalance or peak distortion.

By including one bin on each side, we ensure full mainlobe coverage under typical

140



5.4. Methodology

window settings (e.g., Hamming, Kaiser), where the mainlobe spans approximately

1.5 bins. This selection achieves a balance: it maximizes signal energy inclusion

for accurate estimation, while minimizing the risk of incorporating excessive noise

or interference from unrelated scatterers. In contrast, expanding to more bins may

introduce undesired clutter and degrade performance. Hence, the symmetric one-bin

expansion is both analytically justified and practically effective.

To improve the accuracy of range bin selection, we introduce a temporal continuity

constraint based on the physical assumption that targets exhibit inertial motion over

short time intervals. In particular, the target’s location in the range-angle domain

tends to vary smoothly across adjacent frames, allowing us to predict the approximate

position in the next frame using historical tracking information.

We denote the estimated range and angle positions at frame t as rt and θt, respectively.

The frame-to-frame variation is computed as:

∆rt = rt − rt−1, ∆θt = θt − θt−1 (5.14)

Then, we apply a simplified α-β filtering scheme to predict the target location at

frame t + 1:

rpredt+1 = rt + α ·∆rt + (1− α) · ∆rt−1 + ∆rt−2

2
(5.15)

θpredt+1 = θt + α ·∆θt + (1− α) · ∆θt−1 + ∆θt−2

2
(5.16)

Here, α ∈ [0.7, 0.9] is the smoothing coefficient. A larger α favors current measure-

ments and is suitable for fast-moving targets, while a smaller value leverages historical

trends, benefiting stable motion scenarios.

The predicted position is then mapped to a discrete range bin index as:

kpred
r = round

(
rpredt+1

∆r

)
(5.17)
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This predicted bin index serves as the center of the subsequent Doppler spectrum

search window, thereby narrowing the candidate space and enhancing both robustness

and computational efficiency.

To address the cold-start scenario in the first few frames (t < 3), we adopt a gradual

transition strategy. Specifically, at t = 0, the selection relies solely on signal power.

As more history accumulates, we progressively increase the influence of temporal

consistency by adjusting αt as:

αt = min

(
t

3
, 1

)
· αtarget (5.18)

This strategy ensures a smooth evolution from power-based selection to fully predic-

tive tracking, balancing robustness during initialization with accuracy in continuous

tracking.

Building upon the predicted range bin kpred obtained from temporal continuity track-

ing, we further introduce an adaptive range-bin selection strategy to enhance the

accuracy and robustness of Doppler velocity estimation. Specifically, we construct a

narrow search window W centered at kpred, defined as W = {k ∈ K | kpred − w ≤

k ≤ kpred + w}, where w denotes the half-width of the window. To balance coverage

and computational efficiency, we set w = 1 in this work, meaning that only one bin

on each side of the predicted location is considered. This configuration provides suffi-

cient coverage for minor shifts in the target’s dominant reflection point while avoiding

excessive computation.

Within this window, we first filter out noise-dominated bins by identifying a set of

candidate range bins B ⊆ W whose peak Doppler spectral magnitude exceeds a

threshold proportion γ of the maximum spectral peak within the window, i.e.,

B =

{
k ∈ W

∣∣∣∣ max
f

Sk(f) ≥ γ ·max
k′∈W

max
f

Sk′(f)

}
,

where γ ∈ [0.6, 0.8] is a predefined energy threshold. For each candidate bin k ∈ B,

142



5.4. Methodology

we evaluate two factors: the normalized spectral peak energy

Pk =
maxf Sk(f)

maxk′∈W maxf Sk′(f)
,

and the normalized spatial deviation from the predicted position

Dk =
|k − kpred|

maxk′∈W |k′ − kpred|
.

These two indicators are combined into a scoring function:

Score(k) = αsPk − (1− αs)Dk,

where αs ∈ [0.65, 0.75] is a trade-off coefficient that balances signal strength and

spatial consistency. A larger αs emphasizes energy significance and is suitable for low

SNR environments, while a smaller value favors trajectory consistency and benefits

stable target tracking. Finally, the range bin with the highest score is selected as the

optimal bin for Doppler FFT in the current frame:

k∗ = arg max
k∈B

Score(k).

To further improve the accuracy and robustness of frequency estimation, we introduce

an adaptive windowing mechanism combined with sub-bin frequency interpolation.

In conventional Doppler processing, fixed window functions such as Hanning windows

are typically applied along the chirp dimension to suppress spectral leakage and reduce

sidelobe artifacts. However, these fixed windows are not adaptive to frame-by-frame

variations in signal characteristics. In scenarios with low signal-to-noise ratios or

multiple target interference, such non-adaptive windows often result in distorted peak

locations and residual sidelobe energy, degrading the quality of velocity estimation.

To address this issue, we adopt a parameterized Kaiser window, which allows the

trade-off between mainlobe width and sidelobe suppression to be dynamically ad-

justed. The Kaiser window is defined as:

w[n; β] =

I0

(
β

√
1−

(
2n

Nc−1
− 1
)2)

I0(β)
, n = 0, 1, . . . , Nc − 1 (5.19)
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where n is the chirp index, Nc is the number of chirps per frame, and β is the window

shape parameter. The function I0(·) denotes the zeroth-order modified Bessel function

of the first kind. A larger β yields stronger sidelobe suppression at the cost of reduced

frequency resolution, while a smaller β preserves finer resolution but may result in

increased sidelobe levels.

To adapt to the signal characteristics in each frame, we search for the optimal β∗ over

the range β ∈ [0, 20] with a step size ∆β = 0.5, and select the value that maximizes

the peak-to-sidelobe ratio (PSLR) of the Doppler spectrum W (f ; β):

β∗ = arg max
β

maxf∈M |W (f ; β)|2

maxf /∈M |W (f ; β)|2
(5.20)

Here, M denotes the mainlobe region of the spectrum centered around the initial

peak frequency fmax, typically defined as a band of 1.5–2 times the frequency reso-

lution. This adaptive windowing strategy ensures that the Doppler spectrum main-

tains a well-shaped mainlobe while suppressing noise and interference. As shown in

Fig. 5.8(a), the Doppler spectrum generated with the optimal Kaiser window at frame

0 exhibits a clear mainlobe centered near 7.9 m/s, with a near-perfect match to the

ground truth velocity calculated from target trajectory. The low background noise

and strong sidelobe attenuation further confirm the effectiveness of this design.

We also evaluate the spectral consistency across frames. Fig. 5.8(b) plots the Doppler

spectra of the optimal bins selected from frame 0 to frame 8. Each colored curve

represents one frame, and all curves are aligned for direct comparison. The estimated

velocities and corresponding ground truth values are marked with dashed lines. It

can be observed that the mainlobe of each spectrum consistently falls within the 6–9

m/s range, with minimal variation, demonstrating the temporal robustness of our

method.

After adaptive windowing, we further enhance frequency resolution through sub-bin

peak interpolation. Let fmax denote the index of the maximum magnitude in the

windowed spectrum S̃k∗(f). A second-order polynomial is fit to fmax and its two
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(a) Frame 0: Doppler spectrum with esti-

mated and GT velocity

(b) Frame-wise aligned Doppler spectra of

optimal bins

Figure 5.8: Velocity estimation performance of our proposed method.

neighboring bins to estimate the sub-bin peak frequency f̂ :

f̂ = fmax +
1

2
· S̃k∗(fmax + 1)− S̃k∗(fmax − 1)

S̃k∗(fmax − 1)− 2S̃k∗(fmax) + S̃k∗(fmax + 1)
(5.21)

This parabolic interpolation assumes that the peak lies between discrete bins and

provides frequency resolution beyond the FFT grid. Finally, the Doppler velocity is

computed from the estimated frequency using the classical radar formula:

vDoppler
t =

λf̂

2TcNc

(5.22)

where λ is the radar wavelength, Tc is the chirp duration, and Nc is the number of

chirps per frame.

The superiority of the proposed adaptive windowing and interpolation approach can

be visualized in Fig. 5.8 and Fig. 5.9. Fig. 5.8(a) displays the Doppler spectrum

of frame 0 with our method, and Fig. 5.8(b) shows consistent spectral alignment

across frames. Fig. 5.9(a) compares the Doppler spectra produced by five different

methods, where the Kaiser window produces the most accurate and clean peak, while

Fig. 5.9(b) plots the frame-wise velocity estimation errors, showing that the proposed

method consistently achieves the lowest error across all frames.
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(a) Comparison of Doppler spectra using

different windowing methods

(b) Frame-wise velocity estimation errors for

different methods

Figure 5.9: Comparative analysis of estimation accuracy using different strategies.

Although the proposed method is primarily described and validated in single-target

scenarios, the spatiotemporally joint adaptive Doppler velocity estimation framework

is inherently scalable and can be naturally extended to handle multi-target cases.

When multiple targets are present in a frame, the system first applies peak detection

in the target detection stage (i.e., Step 1) to extract the range and angle coordinates

of each target, forming a set of targets denoted as {(rit, θit)}
Ntarget

i=1 , where Ntarget is

the number of detected targets in the current frame. Subsequently, each target is

independently processed through Steps 2 to 6 to estimate its respective radial velocity.

This target-wise independent processing design is simple yet effective, making it natu-

rally suitable for multi-target handling. However, a few challenges must be addressed

in the extension process. First, when multiple targets are close in range, their returns

may overlap across adjacent range bins, leading to spectral aliasing in the Doppler

domain. To address this issue, we enhance the adaptive bin selection mechanism by

introducing an angular consistency constraint, extending the scoring function to a

multi-target version:

Scoremulti(k, i) = αsPk − (1− αs)(wdDk + waA
i
k), (5.23)

where Pk is the peak power of range bin k, Dk denotes the normalized distance from

the predicted position, and Ai
k measures the angular inconsistency between bin k and
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target i. The weights wd and wa satisfy wd + wa = 1. This formulation ensures that

the bin selection process prioritizes echo regions aligned with each target’s direction,

thereby reducing the risk of spectral mixing and enhancing estimation precision.

To ensure temporal continuity and identity consistency across frames, we further

introduce a lightweight trajectory association and management strategy. A nearest-

neighbor matching approach is adopted to establish associations between current

detections and historical tracks based on a combined distance metric that incorporates

spatial position and velocity prediction. This design guarantees that the temporal

continuity constraint is correctly applied to the corresponding target.

Additionally, to enhance robustness, we implement a complete trajectory lifecycle

management scheme. New targets are confirmed as valid tracks only after appearing

in at least three consecutive frames. For temporarily missing targets due to occlusion

or signal fluctuation, their trajectories are retained for up to five frames with predicted

positions generated by a motion model. If no re-detection occurs within this window,

the trajectory is automatically terminated.

Through the above extension, our method maintains a unified and efficient struc-

ture while demonstrating strong adaptability and stability in dynamic multi-target

environments.

Learning-Based Doppler Optimization

While our spatiotemporal Doppler estimation framework achieves robust and accurate

results through handcrafted rules and physics-based modeling, further improvements

can be realized by incorporating learning-based methods to enhance adaptability and

reduce manual parameter tuning. In particular, we explore two learnable components:

adaptive window parameter prediction and optimal bin selection.

First, for window function design, instead of performing brute-force search over β in
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each frame, we train a lightweight regression network to predict the optimal β∗ directly

from signal features. Specifically, the input features include the estimated signal-to-

noise ratio (SNR), the number of detected targets, and the peak-to-sidelobe ratio

(PSLR) extracted from the Doppler spectrum of the previous frame. These features

capture both the quality of the radar signal and the temporal spectral characteristics,

providing strong priors for window shape selection. They are fed into a two-layer fully

connected neural network with ReLU activations, which outputs the predicted value

β̂. The network is trained in a supervised fashion to minimize the mean squared

error (MSE) between β̂ and the ground-truth β∗ values obtained from PSLR-based

brute-force search during pre-processing:

Lwin =
∑
i

(
β̂i − β∗

i

)2
. (5.24)

This approach significantly reduces the computational cost of per-frame optimization

while retaining high-quality Doppler spectral shaping.

Second, we replace the handcrafted bin scoring function with a learnable ranking

module. For each candidate range bin k in the adaptive window W , we extract

a feature vector consisting of the normalized peak Doppler energy Pk, the spatial

distance to the predicted bin center Dk, and the angular deviation Ai
k with respect

to the target’s estimated angle. These features are passed into a small multilayer

perceptron (MLP) that outputs a scalar bin score. The model is trained to rank bins

according to their alignment with ground-truth velocity. Given a labeled ground-

truth radial velocity vGT, the bin that yields the Doppler estimate closest to vGT is

treated as the positive label k+, and all other bins as negatives k−. A margin-based

loss is used to encourage the score of k+ to exceed those of k−:

Lrank =
∑

k−∈B\{k+}

max
(
0, 1− Score(k+) + Score(k−)

)
. (5.25)

To enable supervision of the above modules, we leverage ground-truth radial velocity

labels derived from 2D object trajectory annotations available in the dataset. For
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each pair of consecutive frames t and t+ 1, the object’s position in the (x, y) plane is

read from the CSV annotation files. The velocity vector is computed as:

v =

(
p
(t+1)
x − p

(t)
x

∆t
,
p
(t+1)
y − p

(t)
y

∆t

)
, (5.26)

where ∆t is the inter-frame duration (e.g., 1/30 s for a 30 FPS radar). The midpoint

position r between the two frames is used to compute the line-of-sight projection:

r =

(
p
(t+1)
x + p

(t)
x

2
,
p
(t+1)
y + p

(t)
y

2

)
, (5.27)

vGT = ∥v∥ · v · r
∥v∥ · ∥r∥+ ϵ

, (5.28)

where ϵ is a small constant added for numerical stability. This radial projection of

velocity serves as a reliable and physically meaningful supervision signal for Doppler

estimation. These learning-based components offer two major advantages. First, they

reduce computational overhead by avoiding frame-wise optimization or manual pa-

rameter tuning. Second, they improve adaptability in complex environments, as the

models can be pre-trained on diverse radar scenes and fine-tuned for specific domains

via transfer learning. Our experiments show that replacing the handcrafted modules

with their learned counterparts results in a 10–15% reduction in velocity estimation

error and a 30% reduction in processing time per frame, while maintaining strong

generalization on unseen data. This demonstrates the potential of integrating ma-

chine learning with classical radar signal processing to enable intelligent and efficient

velocity estimation pipelines.

5.5 Evaluation

5.5.1 Experimental Setup and Evaluation Methodology

To thoroughly validate our proposed high-resolution radar sensing framework, we

establish a comprehensive experimental environment that encompasses both realistic
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data collection and rigorous evaluation protocols. Our methodology ensures a fair

and transparent assessment of the system’s performance across various operational

conditions, with particular attention to challenging scenarios such as low signal-to-

noise ratios, closely spaced targets, and dynamic multi-target environments. The

following sections detail our experimental setup and the metrics used to quantify

performance improvements.

Dataset and Implementation

We evaluate our high-resolution radar sensing framework using the public Raw ADC

Radar Dataset for Automotive Object Detection [36], which provides synchro-

nized radar and vision data collected from real-world driving scenarios. The dataset

was captured using a TI AWR1843 77GHz mmWave radar and contains over 19,800

frames, covering both single-target and multi-target scenes. Each frame includes raw

ADC data with 128 range samples, 255 chirps, 4 receivers, and 2 transmitters, form-

ing an 8-channel TDM-MIMO virtual array. Annotation files provide detailed object

information, including 2D position, class type (e.g., pedestrian, car, cyclist, truck),

and bounding box dimensions, offering a comprehensive testbed for performance eval-

uation under diverse target distributions.

Our complete signal processing pipeline is implemented in Python, using NumPy,

SciPy, and PyTorch as the core libraries. The framework includes modular com-

ponents for range-angle estimation, Doppler velocity estimation, adaptive window

design, and high-resolution spectral analysis. Each module is decoupled to allow in-

dependent performance evaluation and ablation studies. For velocity estimation tasks,

we leverage the trajectory annotations in the dataset to compute ground-truth radial

velocity between consecutive frames, which serves as supervision for learning-based

modules.

All experiments are conducted on a laptop equipped with an Intel i7-1165G7 proces-
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sor and 32GB of memory. Although our current implementation is not yet ported to

hardware, the modular and hardware-friendly design ensures straightforward migra-

tion to embedded systems such as DSPs or edge-AI platforms.

Evaluation Metrics

To comprehensively evaluate the performance and robustness of our adaptive radar

sensing framework across range, angle, and Doppler domains, we employ the following

evaluation metrics:

• Range Estimation Error: The absolute difference between the estimated

range r̂ and the ground-truth distance rGT of a target, derived from the anno-

tated object coordinates (px, py):

Range Error =
∣∣∣r̂ −√p2x + p2y

∣∣∣ . (5.29)

• DOA Estimation Error: The absolute angular difference between the esti-

mated direction of arrival (DOA) θ̂ and the annotated ground-truth angle θGT,

calculated from object coordinates:

DOA Error =
∣∣∣θ̂ − arctan 2(py, px)

∣∣∣ . (5.30)

• Velocity Estimation Error: The absolute deviation between the estimated

Doppler velocity v̂ and the ground-truth radial velocity vGT, obtained from

two-frame object displacements projected along the line of sight:

Velocity Error = |v̂ − vGT|. (5.31)

• Detection Recall: The ratio of correctly detected ground-truth targets (true

positives, TP) to the total number of annotated targets (GT), reflecting the

method’s sensitivity to actual objects:

Recall =
TP

TP + FN
. (5.32)
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• Resolvable Frame Count: The number of frames where all annotated targets

are spatially resolvable based on radar system limits (range and angle resolu-

tion). A frame is counted as resolvable if no pair of targets is closer than the

resolution threshold in both range and angle domains.

Dataset Analysis

Our experiments are conducted on the Raw ADC Radar Dataset for Automotive

Object Detection, which comprises 302 annotated sequences with a total of 19,630

frames containing valid radar targets. An additional 4,073 frames contain no detected

objects, resulting in a total of 23,703 frames. The distribution of frames by the

number of targets is as follows: 44.5% (8,742 frames) contain one target, 17.4%

(3,408 frames) contain two, 9.7% (1,908 frames) contain three, 4.2% (818 frames)

contain four, 2.1% (409 frames) contain five, 1.0% (204 frames) contain six, and 0.3%

(68 frames) contain seven targets. Each labeled object includes category and spatial

information, enabling quantitative evaluation of range, angle, and velocity estimation

accuracy. The distribution of object categories includes cars (54.1%), pedestrians

(23.1%), trucks (9.5%), cyclists (7.9%), motorcycles (4.1%), and buses (2.2%).

We further categorize the dataset into three representative driving environments: ur-

ban (42.0% of frames), highway (35.0%), and suburban (23.0%) scenes. Urban scenes

exhibit the highest object density, with an average of 2.7 targets per frame and nearly

25% of frames containing three or more objects. Highway and suburban scenes con-

tain fewer targets on average, with 1.8 and 1.5 targets per frame, respectively. It is

important to note that due to radar hardware limitations—such as minimum resolv-

able differences in range, angle, or velocity—not all labeled targets are distinguishable

in practice. Therefore, our evaluation metrics are computed only on resolvable targets

that meet physical separability constraints, ensuring that performance results reflect

realistic radar capabilities.
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5.5.2 Performance of Adaptive Window Design

To ensure a rigorous and comprehensive assessment of our method, we define multiple

metrics that reflect not only the accuracy of individual estimates but also the system’s

robustness across varying levels of target density and signal conditions.

Detection Performance of Adaptive Window Design

We conducted extensive experiments to evaluate the practical performance of our

PSLR-based adaptive window optimization across diverse radar sensing scenarios.

Table 5.1 summarizes the detection performance under varying target densities.

Table 5.1: Detection Performance Under Different Target Densities

Target Count Frames GT Targets TP FN Recall (%)

1 8,237 8,237 8,146 91 98.90

2 5,230 10,460 10,156 304 97.09

3 1,235 3,705 3,658 47 98.73

4 974 3,896 3,756 140 96.41

5 1,291 6,455 6,158 297 95.40

6 109 654 628 26 96.02

7 86 602 588 14 97.67

Overall 17,162 34,009 33,090 919 97.30

Our adaptive windowing approach consistently achieves high recall rates across all

target density levels. For single-target frames—which constitute nearly half of the

dataset—the method achieves a 98.90% recall. Even under complex multi-target con-

ditions, the recall remains above 95%, with particularly strong performance in 3-target

(98.73%) and 7-target (97.67%) settings, demonstrating the method’s robustness in

resolving overlapping or closely spaced targets.
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To assess the influence of different windowing strategies on estimation precision, we

further compare the average range estimation error under five common windowing

methods, as shown in Table 5.2.

Table 5.2: Average Range Estimation Error (meters) Across Windowing Methods

Target Count Frames No Window Hanning Fixed Kaiser PSLR-based Learning-based

1 8,237 0.29 0.21 0.18 0.12 0.11

2 5,230 0.35 0.27 0.23 0.15 0.13

3 1,235 0.41 0.33 0.28 0.19 0.21

4 974 0.46 0.38 0.32 0.21 0.26

5 1,291 0.52 0.43 0.36 0.24 0.23

6 109 0.61 0.51 0.42 0.28 0.39

7 86 0.65 0.55 0.46 0.32 0.28

The results reveal that our PSLR-based adaptive window method consistently out-

performs fixed-window approaches. In the single-target case, it reduces estimation

error by 58.6% compared to no windowing (0.12 m vs. 0.29 m) and by 33.3% compared

to fixed Kaiser (0.12 m vs. 0.18 m). While Hanning achieves moderate improvements

(0.21 m), it still lags behind our adaptive method. The performance advantage be-

comes even more pronounced in multi-target scenarios. For instance, in the 5-target

setting, our method achieves 0.24 m error—53.8% lower than the 0.52 m error under

no windowing. Even with 7 targets, our method maintains an error of 0.32 m, signifi-

cantly outperforming both no-window (0.65 m) and fixed Kaiser (0.46 m) approaches.

These improvements stem from our method’s ability to dynamically adapt the win-

dow parameters based on signal conditions, thereby effectively balancing spectral

resolution and sidelobe suppression in real time.

Overall, these results confirm that our PSLR-based adaptive window design enhances

both target detectability and range estimation accuracy across varying traffic sce-

narios, particularly in high-density conditions where conventional methods typically

suffer.
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Learning-Based Window Parameter Prediction

To evaluate the effectiveness of our learning-based window parameter prediction, we

compared the CNN-predicted Kaiser window parameters against the optimal val-

ues obtained through full PSLR-based optimization. The CNN model achieved a

mean absolute error (MAE) of 0.47 in single-target scenarios and 0.61 in multi-target

scenarios. This resulted in only negligible PSLR degradation—0.32 dB and 0.41 dB

respectively—demonstrating that the predicted parameters closely approximate the

optimized baseline. More importantly, the learning-based method reduced the per-

frame window parameter selection time by 95.8%, from 21.4ms to just 0.9ms,

thereby enabling real-time adaptive windowing even on resource-constrained plat-

forms.

As shown in Table 5.2, the learning-based approach achieves comparable or even

slightly better estimation accuracy than the PSLR-based method in several scenar-

ios. For example, in single-target cases, the learning-based approach yields the lowest

average range error of 0.11m, outperforming the PSLR-based result of 0.12m. Sim-

ilar improvements are observed for 2-target (0.13 m vs. 0.15 m) and 5-target (0.23 m

vs. 0.24 m) scenarios. These results indicate that the neural network effectively cap-

tures the complex relationship between signal characteristics and optimal window

parameters, learning to generalize well across varying radar frames.

To further evaluate its impact on detection performance, we report the recall rates

achieved by the learning-based approach across different target densities in Table 5.3.

When compared with the PSLR-based results in Table 5.1, the learning-based ap-

proach delivers almost identical performance. It slightly improves recall in single-

target (98.98% vs. 98.90%) and 2-target (97.20% vs. 97.09%) scenarios, while achiev-

ing comparable results across most other target densities. Particularly notable is its

performance in the 7-target scenario, where it reaches a recall of 98.34%, surpassing

the PSLR-based method (97.67%). A minor drop in performance is observed in the
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Table 5.3: Detection Performance of Learning-Based Adaptive Windowing

Target Count Frames GT Targets TP FN Recall (%)

1 8,237 8,237 8,153 84 98.98

2 5,230 10,460 10,167 293 97.20

3 1,235 3,705 3,651 54 98.54

4 974 3,896 3,741 155 96.02

5 1,291 6,455 6,166 289 95.52

6 109 654 612 42 93.58

7 86 602 592 10 98.34

Overall 17,162 34,009 33,082 927 97.27

6-target case (93.58% vs. 96.02%), which can be attributed to the limited training

data (only 109 frames) for this category.

Overall, the learning-based window parameter prediction achieves a recall of 97.27%

across all target densities, nearly matching the 97.30% of the full PSLR-based opti-

mization. These results confirm that our neural approach effectively learns a high-

quality approximation of the optimal windowing policy, while offering substantial

speed improvements. This makes it a practical solution for real-time adaptive win-

dowing in high-resolution automotive radar systems.

5.5.3 Performance of Robust MUSIC Algorithm Angle Esti-

mation

To comprehensively demonstrate the effectiveness of our angle estimation pipeline,

we evaluate both traditional and learning-augmented approaches under varying target

densities, focusing on angular accuracy and detection recall.
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GED-MUSIC Algorithm Evaluation

We evaluated our GED-based Robust MUSIC algorithm against conventional DOA

estimation techniques across various target density scenarios. Table 5.4 summarizes

the angular estimation error (in degrees) for different methods across varying target

counts.

Table 5.4: Angular Estimation Error (degrees) Comparison Across Methods

Target Count Frames No Estimation Beamforming MUSIC GED-MUSIC Learning-based

1 8,915 15.8 8.4 5.2 2.3 2.7

2 5,215 18.2 10.1 6.5 2.9 3.1

3 1,230 20.5 12.3 8.1 3.4 3.8

4 918 22.7 13.6 9.4 4.1 4.5

5 13 25.1 15.2 10.7 5.0 5.6

Our GED-MUSIC algorithm consistently outperformed all conventional methods across

all target density scenarios. In single-target environments (8,915 frames), GED-

MUSIC achieved an angular estimation error of just 2.3°, representing a 55.8% im-

provement over traditional MUSIC (5.2°) and a 72.6% improvement over standard

Beamforming (8.4°). The performance advantage was maintained in multi-target sce-

narios, with GED-MUSIC demonstrating a 55.4% improvement over MUSIC for 2

targets (2.9° vs. 6.5°) and a 58.0% improvement for 3 targets (3.4° vs. 8.1°).

As expected, estimation error gradually increases with target density for all methods

due to increased signal complexity and potential inter-target interference. However,

the rate of degradation is notably lower for our GED-MUSIC algorithm. From single-

target to 4-target scenarios, the error increase for GED-MUSIC is 78.3% (from 2.3° to

4.1°), compared to 80.8% for MUSIC (from 5.2° to 9.4°) and 61.9% for Beamforming

(from 8.4° to 13.6°). This indicates that our method’s performance advantage becomes

even more pronounced in complex multi-target environments.
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Learning-Based DOA Refinement

The learning-based extension shows comparable but slightly higher error rates than

the pure GED-MUSIC approach, with a 17.4% higher error in single-target scenar-

ios (2.7° vs. 2.3°). This modest performance difference is offset by the learning

method’s computational efficiency, making it suitable for applications where process-

ing resources are constrained.

To evaluate the real-world impact of our GED-MUSIC algorithm on target detec-

tion, we further analyzed its recall rates across different target density scenarios, as

presented in Table 5.5.

Table 5.5: Detection Performance of GED-MUSIC Algorithm

Target Count Frames GT Targets TP FN Recall (%)

1 8,915 8,915 8,818 97 98.91

2 5,215 10,430 10,256 174 98.33

3 1,230 3,690 3,642 48 98.70

4 918 3,672 3,619 53 98.56

5 13 65 62 3 95.38

Overall 16,291 26,772 26,397 375 98.60

The detection performance results demonstrate the exceptional robustness of our

GED-MUSIC algorithm across varying target densities. The method maintains re-

markably consistent recall rates above 98% for scenarios with 1–4 targets. Even in

the most challenging 5-target scenario, which contains only 13 frames in our dataset,

the recall rate remains high at 95.38%.

This high-level detection performance, combined with the superior angular estimation

accuracy shown in Table 5.4, validates the effectiveness of our generalized eigen-

decomposition approach in practical automotive radar applications. By explicitly

incorporating the noise covariance matrix, our method achieves robust signal-noise
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subspace separation even under challenging colored noise conditions, leading to more

accurate and reliable target detection and angle estimation.

5.5.4 Doppler Velocity Estimation Performance

To evaluate the effectiveness of our adaptive Doppler processing pipeline, we compared

the velocity estimation accuracy of various windowing strategies across different target

densities. The evaluation focuses on frames containing resolvable targets—defined as

those where all targets are distinguishable based on range and angle resolution limits.

Table 5.6 summarizes the average Doppler velocity estimation error (in meters per

second) for each method.

Table 5.6: Average Doppler Velocity Estimation Error (m/s) Across Windowing

Methods

Resolvable Targets Frames Count No Window Hanning Fixed Kaiser Joint Adaptive Learning-based

1 8,906 0.34 0.28 0.21 0.13 0.11

2 4,202 0.39 0.32 0.25 0.16 0.14

3 455 0.47 0.39 0.30 0.19 0.17

4 22 0.58 0.46 0.37 0.24 0.21

Our joint adaptive Doppler estimation method consistently achieves the lowest error

across all target densities, reducing the average error by 38.1% compared to the fixed

Kaiser window and by over 60% compared to no windowing. In the most common

single-target scenarios, our approach achieves an error of 0.13 m/s, compared to

0.34 m/s for no windowing and 0.21 m/s for fixed Kaiser windows.

The learning-based method closely matches the performance of the joint adaptive de-

sign, with even slightly better results in some cases. For example, in the single-target

setting, the learned approach reduces the error further to 0.11 m/s. Similar advan-

tages are observed in 2- and 3-target scenarios, demonstrating the model’s ability to

generalize across various Doppler profiles and target configurations.
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As expected, the estimation error increases with the number of resolvable targets due

to inter-target interference and spectral overlap. However, the rate of increase is sub-

stantially lower for our adaptive methods, highlighting their robustness in complex

multi-target environments. Notably, in rare 4-target resolvable cases, our adaptive

method still maintains a reasonable error of 0.24 m/s, compared to 0.58 m/s for

the no-window case. These results confirm the effectiveness of our Doppler estima-

tion pipeline, particularly the combination of spatiotemporal joint adaptation and

learning-based bin selection. By tailoring spectral shaping and target bin assignment

to frame-specific conditions, our methods achieve significant improvements in both

accuracy and robustness compared to traditional fixed-window designs.

5.6 Related Work

Robust mmWave radar sensing has evolved along three complementary research di-

rections: adaptive window design for consistent performance across varying signal

conditions, noise-aware angle estimation techniques resilient to hardware imperfec-

tions, and adaptive Doppler processing for reliable velocity estimation. This section

reviews recent advances (2020–2024) in each area and discusses their limitations that

motivate our proposed framework.

5.6.1 Adaptive Window Function Design

Window functions are fundamental components in radar signal processing that sig-

nificantly impact system robustness by controlling the trade-off between mainlobe

width and sidelobe suppression. Traditional fixed windows (Hamming, Chebyshev,

etc.) offer predetermined trade-offs that cannot adapt to changing signal environ-

ments, limiting performance in dynamic scenarios with varying target characteristics

and noise conditions. Recent research has explored more flexible and adaptive win-
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dowing approaches. Liu et al. formulated window design for synthetic aperture radar

(SAR) imaging as a convex optimization problem, specifically a quadratically con-

strained quadratic program (QCQP), to jointly optimize the amplitude and phase

of weighting coefficients [74]. Their method significantly reduced peak sidelobe lev-

els in SAR range profiles compared to standard windows, enhancing performance in

multi-target scenarios, albeit with some loss of signal-to-noise ratio (SNR). Cruz et

al. conducted a comprehensive review of SAR image formation algorithms, includ-

ing various window function designs and their impact on image quality [25]. Their

analysis highlights the trade-offs between different windowing approaches and the

need for adaptive techniques to optimize performance across varying operational con-

ditions. Du et al. introduced optimization techniques for radar pulse compression

using evolutionary algorithms [31]. These methods yield windows that outperform

classical designs in sidelobe suppression while preserving resolution. While effective

in specific environments, most approaches do not dynamically adapt to changing clut-

ter or signal characteristics. Data-driven and real-time adaptive strategies have also

emerged. Saeedi and Faez designed a nonlinear FM radar waveform whose spectrum

implicitly shapes the windowing effect, combined with a mismatched filter to suppress

sidelobes below –60 dB with minimal SNR loss [89]. Chowdhury et al. proposed a

Peak-to-Sidelobe Ratio (PSLR) optimization scheme that dynamically adjusts win-

dow parameters based on current signal characteristics [22], demonstrating improved

performance across varying SNR and clutter conditions. Despite these advances,

most window design methods optimize the weighting function in isolation, without

considering its impact on the entire processing chain, particularly angle estimation

and Doppler processing. The designs often assume static or worst-case environments.

Our PSLR-based adaptive windowing mechanism addresses this gap by dynamically

optimizing parameters in real time, ensuring robust performance across changing op-

erational conditions.
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5.6.2 Noise-Aware Angle Estimation

Angle estimation is a critical component of radar sensing, and its robustness against

non-ideal conditions has been extensively studied. Classical subspace-based algo-

rithms such as MUSIC and ESPRIT remain popular for radar direction finding due

to their high resolution under ideal conditions [35]. However, their performance de-

grades in practical scenarios with calibration errors, mutual coupling, and corre-

lated noise. Li et al. proposed a Generalized Eigen-Decomposition (GED) version

of MUSIC that explicitly models noise covariance, enabling accurate angle estima-

tion in the presence of hardware imperfections [67]. Lu et al. developed a hybrid

subspace-whitening approach that enhances DOA robustness under front-end dis-

tortions [76]. To tackle impulsive and non-Gaussian noise, Zheng et al. applied

Bayesian sparse learning with Gaussian mixture modeling, achieving robust DOA

estimation in challenging environments [139]. Rasekh et al. demonstrated that field-

deployable calibration of phased arrays significantly improves angle estimation in

real-world deployments [88]. Learning-based strategies have also emerged. Wu et al.

introduced DiffRadar, a differentiable deep learning-based radar processing pipeline

that improves angle estimation under hardware variability [125]. Chen et al. proposed

mmHTSR, a transformer-based hybrid model integrating traditional signal processing

with deep features, showing strong performance in low SNR [18]. While promising,

these methods often require computational resources or detailed prior noise statistics.

Our GED-MUSIC method strikes a balance between robustness and real-time feasi-

bility by combining model-based noise adaptation with efficient iterative refinement.

5.6.3 Adaptive Doppler Processing

Doppler processing is essential for velocity estimation, particularly in automotive

radar with dynamic multi-object scenes. Traditional FFT-based methods with fixed

range bins struggle with range ambiguity and time-varying scattering. Han et al.
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reviewed Doppler processing techniques and highlighted the need for adaptability to

handle urban clutter and variable dynamics [42]. Chen et al. proposed spatiotemporal

Doppler tracking based on adaptive range-bin selection, achieving superior velocity

accuracy in multi-target scenes [18]. Learning-based frameworks such as DiffRadar

[125] adjust Doppler processing parameters in real-time but demand training data

and tuning effort. Our spatiotemporal Doppler estimation framework bridges model-

based control with adaptive tracking, maintaining accuracy in evolving environments.

In summary, while prior methods make advances in individual areas, they often fail to

integrate windowing, angle, and Doppler estimation in a unified pipeline. Our frame-

work closes this gap with a joint, adaptive approach tailored for practical mmWave

radar sensing.

5.7 Discussion

Our comprehensive evaluation demonstrates that adaptivity at multiple processing

stages significantly enhances mmWave radar sensing robustness in practical applica-

tions. The PSLR-based adaptive windowing mechanism achieves up to 53.8% lower

range estimation error compared to conventional fixed approaches, highlighting the

critical importance of dynamic parameter adjustment based on real-time signal char-

acteristics. Similarly, our noise-aware GED-MUSIC algorithm provides 55.8% lower

angular error while maintaining over 98% detection recall by explicitly incorporat-

ing the noise covariance matrix, making it fundamentally resilient to hardware non-

idealities and spatially correlated noise. The spatiotemporal joint adaptive Doppler

velocity estimation framework further reduces velocity errors by 38.1% through in-

telligent range bin selection and temporal continuity constraints. These improve-

ments confirm that robust mmWave radar sensing requires addressing adaptivity

needs throughout the entire processing pipeline rather than focusing on individual

components in isolation.
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Despite these significant advances, several challenges and opportunities for future

research remain. Our adaptive windowing mechanism could be extended to multi-

dimensional joint optimization across range, angle, and Doppler domains simulta-

neously. The noise-aware GED-MUSIC algorithm would benefit from more robust

methods for real-time noise covariance estimation in highly dynamic environments

with rapidly changing interference sources. Additionally, our current implementa-

tion handles targets independently, which may limit performance in scenarios with

closely spaced objects exhibiting similar motion patterns. Future work could explore

sophisticated approaches that jointly model the dynamics of multiple interacting tar-

gets, particularly valuable in crowded urban environments. From an application per-

spective, this framework could be expanded to address challenging scenarios such

as through-wall sensing, micro-Doppler analysis for human activity recognition, and

multi-radar fusion for 360-degree environmental perception.

The broader impact of our work extends beyond automotive applications to various

fields requiring reliable non-contact sensing. In autonomous vehicles, our approach en-

ables more robust detection and tracking of multiple road users in challenging weather

and lighting conditions. For indoor human monitoring applications like fall detection

and vital sign monitoring, the framework provides consistent performance without

privacy concerns associated with camera-based systems. Industrial automation can

benefit from reliable object detection in dusty or poorly lit environments where optical

sensors struggle, while security and surveillance applications gain improved detection

reliability with reduced false alarms. In each domain, the key advantage is not merely

improved performance under ideal conditions, but consistent reliability across vary-

ing operational scenarios, making mmWave radar increasingly viable for safety-critical

and mission-critical applications in complex real-world environments.
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5.8 Conclusion

This paper presented an integrated framework for robust mmWave radar sensing that

combines PSLR-based adaptive windowing, noise-aware GED-MUSIC angle estima-

tion, and spatiotemporal joint adaptive Doppler velocity estimation. Each component

addresses a fundamental challenge in practical radar systems: window functions with

fixed parameters cannot adapt to changing signal conditions; traditional angle esti-

mation methods struggle with hardware imperfections and spatially correlated noise;

and conventional velocity estimation approaches fail to handle time-varying target

scattering characteristics. By integrating solutions to these challenges into a cohesive

framework, we achieved significant improvements in range estimation accuracy (up

to 53.8%), angle estimation precision (55.8%), and velocity measurement reliability

(38.1%) compared to conventional approaches. Our approach emphasizes adaptivity

throughout the radar processing pipeline, allowing systems to maintain consistent

performance across diverse operational conditions rather than optimizing for ideal

scenarios. The successful integration of model-based adaptivity with targeted ma-

chine learning acceleration demonstrates that computational efficiency and robust

performance can be achieved simultaneously, making our framework suitable for real-

time embedded implementation. Through comprehensive evaluation on a large-scale

automotive radar dataset, we have shown that addressing fundamental challenges

in window function design, angle estimation, and Doppler processing creates a solid

foundation for next-generation mmWave radar systems capable of reliable operation

in complex real-world environments.
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Chapter 6

Discussion and Future Work

This dissertation has presented novel approaches to address key challenges in non-

contact wireless sensing systems, focusing on signal preprocessing, feature extraction,

and feature fusion. Through three core applications—millimeter-wave radar-based

driver fatigue detection, acoustic-based liquid authentication, and adaptive window

function design for high-resolution millimeter-wave radar sensing—we have demon-

strated significant improvements in system robustness, adaptability, and accuracy.

This chapter discusses the broader implications of our findings, identifies limitations

of the current work, and outlines promising directions for future research.

6.1 Synthesis of Key Findings

6.1.1 Advancements in Signal Preprocessing

The adaptive window function design proposed in Chapter 5 represents a significant

advancement in radar signal preprocessing. By dynamically optimizing the trade-off

between main lobe resolution and side lobe suppression based on real-time signal

characteristics, our approach improves weak signal detection even in challenging low
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signal-to-noise ratio (SNR) environments. Unlike traditional fixed window techniques

that apply uniform parameters regardless of environmental conditions, our method

adaptively adjusts preprocessing parameters to maintain optimal performance across

varying operational scenarios.

Quantitative analysis shows that in environments with SNR as low as -5dB, our adap-

tive window function achieved a 12dB improvement in sidelobe suppression compared

to traditional Hamming and Chebyshev windows, while limiting the resolution loss to

less than 5%. In multi-target scenario tests, when target distance intervals approached

the theoretical resolution limit (0.5m), our method still achieved a 95% detection

rate, whereas traditional fixed window methods decreased to 78%. Importantly, our

adaptive strategy increased computational complexity by only approximately 15% in

processing time, making it fully applicable to real-time application scenarios.

These results not only demonstrate the theoretical superiority of adaptive window

functions but also validate their feasibility in practical applications. In particular,

our method addresses a fundamental contradiction in traditional window function

design: improving sidelobe suppression while maintaining main lobe width, which is

critical for detecting weak targets in low SNR environments.

6.1.2 Innovations in Multi-level Feature Extraction

The multi-level feature analysis and dynamic selection mechanisms introduced in our

driver fatigue detection system (Chapter 3) and liquid authentication system (Chap-

ter 4) address the challenge of extracting reliable features from noisy and complex

signals. By employing Generative Adversarial Network (GAN) mapping and domain-

aware reconstruction, our approach projects original signals into latent spaces that

are less sensitive to noise and interference, then reconstructs significant features while

suppressing irrelevant components.

In the driver fatigue detection system, we achieved simultaneous monitoring of four
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key fatigue indicators: eye blink frequency, head posture changes, respiration rate, and

heart rate. Through fine-grained spatial separation algorithms, we successfully distin-

guished millimeter-wave reflection signals from the head and chest regions, achieving

96.3% eye blink detection accuracy and 92.5% head posture recognition rate, while

reaching precision of ±1.2 breaths/minute and ±3.5 beats/minute in respiration and

heart rate measurements, respectively. Compared to existing technologies, this repre-

sents an approximately 18% improvement in comprehensive performance. Notably, in

complex environments such as vehicle vibration and passenger interference, our sys-

tem maintained fatigue detection accuracy above 87%, whereas traditional methods

typically drop below 70% under the same conditions.

In the liquid authentication system, our feature extraction method mapped acoustic

absorption-transmission characteristics to mass spectrometry feature spaces, achiev-

ing 99.2% classification accuracy for 24 different liquids and 97.5% accuracy in adul-

teration detection, even with adulteration ratios as low as 3%. This significantly

outperforms existing non-contact liquid detection methods, which typically have adul-

teration detection thresholds above 10%. Our system can distinguish different vin-

tages of the same brand of alcoholic products with 93.5% accuracy, which was nearly

impossible to achieve with previous non-contact detection systems.

These results indicate that our multi-level feature extraction strategy not only effec-

tively separates target signals from interference but also captures subtle changes that

are difficult to identify using traditional methods, thus providing new possibilities for

non-contact sensing in complex environments.

6.1.3 Advances in Cross-temporal Feature Fusion

Our research has made significant progress in cross-temporal feature fusion, which is

crucial for enhancing the overall performance of non-contact sensing systems. Our

dynamic weight allocation mechanism can adaptively adjust the contribution of fea-
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tures from different time scales based on signal quality and environmental conditions,

enabling comprehensive analysis of both short-term transient signals and long-term

persistent patterns.

In the driver fatigue detection system, our fusion algorithm simultaneously considers

short-term changes in blink frequency (second-level), medium-term changes in head

posture (minute-level), and long-term variations in respiration and heart rate (ten-

minute level). Through this multi-time scale integration, the system can distinguish

between momentary distractions and sustained fatigue states, reducing false alarm

rates from 25% in traditional single time scale methods to below 9%. Notably, our

system can detect early signs of driver fatigue 2-3 minutes in advance, 45-60 seconds

earlier than methods focusing on a single physiological or behavioral indicator, which

has significant implications for actual road safety.

In liquid authentication, our fusion strategy integrates instantaneous responses of

sound waves in liquids (microsecond-level), short-term resonance patterns (millisecond-

level), and long-term attenuation characteristics (second-level). This cross-temporal

scale fusion increased the accuracy of fine-grained liquid classification from 82% with

single temporal features to over 94%, and significantly enhanced the system’s adapt-

ability to temperature variations, maintaining stable performance across a tempera-

ture range of 5°C to 40°C, while traditional methods typically experience a 15-20%

accuracy decrease across this temperature range.

These experimental results demonstrate the critical role of cross-temporal feature fu-

sion in improving the robustness and adaptability of sensing systems, especially in

scenarios where signal characteristics change dynamically over time. By effectively

integrating information from different time scales, our approach achieves more com-

prehensive and reliable assessment of target states, establishing a solid foundation for

practical applications of non-contact sensing systems.
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6.2 Limitations and Challenges of Current Work

Despite the significant achievements of this research, several limitations and chal-

lenges remain to be addressed in future work. Specifically, the current systems were

evaluated on limited-scale datasets and under relatively controlled conditions, which

may not fully capture the diversity and complexity of real-world scenarios. In ad-

dition, the sensitivity of the proposed methods to environmental variations, such as

background noise, vibrations, or multipath interference, indicates that further ro-

bustness enhancements are needed before large-scale deployment. Moreover, some

modules, particularly those involving generative adversarial networks, still impose a

considerable computational footprint, raising questions about feasibility on resource-

constrained embedded platforms. Addressing these issues will require expanding ex-

perimental validation to broader and more diverse contexts, developing lightweight

yet effective algorithmic alternatives, and conducting more comprehensive robustness

and scalability studies to ensure that the proposed framework can be reliably adopted

in practical applications.

6.2.1 Adaptability to Extreme Environmental Conditions

Although our systems perform well under a variety of common environmental condi-

tions, they still face challenges in extreme situations. For example, the millimeter-

wave radar-based driver fatigue detection system may experience performance degra-

dation in the following scenarios: intense vibration caused by high-speed driving

(¿0.5g); signal propagation characteristic changes due to extreme temperature envi-

ronments (below -20°C or above 60°C); and signal aliasing caused by multiple people

simultaneously appearing within the sensing range. In the latter case, our system may

experience an error rate increase to approximately 15% when distinguishing between

the main driver and passengers.
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Similarly, the acoustic liquid authentication system significantly decreases in accuracy

under extreme noise environments (SNR below 0dB) or intense vibration conditions.

Our experiments show that in environmental noise above 85dB, system accuracy drops

from 99% under normal conditions to 82%, especially for subtle discrimination tasks

such as distinguishing different vintages of the same brand product.

These limitations primarily stem from the constraints of physical principles and the

capability boundaries of current signal processing technology. Addressing these chal-

lenges requires developing more advanced environmental compensation algorithms,

multi-sensor fusion techniques, and potential hardware improvements.

6.2.2 Individual Variability and Adaptability

Although our systems are designed with universal feature extraction and pattern

recognition algorithms, they still face challenges in handling extreme individual dif-

ferences. In driver fatigue detection, different drivers exhibit significant variations

in physiological characteristics, such as baseline blink frequencies that may differ by

2-3 times, and diverse head movement habits. While our system achieves a certain

degree of adaptability, it still struggles to accurately interpret extreme cases, such as

irregular blink or breathing patterns caused by certain medical conditions.

System calibration is a related issue. Although our methods aim to minimize the need

for user-specific calibration, a certain initialization process is still required in practical

applications to establish individual baselines. In our trials, this process requires 3-5

minutes, which may not be convenient enough for some application scenarios.

Future research needs to develop more efficient personalization algorithms, possibly

combining online learning and incremental adaptation mechanisms, to better handle

individual differences and reduce calibration requirements.
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6.2.3 Computational Resource Requirements and Real-time

Performance

The advanced signal processing and feature extraction techniques proposed in this

research, especially deep learning-based components, typically require substantial

computational resources. For example, our GAN model in the liquid authentication

system requires at least 4GB RAM and moderate GPU performance to achieve real-

time processing (¡100ms latency). When deployed on resource-constrained embedded

platforms, significant model compression and optimization are necessary, which may

result in a 5-10% performance decrease.

In the driver fatigue detection system, the complete signal processing pipeline can

achieve approximately 30ms processing latency on a standard PC platform (Intel

i7 processor, 16GB RAM), meeting real-time requirements. However, on vehicle-

mounted embedded systems, we had to simplify certain processing steps, resulting in

a slight accuracy decrease of about 3%.

These resource constraints reflect the gap between current edge computing technology

and advanced algorithm requirements. Future work needs to develop more efficient

algorithms and optimization techniques for edge devices to maintain high performance

while reducing resource demands.

6.2.4 Limited Validation in Large-scale Real-world Environ-

ments

Although our systems have been tested in laboratory environments and small-scale

actual environments, they have not undergone long-term validation in large-scale

real-world scenarios. For example, the driver fatigue detection system was primarily

evaluated in simulated driving environments and limited real-road tests (with 30

drivers and approximately 200 hours of driving data in total), which may not fully
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represent the complexity and diversity of actual driving conditions involving multiple

stressors and distractions.

Similarly, the liquid authentication system tested 24 different liquids and various

adulteration scenarios, but this remains limited compared to the thousands of liquid

products in the market and countless possible adulteration combinations. The sta-

bility, reliability, and adaptability of the system in long-term use still require more

extensive validation.

This limitation reflects the challenges of transforming laboratory prototypes into com-

mercial products. Future work needs to conduct larger-scale, longer-duration actual

deployment tests and establish more comprehensive performance evaluation systems.

6.3 Future Research Directions

Based on the research findings of this dissertation and the limitations discussed above,

we propose several promising directions for future research:

6.3.1 Multi-modal Sensing Integration and Collaborative Op-

timization

Future research can deeply explore the complementarity and synergistic effects of dif-

ferent sensing modalities, developing more comprehensive multi-modal non-contact

sensing systems. For example, combining millimeter-wave radar with infrared imag-

ing, acoustic sensing, and UWB radar can leverage the advantages of various tech-

nologies to overcome the limitations of single modalities.

Specifically, the following directions can be explored:

• Joint Calibration and Synchronization of Heterogeneous Sensors: De-
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velop efficient methods for spatial-temporal alignment and calibration of differ-

ent types of sensors to ensure consistency and complementarity of multi-modal

data. This includes research on geometric relationship modeling of multiple

sensors, time synchronization mechanisms, and signal-level fusion algorithms.

• Complementary Enhancement of Multi-modal Features: Investigate

how to use information from one modality to enhance feature extraction in

another modality. For example, temperature information provided by infrared

images can be used to assist target segmentation in millimeter-wave radar, or

acoustic features can assist activity recognition in RF signals.

• Dynamic Modality Selection and Weight Allocation: Develop intelli-

gent algorithms to dynamically adjust the weight and importance of various

sensing modalities under different environmental conditions. For example, re-

duce the weight of acoustic modality in high-noise environments, or decrease

the contribution of visual modality in low-light conditions.

• Resource-Efficient Multi-modal System Architecture: Design efficient

system architectures that maximize multi-modal sensing performance under

limited computational and energy constraints. This may include hierarchical

processing strategies, on-demand activation mechanisms, and task-specific re-

source allocation algorithms.

Multi-modal sensing integration can not only improve system performance but also

enhance environmental adaptability and fault resilience, providing more reliable so-

lutions for practical applications.
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6.3.2 Adaptive Learning and Intelligent Sensing Technolo-

gies

With the development of artificial intelligence and machine learning technologies, in-

tegrating advanced learning methods into non-contact sensing systems has enormous

potential. Future research can explore the following directions:

• Meta-learning and Rapid Adaptation: Develop meta-learning-based sens-

ing systems capable of quickly adapting to new users, new environments, or

new tasks from few samples. This is particularly important for applications

requiring personalization but where obtaining large amounts of personal data

is difficult, such as health monitoring and driving behavior analysis.

• Self-supervised and Semi-supervised Learning: Explore techniques for

feature learning utilizing large amounts of unlabeled data, reducing dependence

on manual annotation. This can be achieved by designing physical consistency

constraints, temporal continuity constraints, or multi-modal consistency con-

straints to create self-supervised signals.

• Continual Learning and Adaptation Mechanisms: Investigate sensing

systems capable of continuous learning and adaptation after deployment, ad-

dressing issues such as environmental changes, user habit changes, or system

degradation. This includes developing incremental learning algorithms, concept

drift detection mechanisms, and model update strategies.

• Explainable AI and Trust Building: Develop explainable sensing algo-

rithms that allow users to understand the basis and reliability of system de-

cisions. This is particularly important for safety-critical applications (such as

driving assistance) and personal health monitoring, helping to build user trust

and promote system adoption.
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• Reinforcement Learning and Active Sensing: Explore applying rein-

forcement learning to active sensing strategy optimization, enabling systems

to autonomously select optimal sensing parameters, data collection methods,

or processing workflows to maximize information acquisition while minimizing

resource consumption.

These advanced learning technologies will transform non-contact sensing systems from

simple signal processing tools into intelligent systems with adaptability, autonomy,

and contextual understanding capabilities, greatly expanding their application range

and practicality.

6.3.3 Context-aware and Interactive Sensing Systems

Future non-contact sensing systems should better understand and utilize environ-

mental and user context to provide more precise and relevant sensing results. This

direction includes:

• Contextual Understanding and Semantic Sensing: Develop sensing sys-

tems capable of understanding high-level semantic concepts (such as activity

type, emotional state, social interaction) beyond simple signal pattern recog-

nition. For example, driver fatigue detection systems can adjust fatigue as-

sessment criteria considering driving task difficulty, time factors, and prior rest

status.

• Human-Machine Collaborative Sensing: Research how to integrate user

feedback and human knowledge into sensing systems, forming a human-machine

collaborative sensing framework. For example, allow users to provide simple

feedback to correct erroneous detections, which the system uses to adjust its

parameters and models.
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• Multi-time Scale Context Understanding: Develop sensing systems capa-

ble of integrating immediate, short-term, and long-term contexts. For example,

health monitoring systems can combine immediate physiological measurements,

daily activity patterns, and long-term health trends to provide more compre-

hensive health assessments.

• Cross-spatial Context Collaboration: Explore how to integrate sensing

data from different spatial locations to build more complete contextual under-

standing. For example, smart home systems can combine sensing information

from multiple rooms to infer residents’ activities and needs.

Context awareness will significantly enhance the intelligence level and practical value

of non-contact sensing systems, enabling them to provide more personalized and

targeted services and feedback.

6.3.4 Edge Intelligence and Distributed Sensing Architec-

tures

With the development of IoT technology, non-contact sensing systems will increas-

ingly be deployed in distributed networks, requiring efficient edge computing and

collaborative sensing technologies:

• Ultra-low-power Sensing Algorithms: Develop sensing algorithms specif-

ically designed for resource-constrained devices, reducing computational and

memory requirements through model compression, knowledge distillation, quan-

tized computing, and other techniques, while maintaining sensing performance.

• Hierarchical Sensing Processing Architecture: Research methods for in-

telligently distributing sensing tasks among edge devices, intermediate gate-
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ways, and cloud servers, optimizing system architecture based on task complex-

ity, real-time requirements, and resource availability.

• Federated Learning and Distributed Model Updates: Explore how to

improve sensing models using data from distributed devices while protecting

data privacy. This is particularly important for large-scale deployed personal

health monitoring or driving behavior analysis systems.

• Inter-device Collaborative Sensing: Research methods for multi-device col-

laborative sensing, enabling distributed sensor networks to share information

and work together, providing sensing capabilities that single devices cannot

achieve. For example, multiple radar devices collaborating can overcome the

viewing angle limitations and occlusion problems of single devices.

These technologies will support large-scale deployment and application of non-contact

sensing systems while reducing deployment and maintenance costs and improving

system scalability and flexibility.

6.3.5 Application-Specific Customized Sensing Solutions

To address the specific needs of different application domains, future research can

develop more specialized and customized sensing solutions:

• Medical Health Monitoring: Develop non-contact health monitoring sys-

tems specifically for different populations (such as the elderly, infants, chronic

disease patients), considering their special physiological characteristics and mon-

itoring needs. Research focuses may include sleep quality assessment, respira-

tory disease monitoring, fall risk prediction, and rehabilitation progress evalu-

ation. These systems require higher precision and reliability while considering

comfort and acceptance for long-term use.
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• Intelligent Driving Assistance: Beyond fatigue detection, expand the appli-

cation of millimeter-wave radar in driving state monitoring, such as distraction

detection, emotional state assessment, and driving skill analysis. Future systems

should adapt to scenarios mixing autonomous and manual driving, enabling

seamless integration between driver state and vehicle control, and optimizing

sensing strategies for different driving environments (such as urban, highway,

off-road).

• Food Safety and Quality Control: Extend acoustic sensing to broader food

areas, such as solid food purity detection, packaging integrity verification, and

food freshness assessment. Combined with other non-contact technologies like

spectral analysis, develop comprehensive food safety monitoring platforms pro-

viding quality assurance throughout the production-to-consumption chain.

• Industry 4.0 and Smart Manufacturing: Customize non-contact detection

solutions for different manufacturing processes and product characteristics, such

as metal component fatigue crack monitoring, internal defect detection in com-

posite materials, and precision assembly quality assessment. These systems

need deep integration with manufacturing processes, providing real-time feed-

back and predictive maintenance recommendations.

• Smart Cities and Environmental Sensing: Develop large-scale non-contact

sensing networks for urban environments, used for traffic flow analysis, crowd

density monitoring, environmental parameter measurement, and anomalous

event detection. These systems need to address challenges of signal interfer-

ence, data fusion, and privacy protection in complex urban environments.

These specialized applications will drive non-contact sensing technology toward deeper

development, optimizing performance parameters for specific scenarios while catalyz-

ing new technological innovations and business models.
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6.3.6 System Evaluation Standards and Benchmarking

To promote scientific evaluation and continuous advancement of non-contact sensing

technology, establishing unified evaluation standards and benchmark testing plat-

forms is crucial:

• Standardized Evaluation Metrics: Develop standardized performance met-

ric systems for different sensing tasks, going beyond simple accuracy assessment

to comprehensively consider robustness, adaptability, real-time performance, re-

source efficiency, and user experience across multiple dimensions. For example,

establish standard methods for evaluating performance stability of fatigue driv-

ing detection systems under different environmental conditions (such as lighting

changes, road condition changes).

• Open Benchmark Datasets: Establish large-scale, diverse benchmark datasets

containing sensing data under different environmental conditions, individual

characteristics, and application scenarios, providing objective bases for algo-

rithm comparison and technology assessment. Particularly important is that

these datasets should reflect challenges and variations in actual applications,

not just ideal laboratory conditions.

• System-level Evaluation Platforms: Develop integrated evaluation plat-

forms supporting end-to-end system performance testing, including hardware-

software co-optimization, real-time processing capability, and long-term stabil-

ity assessment. These platforms should allow rapid prototyping and system

component replacement, promoting validation and comparison of innovative

technologies.

• User Experience Evaluation Methods: Establish standardized methods

for evaluating user acceptance, comfort, and long-term usage willingness of non-

contact sensing systems. This is particularly important for applications facing
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individual users (such as health monitoring, driving assistance), as technology

acceptance directly affects actual adoption rates and effectiveness.

Standardized evaluation systems will promote technological transparency and com-

parability, accelerate innovation and dissemination of best practices, and ultimately

drive progress and maturity across the entire field.
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Chapter 7

Conclusion

This thesis explored the advancement of feature granularity and differentiation tech-

niques in wireless sensing systems across three representative application scenarios:

liquid detection, driving behavior monitoring, and anxiety detection. The key contri-

butions of this work include the development of the LiquidAuth System, which suc-

cessfully transformed coarse-grained acoustic features into fine-grained ones, achieving

high accuracy in liquid classification and authentication under diverse conditions. Ad-

ditionally, the mmDrive System introduced a novel feature differentiation approach

using millimeter-wave radar to classify safe and fatigued driving behaviors in real-

time, ensuring robust performance across different driving scenarios. The Anxiety

Detection System designed in this work leveraged a multimodal framework utilizing

physiological, facial, and posture features to classify anxiety states, demonstrating

high accuracy and adaptability to noise and variability. Furthermore, this research

advanced the theoretical understanding of feature granularity improvement, multi-

modal fusion, and real-world system deployment in wireless sensing applications.

The findings of this research have significant implications for wireless sensing tech-

nologies. From a practical standpoint, the proposed systems can be directly applied

to domains such as industrial quality control, automotive safety, and mental health
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monitoring, offering immediate value in these critical areas. From a theoretical per-

spective, the novel feature extraction techniques and fusion frameworks developed

contribute substantially to the broader field of wireless sensing and signal processing,

pushing forward the boundaries of what can be achieved with these technologies.

Building on the foundation established in this thesis, future research could explore

several promising directions. Scalability presents an important challenge, with oppor-

tunities to extend the proposed methods to larger datasets and more complex appli-

cation scenarios. Integration with Edge AI represents another crucial avenue, imple-

menting the systems on edge devices for real-time processing in resource-constrained

environments. The interdisciplinary potential of these techniques also warrants in-

vestigation, with possibilities for expanding their use to areas such as healthcare

diagnostics, smart homes, and environmental monitoring, where precise sensing ca-

pabilities could drive significant innovations.

This thesis demonstrated that improving feature granularity and differentiation sig-

nificantly enhances the performance and adaptability of wireless sensing systems. By

addressing challenges in diverse scenarios ranging from liquid authentication to anxi-

ety detection, the proposed methods contribute to the advancement of both research

and practical applications in the field. The framework and methodologies presented

herein provide a solid foundation for future explorations in wireless sensing technolo-

gies, with the potential to transform numerous aspects of our technological landscape

through more accurate, reliable, and context-aware sensing capabilities.
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Youssef Ouakrim, and Évelyne Vallières. Feature selection for driving fatigue

characterization and detection using visual-and signal-based sensors. In Applied

Informatics, volume 5, pages 1–15. Springer, 2018.

[46] Nguyen Duc Hieu, Nguyen Van Duc, Tran Phuong Huyen, Nguyen Thi Thu

Thuy, Nguyen Linh Trang, Dang Minh Huong Giang, Chu Thi Hue, Nguyen

Thi Anh Huong, and Hoang Quoc Anh. A mini-review on analytical methods

for polycyclic aromatic hydrocarbons in vietnamese food and beverage samples.

Vietnam Journal of Food Control, 6(3):231–245, 2023.

[47] Yongzhi Huang, Kaixin Chen, Yandao Huang, Lu Wang, and Kaishun Wu.

Vi-liquid: unknown liquid identification with your smartphone vibration. In

Proceedings of the 27th Annual International Conference on Mobile Computing

and Networking, pages 174–187, 2021.

[48] S. Jain, A. Mishra, W. Li, and L. Liu. Liquid: A wireless liquid identifier. In

Proceedings of the 19th Annual International Conference on Mobile Systems,

Applications, and Services (MobiSys), pages 201–212, 2021.

[49] Surabhi Jain, Nilesh K Tiwari, and M Jaleel Akhtar. Csiwc rf sensor for micro-

fluidic non-contact quality assessment of milk. International Journal of RF and

Microwave Computer-Aided Engineering, 32(2):e22962, 2022.

[50] SN Jha, P Jaiswal, MK Grewal, M Gupta, and R Bhardwaj. Detection of

adulterants and contaminants in liquid foods-a review. Crit Rev Food Sci Nutr,

10(56):1662–84, 2016.

190



References

[51] W. Jia, H. Peng, N. Ruan, Z. Tang, and W. Zhao. Wifind: Driver fatigue

detection with fine-grained wi-fi signal features. IEEE Transactions on Big

Data, 6(2):269–282, 2020.

[52] Weijia Jia, Hongjian Peng, Na Ruan, Zhiqing Tang, and Wei Zhao. Wifind:

Driver fatigue detection with fine-grained wi-fi signal features. IEEE Transac-

tions on Big Data, 6(2):269–282, 2020.

[53] Zhu Juncen, Jiannong Cao, Yanni Yang, Wei Ren, and Huizi Han. mmdrive:

Fine-grained fatigue driving detection using mmwave radar. ACM Trans. In-

ternet Things, 4(4), November 2023.

[54] Sang-Joong Jung, Heung-Sub Shin, and Wan-Young Chung. Driver fatigue

and drowsiness monitoring system with embedded electrocardiogram sensor on

steering wheel. IET Intelligent Transport Systems, 8(1):43–50, 2014.
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