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Abstract

This thesis investigates robust, non-contact sensing methodologies for physiological

signal estimation and human behavior understanding using Doppler ultrasound (DUS)

and millimeter-wave (mmWave) radar technologies. In response to growing demand for

non-contact, privacy-preserving monitoring in healthcare, smart home, and rehabilitation

applications, this work aims to develop deep learning-based systems that can reliably

interpret sparse, noisy, and environment-sensitive signals in contactless sensing systems.

Chapter 2 of this thesis addresses fetal heart rate (FHR) estimation from DUS sig-

nals. We propose a robust framework that integrates time-frequency domain information

of DUS signals via short-time Fourier transform (STFT), dual autocorrelation-based peak

tracking, and an unsupervised signal quality assessment (SQA) module based on varia-

tional autoencoders (VAEs) and self-organizing maps (SOMs). This design enables fetal

heart rate estimation while adaptively excluding low-quality signal segments, achieving

improved accuracy and robustness without requiring ground truth annotations.

Chapter 3 presents a rough-to-fine heart rate estimation framework using MIMO FMCW

radar. This system integrates Curve-Length (CL)-based person localization and a deep

Convolutional Neural Network (CNN) model that refines heart rate (HR) estimation using

both filtered IQ signals and coarse HR estimates. The approach supports short-window

inference, making it suitable for real-time health monitoring.

ix



Chapter 4 focuses on human skeleton estimation using multi-frame mmWave radar

point cloud sequences. A CNN and Bi-directional Long Short-Term Memory (BiLSTM)

architecture is developed to capture both spatial structure and temporal dynamics, while

an Long Short-Term Memory (LSTM)-based point cloud reliability assessment mecha-

nism selectively suppresses unreliable input frames. The proposed model avoids voxeliza-

tion and maintains real-time performance, significantly enhancing accuracy in low-quality

data scenarios.

In Chapter 5, we extend the framework introduced in Chapter 4 and introduce mmPoint-

Attention, a unified Transformer-based architecture for human pose estimation and activ-

ity recognition. This model incorporates attention and Transformer encoder layers for

both human pose estimation and activity recognition. Evaluations on MM-Fi and mRI

benchmark datasets demonstrate that mmPoint-Attention outperforms prior voxelized or

two-stage models while maintaining computational efficiency.

Collectively, the contributions of this thesis form a comprehensive foundation for ro-

bust and efficient contactless sensing systems. By advancing deep learning-based tech-

nologies, this work provides practical methodologies for future smart sensing platforms

in healthcare intelligence.
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1.1 Background and Motivation

The global demand for remote health monitoring [1–8], personalized medicine [9, 10],

and intelligent ambient systems [11–13] has increased rapidly. As a result, non-contact

sensing technologies [14–18] have become indispensable in modern biomedical engi-

neering, smart home infrastructure, and human-computer interaction (HCI) applications.

These technologies facilitate unobtrusive, continuous, and remote monitoring of vital

signs [19–24] and human behaviors [25–30], especially in the best interests of vulner-

able populations such as elderly, newborns, pregnant women, and patients who require

long-term care.

Despite their increasing prevalence, traditional modalities such as contact-based elec-

trocardiogram (ECG) [31–36], RGB cameras [37–43], and wearable inertial sensors [44–

47] exhibit inherent limitations such as discomfort, privacy concerns, susceptibility to

light or motion artifacts, and maintenance overhead.

To overcome these barriers, the research community has turned to emerging modali-

ties such as Doppler ultrasound [48–51] and millimeter-wave (mmWave) radar [52–57].

These modalities provide distinct advantages: Doppler ultrasound supports non-invasive

fetal monitoring, and mmWave radar enables contactless sensing in different environ-

ments, offering robust privacy-aware alternatives to camera and wearable systems.

1.2 Challenges in Non-Contact Biomedical Sensing

Despite the growing promise of non-contact sensing technologies in healthcare and am-

bient intelligence applications, several core technical and practical challenges remain.

These challenges span signal reliability, modeling complexity, computational cost, and

real-time adaptability, each of which constrains the deployment of robust biomedical sys-

tems in real-world environments.

Fetal Heart Rate (FHR) Estimation: Accurate FHR estimation plays a critical role

in prenatal care, allowing early detection of fetal distress and guiding obstetric decision

making. Doppler ultrasound (DUS) has become a standard tool in clinical settings due to
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its non-invasive and cost-effective nature [58]. However, the quality of the acquired DUS

signal is highly susceptible to various physiological and environmental factors, such as

maternal breathing, fetal motion, and sensor displacement. These factors introduce non-

stationary noise and lead to significant degradation in signal-to-noise ratio (SNR), com-

plicating the detection of fetal heartbeats. Traditional peak detection approaches based

on autocorrelation functions (ACF) [3, 59] are vulnerable to such artifacts and often fail

under poor SNR conditions. Moreover, while signal quality assessment (SQA) can help

filter unreliable segments prior to FHR computation, most existing SQA models are super-

vised [60], requiring large volumes of expert-annotated data. Due to the clinical difficulty

and cost of generating high-quality DUS labels, these methods often lack generalization

to unseen patient populations and diverse noise patterns. Consequently, there is a strong

need for frameworks that do not rely on labeled data. These frameworks should be capable

of assessing signal quality and estimating FHR robustly in real-world clinical conditions.

Strictly speaking, DUS for fetal heart monitoring is not a completely contactless technol-

ogy, as it involves contact with the maternal body. However, from a technical perspective,

the ultrasound transducer only touches the surface of the mother’s abdomen and does not

come into direct contact with the fetus. Therefore, in this thesis, DUS for the estimation

of FHR is also classified as contactless sensing technologies.

Heart Rate Estimation via FMCW mmWave Radar: Frequency Modulated Con-

tinuous Wave (FMCW) mmWave radar systems provide the capability to extract subtle

physiological movements, such as chest vibrations due to respiration and heartbeat. This

opens up opportunities for contactless heart rate (HR) monitoring in scenarios such as

sleep tracking, elderly care, and post-operative surveillance [61, 62]. However, existing

systems are often limited in three key aspects. First, most use single-input single-output

(SISO) radar hardware, which offers low angular resolution and restricts the ability to iso-

late signals from a specific body region. Second, to achieve reliable HR estimation, these

conventional systems [63, 64] typically rely on long observation windows (10 seconds or

more) to suppress noise, which hinders real-time applicability. Third, the signal quality is

3



highly sensitive to body posture, motion artifacts, and radar-target alignment, causing in-

stability in dynamic environments. While deep learning methods have been introduced to

assist spectral estimation [61], they are typically trained on SISO radar data and struggle

to generalize across subjects or recording conditions. In summary, robust HR estimation

using FMCW mmWave radar remains challenging due to hardware limitations, temporal

constraints for signal processing, and sensitivity to environmental and inter-subject vari-

ability. Addressing these issues requires both improved spatial resolution and adaptive,

context-aware learning algorithms.

Pose Estimation Using mmWave Radar: The mmWave radar offers a privacy-

preserving and lighting-agnostic alternative to RGB cameras for human pose estimation,

especially in indoor environments. Its ability to generate point cloud representations of

human subjects enables fine-grained skeletal tracking [65, 66]. However, several critical

challenges remain. First, most existing models rely on single-frame inputs or use vox-

elization [67], which quantizes point cloud data into regular 3D grids. Although this

facilitates the use of convolutional architectures, it introduces spatial information loss and

computational overhead. Second, radar point clouds are inherently sparse, noisy, and in-

complete due to occlusion, multi-path reflection, and antenna resolution limits. These

characteristics make pose estimation more difficult compared to vision-based approaches.

Furthermore, prior models [65,66] tend to ignore point cloud reliability that may decrease

due to radar sensor movement or environmental interference. This leads to unstable pose

predictions over time. To address these issues, more temporally coherent and reliability-

aware models are necessary, capable of integrating sequential radar data and assess the

point cloud reliability for removing unreliable frames.

Activity Recognition: Radar-based human activity recognition (HAR) has gained

traction due to its non-contact nature and resilience to lighting changes. Early HAR

systems focused on classifying simple gestures or daily activities using human-defined

features and conventional classifiers [68]. However, the recent introduction of complex

radar datasets, such as MM-Fi and mRI [1,2], has raised the bar by including fine-grained
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actions (e.g., rehabilitation activities) and longer temporal sequences. Many existing ap-

proaches rely on a two-stage pipeline. First, a pose estimation model predicts human

skeleton joints from radar input. Then, a downstream classifier recognizes actions from

the pose sequence. This introduces error propagation: inaccuracies in pose estimation

can severely affect the accuracy of activity recognition. Moreover, this approach discards

potentially useful spatial and temporal features embedded in the raw point cloud. End-to-

end models that simultaneously learn both pose-related and activity-related features from

spatiotemporal radar data are still rare. The challenge lies in developing architectures that

can jointly model motion dynamics, spatial structure, and temporal dependencies while

being robust to radar-specific noise and changing environments.

Figure 1.1. An overview of this thesis.

1.3 Overview of thesis

To overcome the challenges outlined above, this thesis presents four integrated research

directions that related to advanced contactless sensing technologies with signal-aware

machine learning methodologies. Each direction corresponds to a core biomedical task,

and collectively they form a cohesive strategy toward building robust, interpretable, and

5



generalizable non-contact monitoring systems. Following this, Figure 1.1 illustrates an

overview of this thesis. This thesis consists of six chapters which are introduced as fol-

lows:

• A Robust Approach Assisted by Signal Quality Assessment for Fetal Heart

Rate Estimation from Doppler Ultrasound Signal (Chapter 2): This chapter

introduces a novel unsupervised learning framework that integrates signal quality

assessment with Short-Time Fourier Transform (STFT) and Autocorrelation Func-

tion (ACF)-based FHR estimation, enabling reliable fetal heart rate detection from

noisy Doppler ultrasound (DUS) signals. The method bypasses the need for anno-

tated training data and utilizes the unsupervised-learning method for signal quality

assessment. The validation on real data collected from hospital demonstrates its

robustness under diverse noise conditions. The contributions of Chapter 2 are sum-

marized in Table 1.1. Here, the full terms represented by the abbreviations in the

Table 1.1 are explained. DUS: Doppler ultrasound; SQA: Signal Quality Assess-

ment; STFT: Short-Time Fourier Transform; FHR: Fetal Heart Rate; FRRI: Fetal

R-R Interval; VAE: Variational Autoencoder; SOM: Self-Organizing Map; SQI:

Signal Quality Index.

• Rough-to-Fine Model-based Non-contact Heart Rate Estimation using MIMO

FMCW Radar (Chapter 3): A rough-to-fine signal processing and learning frame-

work is developed for heart rate estimation using high-resolution Multiple-Input

and Multiple-Output (MIMO) FMCW mmWave radar. The pipeline includes hu-

man localization, rough HR estimation through traditional method, and fine estima-

tion using a dual-input CNN model. This approach reduces the length of required

time windows while maintaining accuracy, making it suitable for real-time deploy-

ment in smart-home applications. The contributions of Chapter 3 are summarized in

Table 1.2. Here is the list of abbreviations used in the Table 1.2 along with their full
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forms. DL: Deep Learning; CNN: Convolutional Neural Network; SNR: Signal-

to-Noise Ratio; HR: Heart Rate; NOMP: Newtonized Orthogonal Matching Pur-

suit; SISO: Single-Input Single-Output; MIMO: Multiple-Input Multiple-Output;

FMCW: Frequency-Modulated Continuous Wave.

• A Robust Multi-frame mmWave Radar Point Cloud-based Human Skeleton

Estimation Approach with Point Cloud Reliability Assessment (Chapter 4):

This chapter proposes a Convolutional Neural Network (CNN) and Bi-directional

Long Short-Term Memory (BiLSTM)-based model that operates directly on se-

quential radar point clouds for human skeleton estimation (pose estimation). By

treating each point as a dynamic entity over time, the model learns both spatial

structure and motion patterns without voxelization. A point cloud reliability assess-

ment mechanism is introduced to improve the robustness for pose estimation by

recognizing and removing the unreliable frames. The model shows strong robust-

ness to sparse and noisy sequences. The contributions of Chapter 4 are summarized

in Table 1.3.

• mmPoint-Attention: A Unified Attention Framework for Human Pose and Ac-

tivity Recognition from mmWave Radar Point Clouds (Chapter 5): Address-

ing the problems of conventional pipelines, this chapter presents an end-to-end ar-

chitecture that simultaneously performs pose estimation and activity classification

fro radar point cloud data. The model integrates some attention mechanisms and

Transformer encoder layers for both human pose estimation and activity recogni-

tion. Evaluations on several datasets, including rehabilitation tasks, highlight the

model’s capability in real-world scenarios. The contributions of Chapter 5 are sum-

marized in Table 1.4.

• Conclusion and Future Works (Chapter 6): This research builds the groundwork

for a new type of contactless sensing system that is smart, reliable, and easy to use

in everyday situations. To make these ideas a reality, future work with hospitals and

companies will be important.
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These four research threads are unified under a common goal: to design deep learning-

driven non-contact sensing systems that are adaptable to signal variations, capable of

leveraging temporal context, and deployable in practical scenarios involving vulnerable

users or privacy-sensitive conditions.

1.4 Summary of Contributions

This thesis contributes both methodological innovations and application-level validations

that advance the field of contactless biomedical sensing. The main contributions can be

summarized as follows:

• A novel pre-processing strategy is proposed for DUS signals by combining time

and frequency information through Short-Time Fourier Transform (STFT). This

approach is inherently robust to variations in DUS signal quality, as it is supported

by a SQA module. To enable this, we introduce an unsupervised representation

learning-based SQA framework that eliminates the need for large annotated datasets

of quality labels. Moreover, the use of representation learning allows our model to

capture richer and more abstract information than conventional hand-crafted fea-

tures. Compared to the baseline MAE of 2.51 bpm, the proposed method achieves

a substantially lower error of 0.74 bpm in FHR estimation.

• A rough-to-fine HR estimation framework using MIMO FMCW mmWave radar is

introduced, combining a curve-length (CL)-based human localization method with

a two-stage estimation pipeline. After detecting the target’s position, the system

extracts heartbeat-related signals from selected radar cells. A rough HR estimate

is obtained via peak detection, followed by a refined estimate using a dual-input,

dual-output CNN model that captures richer temporal context and is capable to as-

sign weights to the selected cells for improving the HR estimation accuracy. The

proposed model reduces the MAE of HR estimation by 3.64 bpm compared to base-

line.
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• A novel CNN and BiLSTM-based human skeleton estimation model is introduced

that utilizes multi-frame point cloud data without the need for voxelization. Addi-

tionally, a Long Short-Term Memory (LSTM)-based neural network is introduced

to assess the reliability of point cloud data segments, further enhancing the robust-

ness of our method. This approach achieves a 3 cm reduction in joint location MAE

and reduces the number of trainable parameters by 75% compared to the baseline.

• A framework mmPoint-Attention is proposed, which is a unified deep learning

framework that combines attention mechanisms with Transformer encoders to per-

form human pose estimation and activity recognition directly from multi-frame

point cloud data, eliminating the need for voxelization. Our model incorporates

attention mechanisms during feature extraction and context modeling, leading to

improved accuracy in 3D joint localization and complex activity classification com-

pared to prior methods. A lightweight post-processing step enhances prediction

consistency in continuous sequences. Furthermore, we address domain shift chal-

lenges through efficient fine-tuning with limited target data, achieving strong gen-

eralization while maintaining computational efficiency. Our method improves pose

estimation accuracy by 2 cm PA-MPJPE and improves 9% in mean average preci-

sion (mAP) for activity recognition, while reducing the number of trainable param-

eters by 53% compared to the baseline.

The effectiveness of these contributions is demonstrated through extensive experi-

ments on diverse datasets, including real-world clinical DUS recordings, mmWave radar

point clouds, and FMCW mmWave radar raw Analog-to-Digital Converter (ADC) data.

Together, these contributions push forward the integration of signal processing and deep

learning for future-proof, contactless health monitoring in healthcare intelligence.

1.5 Abbreviations

Table 1.5 shows the abbreviations used in this thesis.
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Abbreviation Full Term

AAE Average Absolute Error

ACF Autocorrelation Function

ADC Analog-to-Digital Converter

AE Autoencoder

BiLSTM Bidirectional Long Short-Term Memory

CL Curve Length

CNN Convolutional Neural Network

CTG Cardiotocography

DL Deep Learning

DUS Doppler Ultrasound

ECG Electrocardiogram

ELU Exponential Linear Unit

EMD Empirical Mode Decomposition

FCN Fully Convolutional Network

FHR Fetal Heart Rate

FMCW Frequency-Modulated Continuous Wave

FRRI Fetal R-R Interval

HCI Human-Computer Interaction

HR Heart Rate

IMF Intrinsic Mode Function

KF Kalman Filter

KLD Kullback–Leibler Divergence

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MIMO Multiple-Input Multiple-Output

MLP Multi-Layer Perceptron

mRI mmWave Radar Intelligence dataset

mmWave Millimeter Wave

NAE Normalized Absolute Error

NLP Natural Language Processing

NOMP Newtonized Orthogonal Matching Pursuit

PC Point Cloud

PPG Photoplethysmogram

QE Quantization Error

ReLU Rectified Linear Unit
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Abbreviation Full Term

RMSE Root Mean Square Error

RNN Recurrent Neural Network

RRI R-R Interval

SISO Single-Input Single-Output

SNR Signal-to-Noise Ratio

SOM Self-Organizing Map

SQA Signal Quality Assessment

SQI Signal Quality Index

STFT Short-Time Fourier Transform

TI Texas Instruments

VAE Variational Autoencoder
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Chapter 2

A Robust Approach Assisted by Signal

Quality Assessment for Fetal Heart

Rate Estimation from Doppler

Ultrasound Signal
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2.1 Introduction

Fetal heart rate (FHR) serves as a vital metric for assessing the well-being of a fetus. It

aids in identifying high-risk pregnancies and reducing fetal mortality rates. Cardiotocog-

raphy (CTG) is a commonly employed method that allows the simultaneous recording of

both maternal and fetal heartbeats. Among the techniques used to extract FHR from CTG

recordings, the Doppler ultrasound (DUS) technique has gained prominence [58]. This

involves attaching an ultrasound (US) transducer to the mother’s abdomen to enable con-

tinuous monitoring, as depicted in Figure 2.1. Previous studies [75, 76] have established

that the most accurate FHR estimation relies on invasive fetal electrocardiogram (ECG),

with non-invasive fetal ECG representing the second most precise method. While FHR

estimation based on DUS signals does not attain the same level of accuracy as fetal ECG,

it offers distinct advantages. Notably, invasive fetal ECG is restricted to specific cases

due to the undesirability of long-term attachment of fetal scalp electrodes for FHR moni-

toring. Conversely, non-invasive fetal ECG signals obtained by placing electrodes on the

mother’s abdomen necessitate expensive equipment and expert operation [77]. To capture

a DUS signal, the ultrasound (US) transducer is positioned on the mother’s abdomen. The

primary technique for estimating fetal heart rate (FHR) from these DUS signals is based

on the autocorrelation function (ACF) [3, 59, 69]. This method leverages the inherent pe-

riodicity of the DUS signals to extract the FHR information accurately. Another notable

approach for FHR estimation involves empirical mode decomposition (EMD). By em-

ploying EMD, it becomes possible to identify signal components associated with the valve

motion of the fetal heart [78,79]. The ACF-based approaches have demonstrated superior

consistency and applicability compared to EMD-based methods, primarily due to their

simpler computations and fewer parameters. However, current approaches still face sev-

eral challenges that warrant attention. Firstly, prior studies [3,59,69] have predominantly

focused on a single domain (time or frequency) during ACF calculations, potentially re-

sulting in the loss of valuable information from the other domain. Moreover, DUS signals

are susceptible to various interferences, including maternal, fetal, and instrument move-

ments, leading to a degradation in the signal-to-noise ratio (SNR). Accurately estimating
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FHR using noisy DUS data becomes challenging, as the quality of the fetal DUS signals

significantly impacts the accuracy of the FHR estimation [70]. To enhance FHR estima-

tion accuracy, a common technique employed is signal quality assessment (SQA), which

involves identifying segments of low-quality signals and subsequently eliminating or in-

terpolating erroneous FHR values derived from these segments. Presently, the available

literature on signal quality assessment (SQA) methods for DUS signals remains limited,

with only a few approaches published [60, 70]. However, these approaches based on su-

pervised machine learning techniques usually require large labeled datasets, and there are

few public DUS datasets with professional annotations. Furthermore, the existing SQA

methods primarily focus on removing the estimated fetal heart rates (FHRs) from the

identified segments of low-quality DUS signals. However, this approach may result in a

reduced proportion of reserved FHRs in relation to the overall number of estimated FHRs

within a record. Hence, alternative strategies are required to address this issue effectively.

Figure 2.1. DUS signal measurement for prenatal monitoring.

Inspired by the shortcomings of existing DUS-based FHR estimation and DUS SQA

methods, this study present a robust DUS-based FHR estimation method supported by

DUS SQA based on unsupervised representation learning. By means of a band-pass fil-

ter and a short-time Fourier transform (STFT), the DUS signals are pre-processed in the
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form of spectrograms. The spectra are integrated over the spectrograms to produce inte-

grated spectral data. The ACF is applied to a 3.75 s integrated spectrum segment and a

peak is detected. An approximate fetal RR interval (FRRI) is first determined from the

detected ACF peak, which is used to resize the window for the second ACF calculation.

The detected peak of the second ACF is defined as the FRRI of that segment. In addition,

the length of the window movement is determined based on the FRRI estimated from the

previous window. The proposed DUS SQA uses a fully convolutional network (FCN)-

based variational autoencoder (VAE) to obtain learning representations of pre-processed

DUS signals by integrating the autoencoder (AE) models mentioned in [80,81]. By feed-

ing these learned representations into a self-organizing map (SOM), the study generate

a combined signal quality indicator (SQI) that incorporates the quantization error (QE)

of the SOM [82]. The combined SQI is used to modify the measurement noise covari-

ance, and a Kalman filter (KF) is then used to correct the inaccurate FRRIs computed

from low-quality signals [83, 84]. The study would like to mention that the proposed

DUS SQA method has been previously reported [85], serving as a foundation for the pro-

posed current research. In this thesis, the study utilize the DUS SQA method proposed in

the proposed previous work [85]. However, the fetal heart rate estimation section is en-

tirely novel and presented for the first time. Additionally, the study include a comparative

analysis of the experimental results between the proposed approach and a conventional

method, which remains unpublished. The study conducted a thorough evaluation of the

proposed method using DUS recordings obtained from ten subjects. The experimental

results clearly demonstrated that the proposed method outperformed the conventional ap-

proach [3] in terms of FHR estimation accuracy. Furthermore, the integration of the pro-

posed DUS SQA method led to a substantial reduction in the estimation errors of FHRs.

The main contributions of the proposed work can be summarized as follows:

• This study combine time and frequency information using STFT for DUS signal

pre-processing so that the ACF-based FHR estimation algorithm does not focus

only on a single domain as in previous works.
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• This method is robust to DUS recordings of different qualities because it is sup-

ported by DUS SQA.

• An unsupervised representation learning-based DUS SQA approach is proposed in

this thesis, which eliminates the need for a large dataset of quality labels. Fur-

thermore, representation learning enables the proposed method to exploit deeper

information than human-defined features.

The structure of this chapter is as follows. Section 2.2 summarises and discusses re-

lated work. Subsequently, the preliminary work is presented in Section 2.3. The proposed

method is described in Section 2.4. In Section 2.5, this study evaluate the performance

of the proposed proposed method and discuss its strengths and limitations. Finally, this

study conclude this chapter in Section 2.6.

2.2 Related Work

Some FHR estimation techniques using DUS signals have been reported [3,59,69,78,79].

ACF-based FHR estimators are the most commonly used, which have been shown to be

computationally inexpensive and can achieve accurate FHR estimation. A two-step ap-

proach for FHR extraction using DUS signals has been proposed by Peter et al. [69],

based mainly on the ACF technique. The cardiac cycle times are roughly estimated based

on low-pass filtering of the envelope signals, and then the FHRs are calculated using

ACF in the frequency domain. However, they mentioned that this method has a relatively

high sensitivity to signal-to-noise ratio (SNR), which means that low SNR can lead to

inaccurate results. Jezewski et al. [59] presented an ACF-based technique for FHR esti-

mation from DUS signals, which includes three main steps: dynamic adjustment of the

ACF window, adaptive ACF peak detection, and determination of beat-to-beat intervals.

The ACF windows are continuously adjusted based on the most recent FHR estimate.

In addition, if ACF peaks fall within the previously identified FHR range, they are as-

signed a higher probability of correlating with the correct cardiac cycle. To assess the

quality of DUS signals, they also propose that a lower ACF peak indicates lower signal
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quality, which increases the possibility of inaccurate estimation of cardiac cycle duration.

Although Jezewski et al. [59] introduced an indicator to reduce the negative effects of

low-quality signals, a single indicator is not reliable enough to remove all low-quality

signals. Another research paper [3] provides a generalizable, reproducible, open-source

ACF-based technique that can accurately estimate FHR from 1D-DUS obtained using a

low-cost handheld transducer. A total of 721 DUS signal segments of 3.75 s length were

used to train an FHR estimator, and the parameters of the estimator were adjusted by

Bayesian optimization. In addition, it has been mentioned in this thesis that only high-

quality signal segments are selected for experiments based on the SQA method proposed

in [70]. However, by using a rectangular window, the ACF was calculated only in the

time domain, so some information in the frequency domain may be lost. Moreover, the

fixed window length for ACF calculation limits the accuracy of FHR estimates.

In addition to ACF-based approaches, the empirical mode decomposition (EMD)

method has also been used for FHR estimation. Rouvre et al. [78] proposed that the

performance of FHR estimation can be improved by applying ACF to the intrinsic mode

functions (IMFs) after empirical mode decomposition. However, they also mentioned

that this method has not yet been fully formalized theoretically and that the computa-

tional complexity is highly dependent on the intrinsic signal properties. Furthermore, an

EMD kurtosis method for FHR extraction from DUS signals was presented by Al-Angari

et al. [79]. In their work, the kurtosis function is calculated on the FHRs extracted from

the DUS signal. It is worth mentioning that the most important indicator of this approach

is the appropriate window size used to apply the kurtosis function. It has been shown

that the EMD-based methods have better performance than the ACF-based methods when

processing signals with relatively high SNR, in other words, the EMS-based methods are

more robust. However, it is very possible that some related parameters, including the

number of IMFs and the size of the window used to calculate kurtosis, may be overfitted

during optimization due to the limited amount of data.

Compared to EMD-based techniques, ACF-based methods show higher reproducibil-

ity and practicality due to the relatively low computational complexity and a small number
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of parameters. However, there are still several drawbacks to the existing methods that can

be improved:

• The ACF calculations in these existing works only focus on one domain, time, or

frequency. Thus, the information about the other domain may be lost during the

calculation.

• The performance of ACF-based FHR estimation techniques is highly dependent

on the quality of the DUS signal. Although some papers [3, 59] use simple SQA

approaches to solve this problem, these DUS SQA methods can still be enhanced.

Up to now, a small number of SQA methods for DUS signals have been introduced.

A DUS SQA based on the Support Vector Machine was proposed by C. E. Valderrama

et al. [70]. Some innovative template-based SQIs derived from correlation coefficients

between DUS signals and the fetal heartbeat-based template signals are used for DUS

SQA. The Naive Bayes classifier was also used for DUS SQA [60], where twelve SQIs

were used. These SQIs are mostly related to the range of valve movement. Although it has

been demonstrated that these DUS SQA approaches can discriminate between different

quality levels, there are still certain limitations:

• Large labeled datasets are usually required for these research works based on super-

vised machine learning methods. However, there are few DUS datasets with quality

annotations. In addition, annotation of DUS quality levels is laborious and requires

expert knowledge.

• The human-defined signal quality features used in these works limit the ability to

mine deeper signal quality information in DUS signals.

• These existing methods simply eliminate the estimated FHRs from the detected

low-quality DUS signal segments, which may result in a reduction in the proportion

of reserved FHRs to all estimated FHRs in each recording.

Although not for DUS signals, some unsupervised learning-based SQA methods have

been introduced to improve signal analyzing performance. A paper [86] evaluates pho-

toplethysmography signal quality by computing seven SQIs associated with entropy and
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waveform morphology and training a SOM for quality-level classification. In addition,

two AE-based ECG SQIs associated with reconstruction errors and reconstruction relia-

bilities have been proposed by N. Seeuws et al. [80]. Recently, unsupervised representa-

tion learning has gained popularity for time series classification tasks. In the paper [87],

time series data can be transformed into an instance-feature matrix using a proposed ef-

fective unsupervised representation learning methodology, where they also demonstrated

that these features can be used to perform precise time series clustering tasks. J. Pereira

et al. [81] have also proposed a VAE-based representation learning strategy for anomaly

identification. How to appropriately apply the SQA results for achieving better FHR esti-

mation accuracy is another crucial task, in addition to the evaluation of the signal quality.

Li et al. [83] introduced a method that utilizes KF to correct heart rate estimates, in-

corporating four ECG SQIs to adaptively adjust the measurement noise covariance. In

addition, for non-invasive fetal ECG signals, another paper [84] also uses KF to enhance

the precision of FHR estimation.

2.3 Preliminaries

2.3.1 Doppler Ultrasound (DUS) Signal

For continuous recording, the US transducer is placed on the maternal abdomen to extract

DUS signals, as shown in Figure 2.1. When US waves are reflected from an object, the

frequency of the US waves changes, which is called the Doppler frequency shift. This

frequency shift, fs, is given by:

fs =
2 f0v cos θ

c
, (2.1)

where c is the US propagation velocity and f0 is the transmission frequency. θ is the angle

of the object along the direction of the US wave, and v cos θ is the velocity of the object

along that direction [77]. The US waves propagate through the mother’s skin and some

tissues. The transmitted US waves are reflected by the fetal chest wall. During reflection,

the frequency of the US waves changes due to the movement of the heart wall and valves
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of the fetal heart and, in some cases, blood flow. The reflected US waves are received

by the transducer on the mother’s abdomen. The received US waves contain such fetal

physical movements, including heart activity, and thus it is possible to estimate the FHR

by analyzing the received US wave, i.e., a DUS signal.

2.3.2 Autocorrelation Function (ACF)

It provides a statistical representation of the similarity between a time series and its de-

layed version. By utilizing the ACF, the analysts can compare the current value of a

dataset with its past values. This function operates by comparing a given time series with

a lagged version of itself across one or multiple time periods [88]. For a given time series

data [Y1,Y2, ...,YN], the ACF with a lag of k is defined as follows:

ac fk =

∑N−k
i=1 (Yi − Y)(Yi+k − Y)∑N

i=1 (Yi − Y)
2 . (2.2)

2.3.3 Variational Autoencoder (VAE)

Autoencoder (AE), which is a neural network consisting of an encoder and a decoder, can

extract representations from the inputs and reconstruct the inputs from these representa-

tions [89]. By inputting a vector x into AE, a representation vector z in the latent layer

(between encoder and decoder) can be compressed by the encoder neural network and

reconstructed to the reconstructed vector x̂ by the decoder neural network. The redun-

dancies associated with unnecessary information can be eliminated during representation

learning, while the most important information of the input data can be retained. There-

fore, the reconstruction of the input vector x from the representation vector z is possible

after training for several epochs. The proposal of VAE [90] rapidly promoted the devel-

opment of AE technology to a great extent. The most significant difference between VAE

and AE is that the representation vector z in the latent layer of VAE is a random variable

with a Gaussian distribution, N(µz,σ
2
z ). In addition, it is worth noting that while the

reconstruction error typically serves as the primary loss function for AE, VAE introduces

an additional loss component based on the Kullback–Leibler divergence (KLD) between
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the Gaussian distribution N(µz,σ
2
z ) and the standard normal distribution N(0, I). This

KLD loss term further enhances the capability to capture and model the latent space dis-

tribution.

2.3.4 Self-Organizing Map (SOM)

To address the challenges of SQA, SOM, a clustering method based on unsupervised

learning, has been used in some papers [86, 91]. SOM employs a two-layer neural net-

work to map an N-dimensional input layer onto a two-dimensional output layer. The

output layer consists of multiple neurons, each serving as a potential match for an input

sample, thereby identifying a winning neuron. SOM training typically involves com-

petitive learning. The QE of an input vector can be regarded as the Euclidean distance

between that vector and its corresponding winning neuron. T. Kohonen et al. [82] noted

that a smaller QE signifies a better alignment between the input sample and the trained

SOM model [82]. By leveraging the QE of a set of input data, it becomes possible to

identify anomalies within the data. For instance, it can be utilized to detect low-quality

signal segments when the majority of signal segments exhibit high quality.

2.4 Proposed Method

As shown in Figure 2.2, four components make up the framework of the robust FHR

estimation approach assisted by DUS SQA. These four blocks are described separately as

follows.
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Figure 2.2. The overview of the proposed method for DUS-based FHR estimation assisted by

SQA.

2.4.1 Pre-Processing

In general, fetal heart activity occurs at frequencies below 500 Hz. In addition, frequen-

cies below 25 Hz are primarily correlated with noise generated by fetal movement or
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equipment. Thus, this study apply a bandpass filter to raw DUS signals with cutoff fre-

quencies of 25 Hz and 500 Hz to focus on fetal heartbeats [3]. In addition, 2D spectro-

grams are generated using STFT with a window length of 64 ms and a step size of 1 ms.

To generate integrated spectrum data from spectrograms, which are time series data, the

spectra are integrated over the spectrograms in the frequency range [25, 500] Hz [92].

An example of filtered DUS data, spectrograms, and integrated spectrum data is shown in

Figure 2.3. The actual fetal heartbeat timings (R-peaks) are marked in red.

(a) Filtered DUS signal and integrated spectrum

(b) Spectrogram

Figure 2.3. An example of filtered DUS data, spectrograms, and corresponding integrated spec-
trum data.
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2.4.2 FRRI Estimation

Figure 2.4. The workflow for FRRI estimation from DUS signals.

Figure 2.4 demonstrates the workflow for FRRI estimation from integrated spectrum data.

This figure only presents the workflow for estimating FRRI in window 1 and determining

window 2. The FRRI estimation procedure for each following window follows this work-

flow. To calculate the FRRI from the integrated spectrum data, the ACF of an integrated

spectrum segment is calculated using a window of length S , which is set to 3.75 s in This
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study. The selection of a 3.75 s window was based on its standard usage in the comput-

erized analysis of fetal non-stress tests [3]. This window length has been widely adopted

and proven to yield consistent and reliable results in related studies. Before calculating

the ACF, it is necessary to minimize the effects of noise spikes. To achieve this, this study

employ a spike removal algorithm, as introduced in [93], which effectively eliminates

these undesirable noise spikes. In the calculated ACF, the maximum peak is detected

from the range [FRRImin, FRRImax], which is assumed to be a reasonable range of FRRIs.

To ensure that the peaks are not harmonic, an additional procedure is performed if there

are more than two distinct peaks within a window. The value of FRRImin and FRRImax

is set to be the same as the optimized values in [3]. This study also use the algorithm

proposed by [3] to identify whether a peak is harmonic and to determine the prominent

peak. The time (the horizontal axis of the ACF) of the detected peak of the ACF can be

considered as an approximate estimate FRRIapp in the window of length W. To determine

the FRRI for each heartbeat, this study use the approximate estimate FRRIapp to adjust

the window width for the second calculation of the ACF. The adjusted window length

S new is defined as shown in Equation (2.3), which includes two heartbeats.

S new = 2 × FRRIapp + ∆, (2.3)

where ∆ in this case is set to 1/2 × FRRIapp. Using the adjusted window, this study apply

the ACF again and use the same procedure as before to detect the peak in the ACF to

derive the FRRI. Different from the peak detection of the first ACF, in the second ACF,

the maximum peak is detected within the range [FRRIapp − range, FRRIapp + range].

The detected peak of the second ACF is the estimated FRRI in the new window, called

FRRIest. As the objective of the second ACF calculation and peak detection is to further

refine the approximate estimate FRRIapp, it is expected that the value of FRRIest should

be in close proximity to FRRIapp. After conducting several experiments, a value of 0.1

s is chosen as the value of range to ensure that FRRIest remains around FRRIapp. After

estimating the FRRIest in this window, the window length S is initialized as 3.75 s for the
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next window. In addition, the window is shifted for half the time of the previous FRRIest.

Each subsequent window goes through the same operation to estimate FRRIs.

2.4.3 SQA

As shown in Figure 2.2, there are two procedures, including representation learning based

on VAE and combined SQI generation based on SOM. In the proposed work, representa-

tion learning from the integrated spectrum is on the basis of an FCN-based VAE neural

network. The integrated spectrum data are slid through a 1.2 s window (average value of

resized windows after the first ACF for FRRI estimation). Each time the window is slid,

the window is moved to align the start time stamps of the resized window recorded during

FRRI estimation. As shown in Figure 2.5, the input vector x = [x1, x2, ..., xL] is an inte-

grated spectrum segment that has been resampled to 1024 samples, while the output vector

x̂ = [x̂1, x̂2, ..., x̂L] represents a reconstructed integrated spectrum segment. In addition,

the VAE neural network is a slight modification of an AE neural network used for noise

reduction in ECG signals [94], where there are several FCN layers in both the encoder and

decoder parts. Every FCN layer comprises three key components: (1) convolutional layer,

(2) batch normalization layer, and (3) activation layer based on the exponential linear unit

(ELU) function. Together, these components form the building blocks of each FCN layer,

enabling effective feature extraction and non-linear transformations within the network.

Furthermore, two dense layers and a sampling function are used to link the encoder and

decoder. The mean and variance of the latent vector z, called µz and σ2
z , are generated

by the dense layers. The sampling function is then used to generate z from µz and σ2
z .

In the encoder neural network, after five convolutional layers with a stride of 2, the input

vector x is compressed to a vector of dimension 32 × 40. Using the dense layers and the

sampling function, µz, σ2
z , z are all of dimension 32 × 1. The VAE decoder takes the

latent representation vector z as input and generates the reconstructed vector x̂ as output.

This study uses transposed convolutional layers throughout the decoder neural network

for upsampling. All convolutional and transposed convolutional layers have a kernel size

16, and all batch normalization layers have a batch size 64.
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Figure 2.5. The proposed VAE and SOM-based SQA method for DUS signals.

Since the purpose of VAE training is to minimize reconstruction errors and enable z

to approximate standard normal distribution N(0, I) as much as possible, the VAE loss

function is given as Equation (2.4):

Loss =
1
L

L∑
l=1

(xl − x̂l)2 + KLDµz,σ
2
z
, (2.4)

where L is the length of the input vector x and the reconstructed vector x̂, KLDµz,σ
2
z

is

KLD between N(µz,σ
2
z ) and N(0, I), which is given as follows:

KLDµz,σ
2
z
=

1
2

d∑
i=1

(µ2
z(i) + σ

2
z(i) − logσ2

z(i) − 1), (2.5)
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where the dimension of z is d. After 100 training epochs, the latent representation vec-

tor z captures significant information about fetal cardiac activities, facilitating precise

reconstruction of the input data.

By the trained FCN-based VAE neural network, the integrated spectrum segments

are processed to the representation vectors with the dimension of 32 × 1. µz is input to

the SOM to compute the combined SQI (means combining a 32 × 1 vector to a single

value), which is introduced as follows. Considering that high-quality DUS signal seg-

ments make up more than 80% of all segments in the proposed dataset, it is important

to note that there is a significant imbalance between these two types of low- and high-

quality segments. This imbalance allows the identification of low-quality segments as a

task for outlier detection. Within the trained SOM neural network, the outliers exhibit

considerable distance from their corresponding winning neuron, in stark contrast to the

majority of samples which are positioned in close proximity to their respective winning

neurons. Therefore, for detecting outliers, this study use QE as the output of the SOM

neural network and calculate the combined SQI based on QE.

The combined SQI is defined based on the QE. A QE value can be computed for

each integrated spectrum segment by feeding it into the trained SOM. Then, the QEs

are normalized in the range [0, 1] based on the min–max normalization algorithm. The

combined SQI based on the normalized QE is defined as follows:

S QI(x) =


1, QE(µz(x)) <= th,

1 − QE(µz(x))−th
1−th , QE(µz(x)) > th,

(2.6)

where S QI(x) is the combined SQI generated from the input vector of VAE x, th is a

threshold used to determine the quality of data that can be used to generate acceptably

accurate FHR estimates. th is specifically set to the 9-th decile of all SQI values. This

choice is based on the observation that approximately 90% of the segments within the

proposed dataset exhibit high quality. For different datasets, th can be set to different
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values. The combined SQI has a range of [0, 1], and the larger value corresponds to the

higher quality.

2.4.4 FRRI Estimation Refinement

KF is a common and effective tool for estimating the optimal state of stochastic sig-

nals [95]. Inspired by previous studies [83, 84], a KF is applied to the rough FRRI es-

timates generated from the FRRI estimation block explained in Section 2.4.2 to further

rectify the FRRI estimation. The proposed model is defined as a first-order autoregres-

sive process, where the time series estimates are determined by the linear regression of

the preceding measurement, establishing a relationship between the current estimate and

its previous measurement. In this process, there are two noise metrics: process noise

W ∈ Rn and measurement noise V ∈ Rn, where W ∼ N(0,Q) and V ∼ N(0,R). In

addition, this study set the coefficient state transition metrics to be unitary. To merge the

combined SQI into the KF, this study modify the measurement noise covariance metric

Rm using the non-linear weighting function [83] based on the combined SQI, as shown

in Equation (2.7). The measurement Zm should be less trusted when the combined SQI is

low.

Rm = R0 · e
1

S QI2
m
−1
, (2.7)

where S QIm refers to the m-th combined SQI, while R0 represents the initial value of the

measurement noise covariance. As S QIm approaches 0, indicating low quality, Rm tends

towards infinity. This adjustment serves to decrease the Kalman gain Km, leading to

reduced reliance on the current measurement compared to the previous measurement.

Conversely, Rm approaches R0 while S QIm approaches 1, and Km is increased to reflect

greater reliance on the current measurement. By incorporating this adaptive mechanism,

the algorithm assigns less trust to measurements with lower quality, prioritizing the more

reliable information for improved estimation accuracy.

This study first use a conventional KF with fixed Rm and Qm to smooth the rough

FRRI estimates, where this study calibrate R0 = 1 and Q0 = 0.1. In addition, a KF with

changing Rm based on Equation (2.7) is applied to refine the FRRIs with relatively large
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errors which are estimated from low-quality DUS segments. Through calibration, this

study assign R0 = 1 and Q0 = 1 for the second KF. In addition, this study then eliminate

the FRRIs from where the low-quality segments are continuous since it is difficult to

correct FRRIs generated from such signals. To detect low-quality segments, a combined

SQI threshold is established, specifically the 8th decile of all combined SQI values. Any

FHR estimates obtained from more than three consecutive segments of low quality are

discarded.

2.5 Results and Discussion

2.5.1 Experimental Setup

The DUS recordings and invasive fetal ECG recordings of ten subjects are collected si-

multaneously by Atom Medical Corporation. The fetal R-peaks are annotated by the

experts to obtain the ground truth of the FRRIs and FHRs. The relationship between an

FHR and an FRRI is given by

FHRi =
60 · Fs

FRRIi
(2.8)

where Fs is the sampling frequency of the DUS signal recordings. For each subject, there

is a DUS recording of 60 s with a sampling frequency of 1 kHz. As for VAE, this study

used the Adam optimizer and trained for 100 epochs. In addition, to achieve optimal

performance of the SOM training, this study experimented with different values of each

parameter while keeping the other parameters constant. A 30 × 30 output space and the

Gaussian neighborhood function are used to train the SOM neural network for 15,000

iterations. The number of training samples for VAE and SOM neural network is 2466,

where each training sample is a 1.2 s integrated spectrum, as mentioned in Section 2.4.3.

To evaluate the performance of the proposed robust FHR estimation method, three

performance metrics are considered, which are given below:
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• Root mean square error (RMSE): RMSE is calculated between the estimated value

and the ground truth value of FRRI, which is calculated as follows:

RMS E =

√√
1
Γ

Γ∑
i=1

|| ˆFRRIi − FRRIi||
2
2, (2.9)

• Averaged absolute error (AAE): AAE is calculated between the estimated value and

the ground truth value of FHR, which is calculated as follows:

AAE =
1
Γ

Γ∑
i=1

|| ˆFHRi − FHRi||

=
1
Γ

Γ∑
i=1

||
60 · Fs

ˆFRRIi
−

60 · Fs

FRRIi
||,

(2.10)

• Coverage: Since some rough FRRI estimates may be removed based on the results

of the SQA, the ratio of reserved FRRI estimates to all FRRI estimates is a critical

indicator of whether as many FRRI estimates as possible have been retained.

This study compared these performance metrics in the following five scenarios:

• Use the method proposed by Valderrama et al. [3].

• FHR estimation only: The study performed only two steps to obtain rough FRRI

estimates, including preprocessing and FRRI estimation (described in Section 2.4.1

and Section 2.4.2).

• Remove unreliable FRRIs: The study eliminate the unreliable rough FRRIs if the

corresponding combined SQI is less than the 8th decile of all combined SQI values.

• Use conventional KF: A conventional KF with a fixed noise covariance metric was

applied to the rough FRRI estimates.

• Proposed method: The four steps described in Section 2.4 are all used to estimate

and refine FRRIs.
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2.5.2 Experimental Results

The changing pattern of training loss throughout the training process of the FCN-based

VAE (which is introduced in Section 2.4.3.) is illustrated in Figure 2.6. In this thesis, the

proposed model operates as a reconstruction model employing the principles of a VAE.

The experimental results reveal a compelling trajectory in the training loss throughout 100

epochs. From 1 to 100 epochs, the training loss consistently decreases, underscoring the

proficiency of the model in learning and capturing intricate patterns within the dataset.

As a reconstruction model based on VAE, this observed reduction in loss attests to the

success of the model in encoding and subsequently reconstructing input data.

Figure 2.6. The training loss of the FCN-based VAE training process for DUS SQA.

To demonstrate the performance of the combined SQI, inspired by [96], this study

defined a normalized absolute error (NAE) calculated as Equation (2.11):

NAE =
|FRRIest − FRRItrue|

FRRItrue
, (2.11)
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where FRRItrue and FRRIest represent the estimated FRRI and the ground truth of FRRI.

By establishing a threshold, this study broadly categorize all integrated spectrum seg-

ments into high-quality and low-quality. In the proposed experiments, by manually ob-

serving low-quality and high-quality segments using different thresholds, this study se-

lected the most appropriate threshold of 0.03. It is important to note that the classification

into high and low quality is not based on expert annotations but rather roughly anno-

tated based on the assumption that “if the signal quality is low, the FRRI prediction is

inaccurate”. Figure 2.7 illustrates the combined SQI corresponding to high-quality and

low-quality segments. Since the number of low-quality segments is significantly less than

that of high-quality segments, this study randomly selected an equivalent number of low-

quality segments from high-quality signals for illustration. From the figures, it is evident

that the majority of combined SQI values for high-quality segments are equal to or close

to 1, while some low-quality segments exhibit considerably lower combined SQI values.

Consequently, this study can affirm that the proposed proposed combined SQI is effective

in distinguishing between high-quality and low-quality signals.

Figure 2.7. The combined SQI values of the low- and high-quality integrated spectrum segments
processed from raw DUS signals.

In Figure 2.8, this study present an example of the pre-processed DUS signal segment,

and the combined SQI generated from this segment (20–25 s of subject 9). The figure il-

lustrates the presence of noise and relatively high amplitudes in both the filtered DUS
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signal and the integrated spectrum within the time range of 22.5–23.5 s. Consequently,

the estimated FRRI based on such a signal segment is highly unreliable, leading to sig-

nificantly lower composite SQIs compared to the pre- and post-periods. This observation

strongly suggests that the combined SQI is closely associated with the quality level of the

DUS signals. The figure highlights the importance of signal quality assessment in accu-

rately estimating the fetal heart rate and emphasizes the role of the combined SQI as an

indicator of DUS signal reliability.

Figure 2.8. An example: The filtered DUS signal, the integrated spectrum, and the combined SQI
values (from top to bottom) of a 5 s signal segment (20 s–25 s of subject 9).

Table 2.1 and Figure 2.9 provide insights into the RMSE of FRRI, AAE of FHR,

and coverage in five scenarios: S1: Use the method proposed by Valderrama et al. [3];

S2: FHR estimation only; S3: Remove unreliable FRRIs; S4: Use conventional KF; S5:

Proposed method. In each sub-figure, the y-axis on the left corresponds to the values of

RMSE and MAE, and the one on the right corresponds to the values of coverage. It is

evident that without SQA, the proposed FRRI estimation method outperforms the method
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proposed by Valderrama et al. [3] for the majority of subjects. However, there are a few

exceptions (e.g., subjects 7 and 8) where the proposed method may not yield better results.

The other three scenarios considered in the analysis also contribute to the reduction of

estimation errors to varying extents. In the “Remove unreliable FRRIs” scenario, the

RMSE and AAE generally decrease, except for subjects 1, 4, and 10. However, it is

important to note that this scenario leads to a significant reduction in coverage, especially

for subject 9. In the “Use conventional KF” scenario, the FHR estimation errors are

reduced while maintaining 100% coverage. This is achieved by applying a conventional

KF that helps in smoothing out the rough FRRI estimates and handling sharp changes

in the data. Comparing all the scenarios, the proposed proposed robust FHR estimation

method demonstrates the lowest RMSE and AAE. Additionally, the proposed method

maintains higher coverage for each subject compared to the conventional approach of

removing unreliable FRRIs, which is commonly used for signal quality assessment tasks.

Moreover, the experimental results validate the effectiveness of the proposed proposed

technique in enhancing FHR prediction across various scenarios. Notably, the proposed

method showcases significant improvements for recordings encompassing a substantial

proportion of low-quality data (e.g., subject 9), as well as for recordings containing a

smaller fraction of low-quality data (e.g., subject 1). These results highlight the robustness

of the proposed approach, showcasing its ability to deliver reliable FHR predictions across

recordings with varying levels of data quality.
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(a) Subject 1 (b) Subject 2

(c) Subject 3 (d) Subject 4

(e) Subject 5 (f) Subject 6

(g) Subject 7 (h) Subject 8

(i) Subject 9 (j) Subject 10

(k) Average

Figure 2.9. Comparison of the DUS-based FHR estimation performances of five scenarios for

each subject.
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Table 2.1. Comparison of the DUS-based FHR estimation performances of five scenarios for each
subject.

1 2 3 4 5 6 7 8 9 10 Average

Valderrama et al. [3]

RMSE [ms] 8.46 6.21 10.81 3.80 11.12 8.46 5.02 4.64 57.10 9.83 12.54

AAE [bpm] 1.98 1.51 2.54 0.90 1.34 1.80 1.11 1.04 10.79 2.09 2.51

Coverage (%) 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

FHR estimation only

RMSE [ms] 6.20 6.30 7.26 3.58 10.83 6.48 5.52 5.03 32.36 6.78 9.03

AAE [bpm] 1.27 1.47 1.63 0.82 1.55 1.27 1.14 1.06 4.89 1.39 1.65

Coverage (%) 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Remove

unreliable FRRIs

RMSE [ms] 6.22 6.27 7.25 3.62 9.42 6.43 5.06 4.50 12.62 6.90 6.83

AAE [bpm] 1.27 1.45 1.61 0.82 1.48 1.26 1.04 0.97 2.06 1.40 1.34

Coverage (%) 99.23 91.41 96.87 81.93 95.18 95.53 72.54 65.52 11.95 89.75 79.99

Use conventional KF

RMSE [ms] 4.42 4.12 5.15 1.64 9.96 3.40 3.07 2.49 27.77 3.87 6.59

AAE [bpm] 0.63 0.90 1.01 0.37 0.96 0.73 0.64 0.54 3.83 0.74 1.03

Coverage (%) 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Proposed method

RMSE [ms] 4.35 3.97 5.00 1.62 9.95 3.31 3.07 2.41 9.22 3.75 4.67

AAE [bpm] 0.59 0.86 0.98 0.37 0.94 0.72 0.63 0.52 1.07 0.72 0.74

Coverage (%) 100.00 96.06 100.00 96.77 100.00 100.00 84.71 80.35 16.00 96.69 87.06

2.5.3 Limitation and Future Works

Several limitations still exist, although the proposed proposed FHR estimation approach

can accurately estimate FHR from DUS signals and maintain robustness under different

signal qualities. To train VAE and SOM neural networks for the DUS SQA part, this study

use all signal segments for training without a selection procedure. In fact, it is worth men-

tioning that this strategy only works if the signal segments are mostly of high quality, in

other words, low-quality segments can be considered as outliers. If low-quality signal

segments account for more than 40% of a dataset, it is better to use some simple qual-

ity indicators to roughly select high-quality data for training (e.g., entropy, skewness, or

kurtosis). In addition, this study specifically developed and tested the proposed methods

using only one dataset consisting of a small number of subjects, optimizing parameters

for this dataset without retaining data for validation, so it is not possible to verify that the

developed algorithms would be generalizable to the larger population of subjects stud-

ied. For the proposed future work, some larger datasets are needed to further verify the

robustness.
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2.6 Conclusions

This study present a robust DUS-based FHR estimation method assisted by DUS SQA

based on unsupervised representation learning. By using STFT to generate integrated

spectrum data, information on DUS signals in both time and frequency domains is ex-

tracted simultaneously. To achieve accurate FRRI estimation, this study employ two ACF

calculations on the integrated spectrum data. The first ACF is utilized for approximate

FRRI estimation and window resizing, while the second ACF provides a more precise

FRRI estimation. The length of the FRRI estimation window is adjusted based on the

previously estimated FRRI, enabling adaptability to varying heart rates. In addition, a

method is proposed a DUS SQA method that uses an FCN-based VAE to obtain learning

representations and a SOM neural network for combined SQI generation. The combined

SQI is used to modify the measurement noise covariance, and a KF is then used to re-

fine the FRRIs estimated from low-quality signals. Through extensive experiments, it is

demonstrated the superiority of the proposed proposed approach in terms of accuracy and

robustness for DUS-based FHR estimation, surpassing conventional methods. Moreover,

the proposed SQA approach can be extended to address various SQA challenges involving

different types of signals, as it is built entirely on unsupervised learning techniques.
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Chapter 3

Rough-to-Fine Model-based

Non-contact Heart Rate Estimation

using MIMO FMCW Radar
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3.1 Introduction

Heart rate (HR) estimation is critical for assessing the health conditions of the patients

and the old, where persistence and accuracy are the two most important metrics [97]. HR

can be accurately estimated from signals like electrocardiograms (ECG) [31–36, 98] and

photoplethysmography (PPG) [99–102]. However, both ECG and conventional PPG tech-

niques rely on contact-based sensors, electrodes or photodetectors, which are less con-

ducive to long-term monitoring and lack persistence. Thus, non-contact HR monitoring

techniques have been widely used in recent years, including camera-based systems [97],

laser vibrometry-based systems [103–105], Doppler radar-based systems [106–109], and

Frequency Modulated Continuous Wave (FMCW) Radar-based systems [61–64, 71, 72,

110–112]. Compared to radar-based systems, the camera-based systems require clear vis-

ibility and address privacy and lighting concerns, while laser vibrometry-based systems

may suffer from obstructions or complex surface vibrations. FMCW Radar identifies the

human location for precise heartbeat signal extraction, contrasting with Doppler Radar,

which captures both signal and background noise, affecting signal quality. FMCW Radar

offers superior range resolution and accuracy, capable of measuring range and velocity,

making it ideal for vital sign detection in diverse environments.

FMCW radar systems are differentiated by their configurations of antennas as Single-

Input Single-Output (SISO), Single-Input Multiple-Output (SIMO), and Multiple-Input

Multiple-Output (MIMO). The MIMO FMCW radar employs multiple transmitting (TX)

and receiving (RX) antennas to enhance range resolution and angle estimation. This

multi-antenna setup supports the creation of virtual arrays that can improve target and

vital sign detection [113]. The proposed research utilizes a 3TX and 4RX MIMO FMCW

Radar, detailed in Figure 3.1, where the signal from each TX antenna induces a unique

phase sequence across the RX antennas, effectively generating a system with one TX and

twelve virtual RX antennas. Regarding the FMCW Radar-based systems for heart rate es-

timation mentioned earlier, the research [61, 62, 72, 110] employed SISO FMCW Radar.

Conversely, the studies in [63, 64, 71, 111, 112] utilized MIMO FMCW Radar.
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(a) MIMO FMCW mmWave radar device (S-Takaya

T14 01120112 2D) used for indoor HR estimation.

(b) Principle of MIMO FMCW Radar (4 RX, 3 TX)

Figure 3.1. The MIMO FMCW Radar used in the proposed experiments and the principle of

MIMO FMCW Radar.

In MIMO FMCW radar applications for HR estimation, there are two significant steps:

(i) person position estimation and (ii) HR estimation. Conventional person position es-

timation methods, which rely on range-angle maps and signal power thresholds using

the CFAR algorithm [114], can suffer from inaccuracies due to radar positioning, envi-

ronmental factors, and multipath interference. To overcome these limitations, K. Han et

al. [115] proposed the Curve-Length (CL) method, analyzing unique motion patterns in IQ

trajectories to better distinguish human presence from static objects. K. Endo et al. [116]
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further improved detection by assessing the correlation of IQ signal curve lengths across

the radar coverage area, thereby enhancing accuracy by effectively minimizing noise and

interference effects in human location detection.

As for HR estimation methods using FMCW Radar, the papers [71, 110, 111] con-

ventionally extract heartbeat signal directly from the phase difference signal. L. Liu et

al. [63] propose a signal decomposition module applied to the phase difference signal us-

ing wavelet packet decomposition to isolate respiration and heartbeat signals, reducing

respiration harmonics and heartbeat signal noise. Moreover, they introduce a vital sign

rate reconstruction module employing an adaptive filter and a zero attracting sign expo-

nentially forgetting least mean square algorithm for sparse spectrum reconstruction. This

approach enhances the resolution of the sparse spectrum, facilitating precise and depend-

able HR estimation. T. K. V. Dai et al. [112] obtain vital sign data including heartbeat

signal through arctangent demodulation and maximal ratio combining, enhanced with an

adapted-wavelet continuous wavelet transform. Additionally, there are two papers [62,64]

leveraging variational mode decomposition (VMD)-based method for heartbeat signal

extraction. K. J. Wu et al. [62] utilize conventional VMD-based method, while L. Qu

et al. [64] introduced an improved adaptive parameter variational mode decomposition

(IAPVMD) algorithm which can dynamically adjust the mode number and penalty coef-

ficient for VMDusing the energy loss rate and mode discrimination results. The works

proposed by [61,72] integrate deep learning (DL)-based method assisting HR estimation.

The paper [72] proposes a DL-aided Newtonized Orthogonal Matching Pursuit (NOMP)

technique to tackle the issue that the effectiveness of NOMP significantly declines un-

der low signal-to-noise ratio conditions [117]. Another DL-based method is introduced

by [61], where a DL-aided method leverages the spatial features of the spectrum for quick

and accurately satisfying vital sign estimation outcomes. In their paper, H.-Y. Chang et

al. detect the human target, select five bins with the highest power from the range pro-

file, and extract key features (magnitude, phase, frequency response) for input into a DL

neural network. The goal is to accurately predict weights for these bins to achieve precise
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heart rate estimates. Recent studies [63, 64] have demonstrated high accuracy in HR esti-

mation, showing potential for real-world application. However, these approaches rely on

lengthy time windows (exceeding 10 s) for HR calculation, compromising their real-time

capabilities. Moreover, the sensitivity of algorithm parameters to conditions may affect

the robustness of these systems in practical settings. The DL-based technique introduced

by H.-Y. Chang et al. [61] addresses these challenges but is constrained by the use of SISO

FMCW Radar, which limits range resolution. For accurate HR estimates, the subject must

be positioned close and directly in front of the radar. Furthermore, although the method

proposed in [61] can shorten the time window for HR estimation, the context informa-

tion (the information from the previous and post windows) can not be utilized which is

crucial for the time series model. To overcome these limitations, the study introduce an

idea that combines a CL method and a DL rough-to-fine approach with MIMO FMCW

Radar, aiming to improve the HR estimation accuracy and applicability of the previous

DL-based model [61].

In this study, a method is proposed a rough-to-fine model-based non-contact HR es-

timation, employing MIMO FMCW Radar technology. As illustrated in Figure 3.2, the

proposed process begins by detecting the location of human subject through a CL-based

approach [116]. The study then select several cells within the CL-based range-angle to

isolate heartbeat-related signals. The HR estimation comprises two phases: rough HR

estimation and fine HR estimation. The rough estimation relies on straightforward peak

detection, whereas the fine estimation employs a dual-input, dual-output CNN model em-

phasizing smaller sub-windows for a richer context. With a combination of feature extrac-

tion and novel use of dual loss functions focused on reliability and accuracy, the proposed

model more precisely predicts HR. The proposed experiments demonstrate that the in-

tegrated approach not only achieves higher accuracy but also exhibits higher robustness

than the conventional methods.

This chapter is structured as follows: The proposed method is introduced in Sec-

tion 3.2. The experimental setup and the results obtained are detailed in Section 3.3. The

chapter concludes with Section 3.4.
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3.2 Proposed Method

(a) Person position estimation & Rough HR estimation

(b) CNN-based fine HR estimation

Figure 3.2. The overall structure of the proposed rough-to-fine HR estimation method using

MIMO FMCW mmWave radar.

Figure 3.2 illustrates the comprehensive framework of the proposed proposed methodol-

ogy, which is segmented into two principal phases as follows.
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3.2.1 Person Position Estimation & Rough HR estimation

Figure 3.3. Range-angle map generated from raw radar ADC data by the CL method.

In the initial phase of human detection and localization, the estimation of human posi-

tions within the effective area of FMCW Radar is achieved by leveraging techniques from

prior research [116]. The process begins with the application of the range Fast Fourier

Transform (FFT) to the radar signals received from each beam direction. This is done in

a sliding window with a step size of 2 s and a time length of 10 s or 15 s to ascertain the

distance to the object. The decision on the length of the duration and the interval steps

is made based on empirical evidence. The following procedures are all based on the 10

s or 15 s segments. Following this, beamforming is utilized to acquire IQ signals for a

specified angular range. A range-angle map is subsequently formulated utilizing the CL

method, wherein the signal power corresponds to the curve length of each IQ signal on the

map. The CL method is designed to measure the variation length of the IQ signal across

every identified range and angle within the Coherent Processing Interval (CPI), which is

given by:

CL =

√√
TM∑
τ=2

(
(I[τ] − I[τ − 1])2 + (Q[τ] − Q[τ − 1])2

)
, (3.1)
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where TM denotes the CPI, and I[τ] and Q[τ] represent the in-phase and quadrature sig-

nals, respectively, for a specific range, angle, and sampling time τ.

Subsequently, as illustrated in Figure 3.3, the highest power N cells identified on

the range-angle map via the CL method are selected as potential indicators of human

presence, where N = 10 in the proposed proposed method is based on empirical in-

sights. In scenarios involving a single individual, signals from the chosen cells are uti-

lized for HR estimation. A Band-Pass Filter (BPF) is implemented on the IQ signal

of top power N cells, and the study obtain the filtered signals of top power N cells

R = [R(1),R(2), ...,R(N)]. The cutoff frequency range is established between 0.8 to 2.0

Hz, aligning with the typical frequency range of the human HR. For the signal of each cell,

the study use a sliding sub-window to calculate HR from M sub-windows. The peaks in

these filtered signals are detected, and the study calculate the rough HR estimates HRrough

based on the detected peaks, which is given by.

HRrough(n,m) =
60

1/Pn,m
∑Pn,m

p=1 Itvn,m,p

, (3.2)

where Pn,m is the number of peak intervals in the m-th sub-window of the n-th cell, Itvn,m,p

is the p-th peak interval in the m-th sub-window of the n-th cell. In order to remove

outliers, for the signal of each cell, the study first calculate the mean of peak intervals and

replace the peak intervals below 0.6 times the mean and above 2 times the mean with the

mean.

The reliability matrix Rlb for each segment is generated based on the error of the rough

HR estimates HRrough. The study assume that the cell with the lowest error of HR estima-

tion signifies the optimal cell in the m-th sub-window. The errors can be roughly calcu-

lated by using HRrough. Rlb is initially set to an all-zero matrix. In the m-th sub-window, if

the rough HR estimate of n-th cell HRrough(n,m) achieves the lowest error referring to the

ground truth HRtrue(m), the reliability indicator Rlb(n,m) is assigned 1. The ground truth

HRtrue is generated from the ECG signals based on peak detection method. The reliability

indicator Rlb(n,m) ∈ {0, 1} denotes whether the n-th cell is the optimal channel within the
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m-th sub-window for HR estimation among N cells. This indicates that Rlb(n,m) is de-

termined relative to other cells in the same sub-window. Consequently, the computation

of Rlb is not influenced by environmental factors, ensuring that Rlb consistently identifies

the optimal cell for HR estimation in each sub-window regardless of the environmental

factors, which implies the robustness of the proposed method.

3.2.2 CNN-based Fine HR Estimation

Table 3.1. The parameters of the CNN-based neural network for fine HR estimation.

CNN Filters Kernel size Activation Max pooling pool size

I 1 (10,100) ReLU I (1,2)

II 16 (10,50) Tanh II (1,4)

III 32 (3,10) Tanh III (1,4)

IV 32 (5,10) Tanh IV (1,4)

V 16 (5,80) Tanh

VI 5 (5,50) Tanh

VII 1 (5,100) Tanh

Drawing inspiration from Chang et al. [61], a method is proposed a CNN with a dual-

input and dual-output configuration designed to refine rough HR estimates HRrough. This

network, depicted in Figure 3.2(b), processes two types of inputs: (1) Input I, the filtered

signals of N cells: R = [R1,R2, . . . ,RN]; and (2) Input II, the initial rough HR estimates

HRrough. It generates two outputs: (1) Output I, the predicted reliability matrix Rlbpred;

and (2) Output II, the refined HR estimates HRpred. Different from [61], the proposed

method employs smaller sub-windows within a larger window as the inputs of the DL

neural network, rather than directly utilizing smaller windows as the inputs. This strat-

egy allows for the extraction of contextual information from these smaller sub-windows,

enhancing the time series model analysis.

53



To predict the reliability matrix Rlbpred from the filtered signals, the proposed CNN

utilizes seven CNN layers for feature extraction from Input I, alongside four pooling lay-

ers that preserve essential features by retaining larger numerical values. The configura-

tion of the CNN and max pooling layers is detailed in Table 3.1. A dropout layer with a

dropout rate of 0.5 is incorporated after the first three CNN layers to prevent overfitting.

The extracted features are then flattened and passed through a dense layer to predict Out-

put I. Furthermore, Output II, HRpred, is obtained by combining Output I, Rlbpred, with

Input II, HRrough, as follows:

HRpred(m) =
1
N

N∑
n=1

Rlbpred(n,m) × HRrough(n,m), (3.3)

where HRpred(m) represents the predicted HR estimate for the m-th sub-window, and

Rlbpred(n,m) and HRrough(n,m) respectively indicate the predicted reliability indicator and

the rough HR estimate for the m-th sub-window in the filtered signal of the n-th cell.

Unlike the approach suggested by Chang et al. [61], which employs a single loss

function based on the mean square error of the predicted HR estimates, the study utilize

two separate loss functions for the proposed outputs, denoted as LossI and LossII , and

combine them as follows:

LossI = BCE(Rlbpred,Rlb),

LossII = MAE(HRpred,HRtrue),

Losscomb = WeightI × LossI +WeightII × LossII ,

(3.4)

where BCE(Rlbpred,Rlb) calculates the binary cross entropy between Rlbpred and Rlb,

and MAE(HRpred,HRtrue) assesses the mean absolute error (MAE) between HRpred and

HRtrue. The weights for LossI and LossII are denoted as WeightI and WeightII , respec-

tively, WeightI + WeightII = 1. This method assumes that cells with lower errors in

HRrough(n,m) for the m-th sub-window have higher reliability indicators, Rlb(n,m). Thus,

LossI , which corresponds to the loss of Rlbpred, trains the model to predict higher relia-

bility values for cells with lower HR estimation errors, assisting LossII in reducing the
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error of the predicted HR estimates HRpred, during the training process. During the train-

ing phase, the study utilize the reliability matrix Rlb to compute LossI . However, during

the testing phase, the reliability matrix Rlb is not required as input of the CNN-based

model, since the study only focus on LossII to evaluate the final heart rate estimation

performance.

Figure 3.4. An example of how to calculate HR while using sliding windows and sub-windows.

Given that the windows used for predicting HRpred overlap, it is necessary to average

the HR estimates from different windows that correspond to the same time step within

a recording to derive the final HR estimates. Figure 3.4 provides an illustration of this

process, showing how to calculate the final HR estimates using a 10 s sliding window and

a 5 s sliding sub-window, which is case 2 described in Table 3.3. In this table, “Inputs”

represent “Input I” and “Input II” mentioned in Figure 3.2(b). “Outputs” represent final

HR estimates.
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3.3 Experiment and Results

3.3.1 Experimental Setup

MIMO FMCW Radar Settings

Table 3.2. The specifications of MIMO FMCW mmWave radar (S-Takaya T14 01120112 2D)
utilized in the proposed experiment for HR estimation.

Item Unit Value

Module size mm 55 × 45 × 7.5

Interfaces USB2.0 (UART) USB3.0 (bus power)

Power supply voltage V 5

Consumption Current A 1.2

Frequency GHz 77 ∼ 81

Modulation bandwidth GHz 3.5

Range m 0.04 ∼ 40

Angle deg ±45

Range resolution cm 3.75

Chirp time µs 60

Figure 3.1(a) shows the MIMO FMCW radar device T14 01120112 2D, produced by S-

takaya Electronics Industry Co., Ltd., which is employed in the proposed experiment. The

specifications of the MIMO FMCW radar used are detailed in Table 3.2. As illustrated in

Figure 3.2(a), the radar unit is positioned in front of a seated subject at chest height. The

setup maintains a distance of either 1 m or 2 m between the radar and the subject. In the

proposed experiment, the study collected 18 recordings from the radar, each varying in

time duration from 40 s to 180 s. These recordings are distinguished by four key variables:

the subject involved, the room used for the experiment, the date of the experiment, and

the distance between the subject and the radar. No two recordings share the exact same

combination of these variables.
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Baseline Method

Unlike the proposed method, the baseline approach involves a secondary refinement to

select the top power N cells (N = 10), using the IQ signals from these cells for HR esti-

mation. After identifying the top N cells, their received IQ signals are compared against

the entire range-angle map to compute correlation values. Cells demonstrating a correla-

tion above 0.5, indicative of human presence, are then highlighted in a correlation map.

HR estimation cells are chosen based on these correlation measures and their variability.

Specifically, cells associated with noise or multipath effects typically show standard devi-

ations in the range of 0.2 to 0.5, while those indicating human presence have deviations

between 0.02 to 0.1. To mitigate local noise impacts, the maximum correlation for each

cell with its neighbors is also calculated, with human-associated cells showing correla-

tions from 0.4 to 0.7. Cells meeting both criteria of a standard deviation below 0.2 and

a maximum adjacent cell correlation above 0.4 are considered human-related. The selec-

tion of K cells for HR estimation follows, with K varying based on these criteria, where

0 <= K <= N. The HR is not estimated in this window if K = 0. A BPF is applied

to each IQ signal of each cell, peaks are detected, and HR estimates are calculated from

these peak intervals. The final HR estimate, HRbaseline, is the average HR across these K

signals, calculated as shown in Eq. (3.5).

HRbaseline =
1
K

K∑
k=1

60

1/Pk
∑Pk

p=1 Itvk,p
, (3.5)

where Pk is the number of peak intervals in the signal of the k-th cell, Itvk,p is the p-th

peak interval in the signal of k-th cell. Moreover, the study use the same method described

in Section 3.2.1 for removing the outliers of peak intervals for each signal.

VMD-based Method

Inspired by [64], as same as the baseline method, the study firstly obtain filtered signals of

K cells. The signals undergo decomposition into ten Intrinsic Mode Functions (IMFs) via

VMD, based on preliminary experimentation. The IMF that falls within the normal HR
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frequency range is selected, and its energy is utilized to construct a weighted reconstructed

signal W(t) as follows:

W(t) =
e1 × S 1(t)

e1 + · · · + eL
+ · · · +

eL × S L(t)
e1 + · · · + eL

, (3.6)

where L denotes the number of selected IMF signals, [S 1, S 2, · · · , S L] represents each

IMF signal, and [e1, e2, · · · , eL] represents their corresponding energies, calculated from

the sum of squares of the amplitudes of each IMF signal. The HR estimation is performed

using peak detection on the reconstructed signals.

Performance Evaluation

To assess the validity of the proposed proposed model, the study implemented a cross-

validation strategy for performance evaluation. The study created 18 subsets for train-

ing and testing purposes, where each subset is composed of one recording as the testing

set and the remaining recordings as the training set. The models were trained over 50

epochs for each subset. The accuracy of the HR estimation method is evaluated based on

the MAE between the HR estimates and the actual ground truth values generated from

the ECG signals. To conduct a thorough comparison between the proposed proposed

method, the baseline method, and the VMD-based method, the study established four

distinct cases, each with varying configurations for the inputs and outputs of the HR esti-

mation algorithms. Since the baseline method and the VMD-based method cannot use a

sub-window, they can only be evaluated in case 1 and case 3.

Table 3.3. The descriptions of 4 cases using for the MIMO FMCW mmWave radar-based HR
estimation experiments.

case 1 2 3 4

Settings of Inputs
T : Time length (s) of window 10 10 15 15

M: Number of sub-windows in one window 1 6 1 11

Settings of Outputs
Time length (s) of sub-window 10 5 15 5

Step size (s) of window 2 1 2 1
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3.3.2 Results and Discussion

Selection of LossI

To determine the optimal weights for the two loss functions, the study evaluated the MAE

across varying values of WeightI . According to the results presented in Table 3.4 and

Figure 3.5, the performance peaks when WeightI is set to 0.6. Consequently, the study

adopt WeightI = 0.6 and WeightII = 0.4 for subsequent experiments.

Table 3.4. Comparision of the errors (MAE (bpm)) of HR estimation using MIMO FMCW
mmWave radar while using different WeightI .

Weight of LossI

0.00 0.20 0.40 0.60 0.80 1.00

case 1 3.00 2.91 2.92 2.87 2.86 4.84

case 2 3.87 3.79 3.78 3.78 3.78 5.42

case 3 2.51 2.33 2.38 2.32 2.37 5.94

case 4 3.85 3.80 3.80 3.78 3.77 5.71

Figure 3.5. Comparison of estimation errors (MAE (bpm)) of HR estimation from MIMO FMCW
mmWave radar using different weights of loss function I.
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Results of HR Estimation

Table 3.5. The HR estimation errors (MAE (bpm)) using conventional methods and the proposed
rough-to-fine method.

Baseline VMD-based Proposed Method

case1 case3 case1 case3 case1 case2 case3 case4

sub1 8.84 8.96 4.38 4.96 2.89 3.34 2.59 3.62

sub2 7.31 6.87 2.67 2.31 3.73 3.43 2.95 3.81

sub3 5.18 4.08 2.50 1.04 2.54 3.66 2.41 3.79

sub4 6.31 6.64 2.48 1.15 2.82 3.43 1.96 2.99

sub5 4.08 3.39 1.67 1.98 2.63 3.08 2.18 4.11

sub6 7.91 7.30 8.57 3.73 2.54 3.56 2.15 4.02

sub7 8.09 6.80 6.82 1.57 3.04 4.23 2.24 4.18

sub8 4.27 1.61 1.49 2.50 2.20 3.30 1.04 3.37

sub9 3.38 2.62 2.83 3.22 2.54 4.03 2.76 3.56

sub10 3.60 3.68 2.89 2.21 2.65 4.05 2.40 3.74

sub11 5.94 6.96 1.25 2.71 2.13 3.31 1.63 3.66

sub12 6.09 4.87 3.02 1.91 2.77 3.83 2.16 3.60

sub13 3.79 3.53 3.29 2.00 2.30 3.48 1.59 2.88

sub14 2.28 3.38 4.84 4.39 1.73 3.21 1.06 3.13

sub15 9.20 9.11 5.27 3.10 3.53 3.82 3.47 4.17

sub16 10.05 10.13 3.84 4.61 3.72 4.73 2.49 3.96

sub17 8.54 8.48 3.39 4.81 4.24 4.57 3.21 4.43

sub18 12.27 11.94 3.10 5.17 3.65 5.01 3.52 4.99

Ave. 6.51 6.13 3.57 2.96 2.87 3.78 2.32 3.78

Table 3.5 and Figure 3.6 presents the MAE for HR estimation using the baseline method,

the VMD-based method, and the proposed proposed method. In Table 3.5, “sub1” means

the subset defining recording 1 as the testing set; “Ave.” means the average value of the

results from 18 subsets. The proposed method outperforms both the baseline and VMD-

based methods. The baseline method exhibits significant variability in MAE across the 18

subsets, with only some achieving satisfactory HR estimation performance, while others

register MAEs too high for practical use. The VMD-based method shows that shortening

the window duration notably impacts performance in certain subsets, such as subset 6 and

60



subset 7. Even with reduced window durations for HR estimation, the use of a 5 s sliding

sub-window (cases 2 and 4) keeps the MAE values within an acceptable range, demon-

strating the effectiveness of the proposed approach in optimizing the real-time capability

for accurate HR estimation. Furthermore, to demonstrate the improvement provided by

the proposed method over the approach in [61], specifically through the use of a sliding

sub-window technique for context information extraction, the study analyzed the MAE

outcomes in two conditions: (i) without sub-window, and (ii) with sub-window. Table 3.6

illustrates that incorporating a sub-window strategy yields a reduction in MAE by ap-

proximately 2 bpm. The settings for Table 3.6 are shown as follows: (i) Without sub-

window: The time length of the window T is 5 s; (ii) With sub-window: case 2 described

in Table 3.3. This demonstrates a notable improvement in the proposed proposed method

relative to the technique outlined in [61].

Table 3.6. The HR estimation errors (MAE (bpm)) using the proposed rough-to-fine method with
and without sub-window.

Without sub-window With sub-window

Average MAE (bpm) 5.63 3.78

Figure 3.6. An example: the ground truth and estimation of HR of subset 1 using conventional
methods and the proposed rough-to-fine method.

3.3.3 Limitations and Future Plan

The proposed research is currently in progress, and while the study have made notable

strides, there remain certain limitations to the proposed findings. For instance, the study

have yet to accomplish multi-person HR estimation using MIMO FMCW Radar technol-

ogy. Moreover, the size of the proposed experimental dataset is insufficient to fully assess
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the robustness of the proposed proposed method, and the better precision of the proposed

rough HR estimation could benefit from further enhancement. The proposed future plans

include successfully implementing multi-person HR estimation through MIMO FMCW

Radar, amassing a larger and more comprehensive dataset to solidify the reliability of the

proposed method, and improving the accuracy of the proposed rough HR estimation by

other techniques.

3.4 Conclusion

The study introduce a pioneering approach to non-contact HR monitoring using MIMO

FMCW Radar, which addresses and overcomes the limitations observed in previous HR

estimation methodologies. The conventional methods have the high sensitivity of the

algorithm parameters in different environments and the window length for HR estimation

is long. The existing DL-based methods lack the consideration of contextual information

for the training process. By integrating a CL method with a DL rough-to-fine model,

the study have improved not only the accuracy but also the robustness of HR estimation.

The proposed experimental results indicate a significant improvement over conventional

methods. The proposed work lays the groundwork for future advancements in DL-based

non-contact HR monitoring, promising to extend the applicability and precision.
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A Robust Multi-frame mmWave Radar

Point Cloud-based Human Skeleton

Estimation Approach with Point Cloud

Reliability Assessment
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4.1 Introduction

Millimeter-Wave (mmWave) radar-based skeleton estimation accurately detects and tracks

human body movements [68], surpassing RGB-based [118–122], depth camera-based

[123–125], and inertial sensor-based [126] approaches. It operates independently of light-

ing, overcomes limitations of depth camera-based methods such as reflections and occlu-

sions, and provides precise real-time tracking, making it reliable and efficient for skeletal

analysis.

In recent years, mmWave radar-based human skeleton estimation has gained signifi-

cant attention, leading to notable studies [2, 65–67, 73, 127–129]. A pioneering method

by A. Sengupta et al. [65] converts a 3D point cloud into two 2D images using projection

and employs a forked Convolutional Neural Network (CNN) and Multi-layer Perceptron

(MLP) network to estimate 25 skeletal joint coordinates. Another approach by Sengupta

et al. [67] utilizes natural language processing (NLP) techniques for treating point cloud

frames as paragraphs to estimate skeletal key points. To enhance performance and re-

duce complexity, S. An et al. [66] map 5D point cloud data to a lower dimension and

utilize a CNN-based network to estimate 19 skeletal joints. S. An et al. [2] further im-

prove this method by incorporating multi-frame fusion and meta-learning, resulting in

improved efficiency and accuracy for mmWave radar-based skeleton estimation. S.-P.

Lee et al. [128] collect data using both horizontal and vertical mmWave radars, where

generated heatmaps are fed into a self-attention module for feature fusion and skeletal

key point estimation. A point convolution-based method [73] employs point-by-point

convolution to extract features from point cloud data, capturing more spatial information.

Additionally, Z. Cao et al. [129] propose a two-branch learning model that independently

extracts local and global features, followed by an attention-based fusion module for hu-

man skeleton estimation. Most existing point cloud-based methods primarily rely on the

single-frame inputs [2, 65–67, 73, 127]. While an NLP-based method [67] incorporates

multi-frame inputs, it introduces voxelization-related drawbacks, such as computational

overhead and reduced spatial resolution. Notably, point cloud reliability assessment for

improved robustness remains unaddressed.
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Figure 4.1. CNN and BiLSTM-based neural network for mmWave radar point cloud-based human

skeleton estimation.

To address these limitations, this study presents a novel CNN and Bi-directional

Long Short-Term Memory (BiLSTM)-based human skeleton estimation model that uti-

lizes multi-frame point cloud data without the need for voxelization. Additionally, a Long

Short-Term Memory (LSTM)-based neural network is introduced to assess the reliability

of point cloud data segments, further enhancing the robustness of the proposed method.

Through experimental evaluation, it is demonstrated that the proposed approach achieves

improved accuracy and robustness in human skeleton estimation.

This chapter is structured as follows: Section 4.2 presents the proposed method, de-

tailing its components. Section 4.3 describes the experimental setup and presents the

corresponding results. Finally, Section 4.4 concludes the chapter.

4.2 Proposed Method

4.2.1 Point Cloud Processing

In the proposed research, the study use the public dataset provided by the paper [66] which

generated high-quality point cloud data from only one TI IWR1443 76-81GHz radar. The

maximum number of points detectable per frame is 64. To increase the point cloud den-

sity, the study apply the multi-frame fusion method used in [2] to increase the maximum

number of points per frame to 192 by fusing three frames. For each point, there are 5
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features including x coordinate, y coordinate, z coordinate, Doppler velocity, and signal

intensity. After multi-frame fusion, the data dimension for each frame is 192 × 5 using

zero paddings. As same as the data processing procedure proposed in [2], the point cloud

data is arranged to a 14 × 14 × 5, which is a 14 × 14 square with the depth of 5. Although

multiple point cloud frames are merged during preprocessing, simple concatenation is

applied rather than averaging. Our proposed approach retains the temporal variation be-

tween frames, allowing motion cues to be preserved. As a result, the effective frame rate

is not compromised.

4.2.2 CNN and BiLSTM-based Skeleton Estimation

As depicted in Figure 4.1, inspired by a neural network proposed in the paper [68] for hu-

man activity recognition, a method is proposed a neural network architecture combining

a time-distributed CNN and BiLSTM to estimate the locations of 19 human joints in the

central frame using N frames of point cloud cubes. The proposed human skeleton esti-

mation model employs a multi-frame-based approach. This choice of input allows us to

leverage the temporal features captured by sequence models, as well as utilize the contex-

tual information from the current frame. By incorporating both temporal information and

contextual cues, the multi-frame-based model enhances the robustness of the skeleton es-

timation, yielding improved results. The time-distributed 2D CNN network is employed

to extract a feature map for each frame. The CNN-based feature extraction structure com-

prises three 2D convolution layers, each connected to a max-pooling layer. The filters of

three convolution layers are respectively 64, 32, and 16, and the kernel sizes are all 3 × 3.

Each convolution layer is followed by a Rectified Linear Unit (ReLU) activation layer.

These layers are followed by a flatten layer that generates 1D data as inputs for the BiL-

STM neural network (units = 256). By utilizing the BiLSTM, the study can effectively

capture contextual information and handle sequential tasks [130]. To mitigate overfitting,

a Dropout layer with a dropout rate of 0.5 is applied. Finally, a Dense layer with an output

vector of dimensions 57 × 1 is used to predict the locations of the 19 human joints.
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4.2.3 LSTM-based Point Cloud Reliability Assessment

Figure 4.2. LSTM-based neural network for mmWave radar point cloud reliability assessment.

In the field of skeleton estimation, models are typically trained using relatively clean

data. Consequently, when noisy data is fed into these trained models, unreliable results

are often produced. As stated in Section 4.2.2, the proposed proposed multi-frame human

skeleton estimation technique addresses the issue of unreliable frames that are discontinu-

ous. However, it remains challenging to ensure robustness in scenarios where continuous

unreliable frames are present. To address this issue, a method is proposed a novel ap-

proach for identifying unreliable frames of point cloud data that contain sufficient noise

to impact the accuracy of human body point correspondences. By detecting and filtering

out such frames, the study aim to enhance the robustness and reliability of skeleton es-

timation algorithms in the presence of noise. Thus, the study introduce an LSTM-based

point cloud reliability assessment. Since the dataset [66] used in This study has minimal

noise, the study intentionally contaminate a small portion of the dataset to evaluate the

effectiveness of the proposed point cloud reliability assessment method. This assessment

neural network helps identify contaminated segments including several frames and im-

proves the robustness of skeleton estimation by removing unreliable data. As depicted

in Figure 4.2, the point cloud reliability assessment neural network is constructed using

LSTM. Initially, the N frames of point cloud cubes are flattened and combined to form

the input vector for this LSTM-based neural network, as illustrated in Figure 4.2. The

output of this neural network is a value within the range of [0, 1], with values closer to 0

indicating reliability and values closer to 1 representing unreliability.
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Figure 4.3. The estimation errors (MAE (cm) and RMSE (cm)) of estimated 19 joints location
from mmWave radar point cloud when selecting different values of N.

Table 4.1. The estimation errors (MAE (cm) and RMSE (cm)) of estimated 19 joints location from
mmWave radar point cloud using different methods

x y z Average Number of

parametersMAE RMSE MAE RMSE MAE RMSE MAE RMSE

mmPose [65] 6.80 10.21 4.79 6.67 6.94 9.86 6.18 8.91 2,281,739

MARS [66] 6.99 9.79 4.07 5.56 6.54 8.94 5.87 8.10 1,095,115

mRI [2] 5.08 7.52 2.71 3.73 5.00 7.10 4.26 6.12 3,247,481

Proposed method 2.22 3.62 1.63 2.42 1.87 3.22 1.91 3.09 799,465

Table 4.2. The estimation errors (MAE (cm) and RMSE (cm)) of estimated 19 joints location
from mmWave radar point cloud in two scenarios: keeping or removing unreliable data detected
by point cloud assessment

Average MAE (cm) Average RMSE (cm)

With unreliable data 3.42 5.58

Remove unreliable data 2.84 4.70

4.3 Experiment and Results

4.3.1 Experimental Setup

The study compared the performance of the proposed proposed method with conventional

methods [2, 65, 66]. For the public dataset [66], the study followed the same division of
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train, validate, and test sets as specified in the original paper [66]. To determine the op-

timal number of frames in each sample, denoted as N, the study conducted experiments

with different values (As shown in Figure 4.3) and found that the best performance for

the human skeleton estimation task was achieved when N = 19. Thus, the study subse-

quently set N = 19 for both the human skeleton detection neural network and the point

cloud reliability assessment neural network. After applying the pre-processing proce-

dure described in Section 4.2.1, the study obtained a total of 24,066 samples for training,

8,033 samples for validation, and 7,984 samples for testing. These datasets were utilized

to train, validate, and test the proposed human skeleton estimation model.

As mentioned in Section 4.2.3, the study introduced random contamination into a

small portion of the dataset to simulate noisy data commonly encountered in practical

scenarios. Specifically, the study randomly selected several start timestamps (500 in the

train set and 500 in the test set) and designated a segment beginning with each timestamp

as a noisy segment, with the frames within the segment considered noisy frames. The

length of each noisy segment was randomly set between 5 frames and 20 frames (equiva-

lent to 0.5s - 2s). For each frame designated as a noisy frame, the study added points

with random coordinate values (with both Doppler velocity and intensity set to 0). The

number of noise points in each frame was randomly selected within the range of 0 to

100. Through these steps, the study created contaminated train and test sets. To label the

segments with 19 frames in the contaminated train set as reliable or unreliable, the study

calculated the mean absolute error (MAE) of skeleton estimation for each segment using

the trained skeleton estimation model. Segments with an MAE exceeding 3 cm were la-

beled as unreliable. After training the point cloud reliability assessment model using the

contaminated train set, the study employed the trained model to detect and remove unre-

liable segments in the contaminated test set, thereby evaluating whether the performance

improved.

The evaluation of performance in this study is based on two metrics: mean square er-

ror (MAE) and root mean square error (RMSE) of the x, y, and z coordinates of 19 joints.

Additionally, the average MAE and RMSE of the x, y, and z coordinates are calculated
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to provide an overall performance measure. Furthermore, the number of trainable pa-

rameters used during model training is considered an evaluation indicator, which reflects

the computational complexity associated with each model. This metric helps assess the

efficiency and resource requirements of the models under consideration.

4.3.2 Results and Discussion

Table 4.1 displays the MAE and RMSE values for the x, y, and z coordinates of the es-

timated 19 joints, along with the average MAE and RMSE, and the number of trainable

parameters. The results are compared between the proposed proposed method and the

conventional methods [2, 65, 66]. As depicted in Table 4.1, the accuracy of estimating

the human joints’ locations exhibit a gradual improvement across the four methods: mm-

Pose [65], MARS [66], mRI [2], and the proposed proposed method. In comparison to

the paper that provided the public dataset the study utilized [66], the proposed proposed

method achieved a significant improvement. Specifically, the proposed method reduced

the MAE by approximately 3 cm, indicating a substantial enhancement in accuracy. By

employing a multi-frame-based approach, the study are able to leverage temporal features

and effectively incorporate contextual information for the current frame, resulting in im-

proved robustness for the human skeleton estimation task. Therefore, in comparison to

the conventional methods [2, 65, 66], the proposed proposed method excels in handling

frames with noise and effectively reduces estimation errors. Furthermore, the proposed

approach also demonstrated a reduction in the number of parameters by around 20%,

resulting in improved computational efficiency. These advancements highlight the effec-

tiveness and efficiency of the proposed proposed skeleton estimation method. Table 4.2

presents the average MAE and RMSE of 19 estimated joints under two scenarios: (1)

including results derived from unreliable data, and (2) excluding results obtained from

unreliable data detected through the point cloud assessment method. It reveals that the

average MAE and RMSE are both reduced when employing the proposed proposed point

cloud reliability assessment method by removing the detected unreliable segments. The

proposed proposed point cloud assessment method can effectively eliminate the presence
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of continuous noisy frames, thereby enhancing the robustness of human skeleton estima-

tion.

4.4 Conclusion

In this study, the study present a novel CNN and BiLSTM-based model for human skele-

ton estimation using multi-frame point cloud data as inputs, eliminating the need for vox-

elization. To enhance the robustness of the proposed approach, the study introduce an

LSTM-based neural network for assessing point cloud reliability. Experimental evalua-

tion demonstrates that the proposed method achieves lower MAE, RMSE, and computa-

tional complexity than conventional single frame-based methods.
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Chapter 5

mmPoint-Attention: A Unified

Attention Framework for Human Pose

and Activity Recognition from

mmWave Radar Point Clouds
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5.1 Introduction

Millimeter-Wave (mmWave) radar-based pose estimation and activity recognition have

become increasingly acknowledged for their precision and effectiveness in detecting and

tracking human movements. Compared to traditional Red-Green-Blue (RGB)-based meth-

ods [118–120], depth camera-based approaches [123], and inertial sensor systems [126,

131], mmWave radar offers significant advantages. Unlike RGB or depth cameras, mmWave

radar operates independently of lighting conditions, making it suitable for use in bright

and dark environments alike. Additionally, mmWave radar is resilient to environmental

challenges such as reflections and occlusions that often hinder depth camera performance.

This independence allows for robust, real-time pose tracking, capable of capturing fine

skeletal movements and postures. These attributes make mmWave radar a reliable and ef-

ficient option for applications requiring detailed skeletal analysis and activity recognition,

such as healthcare, sports training, and human-computer interaction, where continuous

and accurate tracking is essential.

Recently, mmWave radar-based human pose estimation has gained considerable in-

terest, leading to various approaches that explore innovative methods for both pose and

activity recognition [2, 65–67, 73, 127–129]. While early works like that of Sengupta

et al. [65] employed Convolutional Neural Network (CNN) and Multi-Layer Perceptron

(MLP) networks to estimate skeletal joints from two-dimensional (2D) projections of

three-dimensional (3D) point clouds, recent methods have enhanced efficiency by opti-

mizing dimensionality (MARS [66]) or utilizing multi-frame fusion (mRI [2]). Addition-

ally, techniques such as Point Transformers [1] and attention-based fusion [128,129] have

been introduced to further refine pose estimation accuracy.

In the realm of activity recognition, previous studies [68, 132] have mainly focused

on detecting basic daily activities using point clouds from mmWave radar. For instance,

RadHAR [68] applies CNNs and Long Short-Term Memory (LSTM) networks to vox-

elized point clouds, while m-Activity [132] uses noise filtering and a sliding window to

accumulate activity-relevant data. Recently, the mRI dataset [2] introduced a more com-

plex set of daily and rehabilitation activities, representing one of the first applications of
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activity recognition on mmWave radar point cloud data that extends beyond basic activ-

ities. However, the two-step approach used in [2], where pose estimation feeds into an

activity classification network depends heavily on pose estimation accuracy and may lose

important context by focusing only on joint locations instead of the full point cloud.

To address these limitations, a method is proposed mmPoint-Attention, a deep learn-

ing model that unifies attention and Transformer encoder layers for both human pose

estimation and activity recognition, directly utilizing multi-frame point cloud data with-

out the need for voxelization. The proposed method consists of multiple stages: point

cloud data pre-processing, feature extraction, context information processing, and dual-

task predictions for both pose and activity recognition. By leveraging temporal infor-

mation across frames and integrating attention mechanisms in the feature extraction and

context information processing phases, the proposed model achieves better performance

than conventional methods [1,2,74] in estimating 3D joint positions and classifying com-

plex activities. Additionally, a post-processing step smooths activity predictions, enhanc-

ing robustness in continuous activity sequences. To address the performance degradation

caused by domain shifts between training and testing data, the study evaluate lightweight

model adaptation via fine-tuning with a small number of target domain samples. This

unified framework not only achieves high recognition accuracy for a broad range of ac-

tivities, including complex rehabilitation movements, but also maintains computational

efficiency.

5.2 Related Work

5.2.1 Pose Estimation

Recently, mmWave radar-based human pose estimation has gained growing attention,

spurring numerous innovative studies [2, 65–67, 73, 127–129]. A notable method by A.

Sengupta et al. [65] introduced a process where a 3D point cloud is projected into two 2D

images, then analyzed using a forked CNN and MLP network to estimate 25 joint coordi-

nates of the human skeleton. Another approach by Sengupta et al. [67] leveraged Natural
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Language Processing (NLP) techniques, treating frames from point clouds as sequences

analogous to paragraphs to estimate skeletal key points effectively. To simplify process-

ing, MARS [66] developed a CNN-based model that reduces five-dimensional (5D) point

cloud data to a lower-dimensional representation, enabling the estimation of 19 skeletal

joints with enhanced efficiency. Building upon this, mRI [2] incorporated multi-frame fu-

sion to further improve efficiency and accuracy in mmWave radar-based pose estimation.

In addition to [2], J. Yang et al. [1] utilized Point Transformer [133] to enhance the deep

learning model. S.-P. Lee et al. [128] contributed by employing both horizontal and verti-

cal mmWave radars, generating heatmaps that are processed with a self-attention module

for feature fusion and accurate keypoint estimation. Another method, based on point con-

volution [73], performed point-by-point convolution on point cloud data, extracting fine

spatial details for enhanced pose estimation. Additionally, Z. Cao et al. [129] introduced a

two-branch learning model that separately captures local and global features, integrating

them via an attention-based fusion module for accurate human pose estimation.

Current point cloud-based pose estimation methods predominantly rely on single-

frame inputs [2, 65–67, 73, 127], which are unable to use context information and have

low robustness for some occasionally noisy frames. While the NLP-based method by

Sengupta et al. [67] incorporates multi-frame inputs, it faces challenges related to 3D

voxelization, such as increased computational cost from processing high-resolution voxel

grids, and loss of spatial fidelity due to the quantization of point cloud data into dis-

crete 3D volumes, which can blur fine-grained geometric details and reduce overall accu-

racy [134].

Addressing the limitations of previous works, a method is proposed a novel attention

and Transformer-based model for human skeleton estimation that directly leverages multi-

frame point cloud data as input, eliminating the need for voxelization. By integrating an

attention mechanism and Transformer encoder layers, the proposed model effectively cap-

tures contextual information across frames, enhancing both the accuracy and robustness

of human pose estimation. This design allows the proposed approach to better handle

complex poses and adapt to variations in point cloud data.
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5.2.2 Activity Recognition

mmWave radar is valued for its ability to capture detailed spatial and motion information,

enabling accurate human activity recognition in real-world environments. A key chal-

lenge lies in identifying features that are robust to environmental variations. Researchers

have explored a variety of features, such as channel impulse response (CIR) frequency

response, micro-Doppler spectrum, and point cloud data, along with domain adaptation

techniques to minimize environmental influences during feature extraction and classifica-

tion.

In [135], W. Jiang et al. developed a deep learning framework for device-free hu-

man activity recognition, where activity features are extracted from radar data using a

CNN, with environment-independent learning enhanced by unsupervised domain adver-

sarial training. Y. Wang et al. [136] employed Doppler-time patterns from FMCW radar

and Bi-directional LSTM (BiLSTM) networks to capture continuous activity transitions

through micro-Doppler features. Methods like RadHAR [68] and m-Activity [132] applied

CNNs and LSTMs on voxelized radar point clouds, addressing data sparsity through tech-

niques like sliding windows and noise filtering, to enable accurate, real-time classifica-

tion in noisy settings. Unlike these single-step approaches, mRI [2] adopted a two-step

pipeline by first estimating poses using a simple CNN that operates on single-frame point

clouds, and then classifying activities with ActionFormer [137]. While this approach

provides detailed pose information, it depends heavily on the accuracy of the per-frame

pose estimation. Consequently, in the presence of sudden noise, an inaccurate pose from

any single frame can propagate errors to the subsequent activity recognition step, thereby

reducing overall classification accuracy. In addition, the two-stage design requires run-

ning two separate models sequentially—each incurring its own computational cost—and

the CNN-based pose estimation model used in the paper has a relatively large number

of parameters. As a result, the real-time performance of the system remains limited and

requires further optimization.
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Earlier human activity recognition studies with mmWave radar point clouds mostly

targeted a small set of simple activities. However, recent datasets like MM-Fi and mRI in-

troduced complex rehabilitation activities, marking significant progress in human activity

recognition applications. Notably, mRI was the first to include both daily and rehabilita-

tion activities in mmWave radar point cloud data. Nevertheless, its two-step method faces

challenges, such as heavy reliance on accurate pose estimation, potentially overlooking

valuable information in the full point cloud. To overcome these limitations, a method is

proposed a single-step deep neural network with an attention mechanism and Transformer

encoder layers for human activity recognition, directly utilizing full point cloud data from

mmWave radar. This model maintains the rich contextual information of the entire point

cloud, enhancing robustness and improving activity recognition accuracy for both daily

and rehabilitation activities.

5.3 Preliminaries

5.3.1 mmWave Radar

As shown in Figure 5.1, the generation of a point cloud from mmWave radar involves a

sequence of processing steps that transform raw radar signals into a detailed 5D repre-

sentation of objects in the environment [66]. The process starts with the radar emitting

electromagnetic waves, which travel through the environment, reflect off objects (such

as people), and return to the radar sensor. The first stage in processing is interference

mitigation. This step reduces noise, enhancing the accuracy of subsequent calculations.

Next, the radar performs a 1st Dimension Fast Fourier Transform (FFT) on the processed

signal to extract range information, commonly referred to as range FFT [138]. This trans-

formation allows the radar to measure the distance to each detected object by analyzing

the time it takes for the transmitted signal to return. Following range detection, the radar

conducts a 2nd Dimension FFT (Doppler FFT) to calculate the Doppler velocity of the de-

tected objects [138]. This step leverages the Doppler effect, where the frequency shift in

the reflected signal indicates whether an object is moving toward or away from the radar,
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as well as its velocity. The velocity information is key for tracking moving objects and

differentiating between stationary and dynamic elements in the environment. Once range

and velocity data are obtained, a technique named Constant False Alarm Rate (CFAR)

detection [139] is used to identify and filter valid targets. CFAR detection dynamically

adjusts the threshold for distinguishing real objects from background noise or clutter, en-

suring that only relevant points are kept in the final data. This stage helps improve the

reliability of object detection, especially in changing environments. Finally, a 3rd Dimen-

sion FFT (angle FFT) is applied to determine the angle of arrival (AoA) of the reflected

signals [138]. By analyzing the phase differences of the signal received across multiple

antennas, the radar calculates the angle at which each object is located relative to its own

position. This angle information, combined with range and velocity, enables the radar to

create a comprehensive point cloud.

The resulting point cloud consists of a collection of data points, each representing

the location, Doppler velocity, and reflection intensity of an object in 3D space. This

point cloud data can then be used in applications such as pose estimation and activity

recognition, where the spatial and dynamic attributes of detected objects help reconstruct

body postures or recognize specific actions based on movement patterns [140].

Figure 5.1. Point cloud generation from mmWave Radar.

5.3.2 Attention Mechanism

There are two kinds of attention layers employed in mmPoint-Attention: Efficient Channel

Attention (ECA) [141] and Sequence-weighted Attention [142].
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ECA [141]

ECA is a lightweight and efficient attention mechanism designed to enhance the repre-

sentational power of CNNs by focusing on essential channel-wise features without sig-

nificantly increasing model complexity. In the ECA module, the input feature map x with

shape [N,C,H,W] (N is the batch size, C is the number of channels, H and W represent

the height and width of the feature map) undergoes the following steps:

First, global average pooling is applied along the spatial dimensions to produce a

channel descriptor y = [y1, y2, ..., yC] with shape [N,C, 1, 1]:

yc =
1

H ×W

H∑
i=1

W∑
j=1

xci j, (5.1)

where xci j represents the value at the location (c, i, j) in the feature map of a sample.

Next, the squeeze and transpose operations reshape y to [N, 1,C], preparing it for 1D

convolution. A 1D convolution with adaptively selected kernel size k captures cross-

channel dependencies. The kernel size k is calculated based on the number of channels

C:

k =


| log2(C)+b|

γ
, if | log2(C)+b|

γ
is odd

| log2(C)+b|
γ

+ 1, otherwise
(5.2)

where b and γ are two parameters to control the mapping. The 1D convolution output is

passed through a sigmoid activation to obtain channel attention weights. Finally, these

weights are applied to x through element-wise multiplication, resulting in the recalibrated

feature map. This process allows the model to focus on informative channels, enhancing

feature expressiveness.

Sequence-weighted Attention [142]

This attention mechanism enables the model to assess the significance of each frame in

relation to the prediction task, assigning weights to frames when building a representation

of the segment. For instance, a frame that captures crucial details may be particularly

informative for understanding the overall content of the segment, so it should be weighted

accordingly. Sequence-weighted attention is a simplified attention approach using a single
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parameter in the attention layer:

v =
T∑

j=1

exp(hj · wa)∑T
k=1 exp(hk · wa)

hj. (5.3)

Here, T represents the length of the segment, hj denotes the hidden state or embedding of

frame j, and wa is the attention weight vector. The softmax function normalizes the scores

into a probability distribution, enabling the weighted summation of frame embeddings to

produce the final segment representation v, which is used by the classifier.

5.4 Proposed Method

Figure 5.2. Attention and Transformer-based deep neural network for human pose estimation and

activity recognition from mmWave Radar point clouds.

Five components make up the framework of mmPoint-Attention: (i) Point cloud data pre-

processing, (ii) Human-related feature extraction, (iii) Context information extraction,

(iv) Pose estimation & Activity recognition, (v) Domain-specific fine-tuning. These five
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blocks are described separately as follows. As illustrated in Figure 5.2, the study present

an Attention- and Transformer-based deep neural network architecture designed for hu-

man pose estimation and activity recognition. This architecture combines a human-related

feature extraction block, a context information extraction block, a pose estimation block,

and an activity recognition block to predict the 3D positions of 17 human joints in the

central frame, as well as the activity class for the segment, using a sequence of N frames

of point cloud data. This multi-frame approach allows the network to capture temporal

dynamics across frames, while leveraging contextual information from the central frame,

resulting in more robust and accurate skeleton estimation.

5.4.1 Point Cloud Data Pre-processing

In the proposed research, the study utilize two public datasets: mRI [2] and MM-Fi [1],

which provide high-quality point cloud data collected with the Texas Instruments (TI)

IWR1443 Boost (76-81 GHz) and TI IWR6843 (60-64 GHz) mmWave radars, respec-

tively.

As shown in Figure 5.3, the study adopt a multi-frame fusion technique from [2]

to increase point cloud density. Specifically, the study fuse three consecutive frames to

create a denser representation for each activity, enhancing both data continuity and feature

richness. Each individual point Pi within the point cloud contains five essential features:

Xi, Yi, and Zi coordinates (representing spatial position), Doppler velocity Di (indicating

movement speed), and signal intensity Ii. After multi-frame fusion, each frame reaches

a higher density, with a maximum number of points per frame set to S 2. To maintain a

consistent shape across frames, if the number of points exceeds S 2, the study randomly

select S 2 points. If the number of points is less than S 2, the study apply zero-padding to

ensure a uniform shape of S 2 × 5 for each frame.

Following the data processing approach in [2], the study reshape and structure the

point cloud data into a 3D array with dimensions S × S × 5, where S × S forms a 2D

spatial grid, and the depth dimension (5) holds the feature values. This transformation

produces a compact, structured input format well-suited for further processing in neural
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networks, capturing spatial, velocity, and intensity information across a well-defined grid.

For the mRI dataset [2], the study set S = 14, and for the MM-Fi dataset [1], the study set

S = 11. The selection of the value of S is based on empirical observations, ensuring that

the number of points in almost all frames is less than S 2, while allowing for a very small

number of exceptional frames where the point count slightly exceeds S 2.

Figure 5.3. Data pre-processing method for mmWave Radar point clouds.
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5.4.2 Human-related Feature Extraction

Table 5.1. The parameters of CNN and max-pooling layers in human-related feature extraction
block.

filters kernel size strides activation

CNN 1 64

(3,3) (1,1) ReluCNN 2 32

CNN 3 16

strides pool size

Max pooling 1 (1,2)

(2,2)Max pooling 2 (1,2)

Max pooling 3 (2,2)

The input sequence for the deep neural network model in mmPoint-Attention consists of

F frames of pre-processed point cloud data. Based on multiple experimental comparisons

and experience, the study set F = 13. Each frame is processed individually through a

time-distributed feature extraction block, which extracts a human-related feature map for

each frame. The feature extraction block comprises three 2D CNN layers, three ECA

layers [141], three max-pooling layers, a flatten layer, and a dropout layer. Each 2D

CNN layer is followed by an ECA layer and a max-pooling layer to focus on informative

channels, downsample, and emphasize essential features. To introduce non-linearity and

enhance learning capacity, each CNN layer also includes a Rectified Linear Unit (ReLU)

activation function. As shown in TABLE 5.1, different parameters are applied to the

CNN and max-pooling layers. For all the ECA layers, the study set b = 1 and γ = 2

as specified in Eq. (5.2). After the convolutional operations, a flatten layer converts the

2D feature maps into 1D vectors, preparing them as sequential inputs for the context

information extraction block. Additionally, the dropout rate for the dropout layer is set

to 0.5. Through this CNN and ECA-based feature extraction block, a 1D feature map is

generated for each input frame.
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5.4.3 Context Information Extraction

The 1D feature maps from the N frames are first linearly projected into a 64-dimensional

embedding space through a Dense layer. Then, positional encodings are added to pre-

serve temporal order information. These enriched representations are subsequently passed

through two stacked Transformer encoder layers [143]. Each Transformer encoder layer

uses a multi-head self-attention mechanism with 4 attention heads, followed by a feed-

forward network with a hidden dimension of 256. Dropout with a rate of 0.1 is applied

after both the self-attention and feed-forward sub-layers to prevent overfitting. The em-

bedding dimension is set to 64 throughout, and all weights are shared across frames. This

design enables the model to effectively capture long-range dependencies and temporal dy-

namics across the entire sequence of point cloud frames. Unlike recurrent neural network

models, the Transformer encoder allows each frame to directly attend to all others in the

sequence, enabling efficient and flexible context modeling. This design enhances the abil-

ity of the network to capture temporal relationships, thereby improving the accuracy of

joint position estimation and activity classification. Following the Transformer encoder,

a sequence-weighted attention mechanism is applied to evaluate the importance of each

frame for the prediction task, whether estimating the joint positions in the central frame

or classifying the activity for the N-frame segment. Additionally, to mitigate overfitting, a

Dropout layer with a dropout rate of 0.5 is applied after the sequence-weighted attention

layer. The output of the context information extraction block is a 1D vector of length 64.

5.4.4 Pose Estimation & Activity Recognition

Finally, the deep neural network model uses two Dense layers to perform two different

prediction tasks, respectively, after the context information block. For human pose esti-

mation, a Dense layer with a linear activation outputs a vector with dimensions 51 × 1,

representing the predicted x, y, and z coordinates for each of the 17 joints in the center

frame.

For activity recognition, a Dense layer with softmax activation outputs a vector whose

size is Nclasses × 1, (Nclasses is the number of activity classes) representing the prediction
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probabilities for each activity class. Based on these probabilities, the study predict the

activity label for each N-frame segment. Unlike ActionFormer [137], it is challenging to

directly estimate the start and end timestamps of a continuous activity using the output of

the proposed model, as it predicts the activity label for each segment independently. When

consecutive segments in the ground truth correspond to the same activity, the proposed

predictions may occasionally introduce an anomalous label within this sequence. For ex-

ample, in the ground truth, a continuous period of activity “A01” with a start time of 5 and

an end time of 50 implies that all frames in this interval should be labeled “A01”. How-

ever, the proposed predictions for this time range may sporadically include other labels,

such as “A02” or “A03”, causing inconsistency within the continuous segment. These

sporadic incorrect predictions can be considered as anomalies in an otherwise continuous

period.

To address this issue, the study apply a post-processing procedure, illustrated in Fig-

ure 5.4, to eliminate anomalous predictions. A sliding window with increasing lengths,

from 5 frames up to 320 frames, is used to filter out these inconsistencies. Starting with

the initial predicted activity labels A, the study apply a sliding window centered around

each frame, referred to as Wcenter, with a specified window length, Wlength. Within each

window, the most frequently occurring activity label, Afreq, is identified as the predomi-

nant activity within that window. If Afreq appears in more than 50% of the frames within

the window, it is assigned as the activity label of the center frame A(Wcenter), thereby

smoothing the predictions and reducing noise. This post-processing method is applied as

the window slides across the entire sequence, ensuring that the final predictions contain

minimal anomalous labels. It is important to note that the original frames are used for all

sliding windows, and the refined values are not propagated to subsequent windows. The

result is a refined and more stable set of activity labels across the sequence.

5.4.5 Domain-specific Fine-tuning

In real-world applications, it is common for the training and testing datasets to involve

entirely different subjects or environments. That is, the testing set may contain previously
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unseen subjects or environmental conditions that were not present during training. This

domain shift typically leads to a significant drop in the performance of pose estimation and

activity recognition models. To address this issue, the study investigate the effectiveness

of lightweight model adaptation using a small amount of data from the target domain.

Specifically, in the proposed experiments, the study construct training and testing sets

that are disjoint in terms of either subjects or environments. The study then fine-tune

the pre-trained model using only 1,200 samples randomly selected from the testing set

(typically less than 1/15 of its total size) for 20 epochs.

Figure 5.4. The post-processing workflow for activity labels estimated from attention and

Transformer-based deep neural network.
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5.5 Experiments and Discussion

5.5.1 Experimental Settings

Data Description

In the proposed research, the study utilize two publicly available mmWave radar-based

human sensing datasets: mRI [2] and MM-Fi [1]. These datasets provide synchronized

radar signals and 3D human pose annotations, enabling the evaluation of radar-based

pose estimation and activity recognition algorithms. The mRI dataset was collected in a

controlled indoor environment, where the radar device was placed at a fixed distance of

2.4 meters from the human subject. Ground-truth 3D poses were obtained using a dual-

camera system calibrated with the radar to ensure spatial alignment. This dataset focuses

on a variety of rehabilitation exercises and standard activities of daily living, making it

suitable for healthcare-related applications. Similarly, the MM-Fi dataset was recorded

with the radar sensor positioned 3 meters away from the subjects. It also employs a cal-

ibrated dual-camera setup to generate accurate 3D pose annotations. Compared to mRI,

MM-Fi includes a broader set of daily activity classes and features more diverse sub-

jects and environmental settings, such as different room layouts and clothing conditions,

thereby introducing greater variability for cross-domain evaluations. In both datasets, the

3D human pose is represented by the coordinates of 17 body joints, following the standard

skeleton format used in popular motion capture benchmarks. Additionally, each frame is

annotated with an activity label, allowing for both pose estimation and activity classifi-

cation tasks. Detailed information on activity classes is summarized in TABLE 5.2 and

TABLE 5.3, respectively.
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Table 5.2. The activity classes in MM-Fi [1] dataset

Rehabilitation Activity Daily Activity

ID Description ID Description

A01 Stretching and relaxing A02 Chest expansion (horizontal)

A06 Mark time A03 Chest expansion (vertical)

A07 Limb extension (left) A04 Twist (left)

A08 Limb extension (right) A05 Twist (right)

A09 Lunge (toward left-front) A13 Raising hand (left)

A10 Lunge (toward right-front) A14 Raising hand (right)

A11 Limb extension (both) A17 Waving hand (left)

A12 Squat A18 Waving hand (right)

A15 Lunge (toward left side) A19 Picking up things

A16 Lunge (toward right side) A20 Throwing (toward left side)

A24 Body extension (left) A21 Throwing (toward right side)

A25 Body extension (right) A22 Kicking (toward left side)

A26 Jumping up A23 Kicking (toward right side)

A27 Bowing

Table 5.3. The activity labels in mRI [2] dataset

Rehabilitation Activity Daily Activity

ID Description ID Description

B01 Left upper limb extension B11 Stretching and relaxing

B02 Right upper limb extension B12 Walking in a straight line

B03 Both upper limb extension

B04 Left front lunge

B05 Right front lunge

B06 Squat

B07 Left side lunge

B08 Right side lunge

B09 Left limb extension

B10 Right limb extension
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Noise-Level-Based Data Augmentation for Robustness Evaluation

Table 5.4. Multi-level noise parameter settings for noise-level-based data augmentation.

Level Additive Points Noisy Frames Std Perturb
Min Max Min Max σ(m) Ratio

0 0 0 0 0 0.00 0.00

1 3 5 1 3 0.05 0.20

2 5 10 3 5 0.08 0.25

3 10 15 5 7 0.10 0.30

To validate the robustness of learning models in complex sensing environments, a method

is proposed a multi-level noise augmentation framework for point clouds acquired by

mmWave radar. In real-world scenarios, point cloud data is often affected by background

clutter, multipath reflections, and sensor-induced measurement errors, leading to unstable

perception outcomes. To simulate these real-world degradations during training and test-

ing, the proposed method injects two types of synthetic noise into the data: additive noise,

which inserts random pseudo-points in the global coordinate space to simulate false tar-

gets or clutter, and perturbative noise, which applies Gaussian perturbations to a subset of

original points in position, velocity, or intensity to mimic sensor jitter or precision limita-

tions. Noise is injected into continuous or dispersed segments of frames, with the decision

of injection being probabilistically determined on a per-frame basis. To systematically

control the complexity of the noise, the study define four levels (0 to 3), each specifying

the number of additive points, the duration of noisy segments, and the magnitude of per-

turbation, as shown in Table 5.4. The meaning of the parameters in Table 5.4 are shown

as following. Additive Points: number of pseudo-points per noisy frame; Noisy Frames:

number of continuous frames containing noise; Std σ (m): standard deviation of Gaussian

perturbation; Perturb: ratio of original points to be perturbed. This mechanism allows us

to generate multiple noise levels, ranging from original point cloud sequences (Level 0) to

strongly corrupted sequences (Level 3), supporting the evaluation under varying degrees

of noise.
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Performance Evaluation

Aligned with the research conducted in MM-Fi [1] and mRI [2], the study use different

train-test split settings and different activity selection protocols for evaluation. The details

of these split settings and protocols are shown in TABLE 5.5. S1, S2, and S3 are train-test

split settings. P1, P2, and P3 are activity selection protocols. Since mRI dataset has no

environment labels, the study only evaluate the performance using S1 and S2 settings.

To evaluate the performance of pose estimation, the study use two widely used met-

rics: Mean Per Joint Position Error (MPJPE), and Procrustes Analysis MPJPE (PA-

MPJPE) [144]. MPJPE calculates the average Euclidean distance between the predicted

joint positions and the ground truth joint positions. Given Qgt as the ground truth 3D joint

positions, Qpred as the predicted 3D joint positions, and M = 17 as the total number of

joints, MPJPE is computed as

MPJPE =
1
M

M∑
i=1

∥∥∥∥Q(i)
gt −Q(i)

pred

∥∥∥∥
2
, (5.4)

where ∥ · ∥2 denotes the Euclidean (L2) norm. The PA-MPJPE, also known as “MPJPE

after rigid alignment”, applies a Procrustes alignment before computing the MPJPE. This

alignment involves scaling, translation, and rotation to minimize the distance between the

predicted and ground truth joint positions. The equation for PA-MPJPE is similar to that

for MPJPE but includes a transformation step. The study compare the pose estimation

results of the proposed proposed mmPoint-Attention with those of previous works [1, 2,

74]. The results for the Single frame-based method [2] and the Multi frame-based method

[74] were obtained through the proposed own implementations based on the descriptions

provided in the respective papers. Since [1] does not provide specific details on how to

apply the Point Transformer within their model, the study rely on the reported results from

that paper for evaluations on the MM-Fi dataset.

For activity recognition performance evaluation, the study apply different metrics for

the MM-Fi and mRI datasets. In the MM-Fi dataset, each activity is recorded individ-

ually, with only one activity per recording. Both the training and testing data contain
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no segments with multiple activities in a single recording. Thus, the study evaluate the

performance using standard classification metrics: precision, recall, and F1 score. In con-

trast, the mRI dataset includes recordings with multiple activities, where the sequence,

start, and end times of each activity are randomly varied. As a result, a single segment

can contain multiple activities. To evaluate performance, the study use average precision

(AP) with various temporal intersection over union (tIoU) thresholds, consistent with the

original mRI paper [2]. tIoU is a metric commonly used in activity recognition, espe-

cially in video analysis, to measure the overlap between two temporal segments, typically

between a predicted activity segment and the ground truth activity segment. Specifically,

the study select tIoU = 0.5, tIoU = 0.75, and tIoU = 0.95, and also compute the mean

AP over tIoU values from 0.5 to 0.95 in increments of 0.05. For activity recognition on

this dataset, the study only use the S2 train-test split setting for evaluation.

Table 5.5. Train-test split settings and activity selection protocols for performance evaluation of
mmWave Radar point cloud-based pose estimation and activity recognition.

MM-Fi [1] mRI [2]

S1 Random Split (3:1) Random Split (3:1)

S2 32 subjects for training and 8 sub-

jects for testing

15 subjects for training and 5 sub-

jects for testing

S3 3 environments for training and 1 en-

vironment for testing

P1 14 daily activities 13 activities including daily & reha-

bilitation activities

P2 13 rehabilitation activities 10 rehabilitation activities

P3 27 activities including daily & reha-

bilitation activities
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5.5.2 Experimental Results

Pose Estimation

Tables 5.6 and 5.7 present the pose estimation results on the MM-Fi and mRI datasets

(The units of MPJPE and PA-MPJPE are both meter), comparing the proposed proposed

mmPoint-Attention with previous works [1, 2, 74]. As shown in Table 5.6, under S1, S2

and S3 settings, the proposed mmPoint-Attention achieves the best performance, yielding

the lowest MPJPE and PA-MPJPE values across the protocols P1, P2, and P3. However,

as shown in Table 5.6, before domain-specific fine-tuning, with the S3 setting, the method

proposed in [1] surpasses the proposed approach. This difference may arise because, un-

like the single-frame-based methods [1, 2], multi-frame-based approaches like mmPoint-

Attention use data segments for training, which often overlap and consequently contain

many highly similar samples. This overlap can lead to a tendency towards slight overfit-

ting in the proposed method compared to the single-frame approach of [1]. Expanding

the diversity of data collection environments and increasing the overall data volume could

likely improve the performance of the proposed approach by reducing overfitting and en-

hancing generalization. In the proposed method, domain-specific fine-tuning is applied

only under the train-test split settings S2 and S3, as setting S1 does not involve any new

subjects or environments in the test set. After domain-specific fine-tuning, both MPJPE

and PA-MPJPE are significantly reduced, demonstrating that fine-tuning can adapt the

pretrained model to better accommodate unseen subjects or environments. The proposed

experiments also show that increasing the number of samples used for fine-tuning fur-

ther improves pose estimation accuracy. However, in practical applications, collecting

large amounts of ground-truth pose data (e.g., via cameras) is often impractical and time-

consuming. Based on the proposed results using 1,200 samples for fine-tuning, the study

find that a few minutes of data collection is sufficient for domain adaptation when de-

ploying the system in a new environment or for a new user. It is recommended, however,

that the collected data includes as diverse a set of activities as possible to maximize the

capability of fine-tuning.
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As shown in Table 5.7, before domain-specific fine-tuning, the proposed method con-

sistently achieves the best performance for S1 on the mRI dataset across all activity se-

lection protocols, while exhibiting comparable performance to [74] for S2. These results

demonstrate the robustness and accuracy of the proposed method on this dataset. After

domain-specific fine-tuning, the performance under setting S2 is further enhanced, indi-

cating the benefit of adaptation to new subjects.

Table 5.6. The performance comparison of mmWave Radar point cloud-based pose estimation
using MM-Fi dataset under conventional methods and the proposed mmPoint-Attention.

Single frame-based method [2]

P1 P2 P3
MPJPE PA-MPJPE MPJPE PA-MPJPE MPJPE PA-MPJPE

S1 0.1105 0.0602 0.1229 0.0624 0.1290 0.0682
S2 0.1465 0.0682 0.1732 0.0744 0.1650 0.0767
S3 0.2057 0.0826 0.2140 0.0938 0.2161 0.0917

Single frame-based method + Point Transformer [1]

P1 P2 P3
MPJPE PA-MPJPE MPJPE PA-MPJPE MPJPE PA-MPJPE

S1 0.1098 0.0556 0.1243 0.0553 0.117 0.0573
S2 0.1284 0.0587 0.1422 0.0574 0.1297 0.06
S3 0.1662 0.0739 0.168 0.073 0.1616 0.0737

Multi frame-based method [74]

P1 P2 P3
MPJPE PA-MPJPE MPJPE PA-MPJPE MPJPE PA-MPJPE

S1 0.0839 0.0490 0.0805 0.0463 0.0924 0.0536
S2 0.1322 0.0584 0.1327 0.0609 0.1313 0.0634
S3 0.1897 0.0817 0.1858 0.0838 0.1860 0.0876

mmPoint-Attention (w/o fine-tuning)

P1 P2 P3
MPJPE PA-MPJPE MPJPE PA-MPJPE MPJPE PA-MPJPE

S1 0.0735 0.0502 0.0784 0.0487 0.0873 0.0527
S2 0.1297 0.0584 0.1348 0.0618 0.1300 0.0631
S3 0.1793 0.0724 0.1985 0.0874 0.1819 0.0826

mmPoint-Attention (w/ fine-tuning)

P1 P2 P3
MPJPE PA-MPJPE MPJPE PA-MPJPE MPJPE PA-MPJPE

S1 0.0735 0.0502 0.0784 0.0487 0.0873 0.0527
S2 0.0833 0.0508 0.0952 0.0533 0.0939 0.0562
S3 0.0963 0.0555 0.1105 0.0587 0.0985 0.0571
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Table 5.7. The performance comparison of mmWave Radar point cloud-based pose estimation
using mRI dataset under conventional methods and the proposed mmPoint-Attention.

Single frame-based method [2]

P1 P2
MPJPE PA-MPJPE MPJPE PA-MPJPE

S1 0.1669 0.1337 0.1396 0.0719
S2 0.2024 0.0990 0.1685 0.0737

Multi frame-based method [74]

P1 P2
MPJPE PA-MPJPE MPJPE PA-MPJPE

S1 0.0944 0.0714 0.0689 0.0442
S2 0.1352 0.0845 0.1287 0.0617

mmPoint-Attention (w/o fine-tuning)

P1 P2
MPJPE PA-MPJPE MPJPE PA-MPJPE

S1 0.0773 0.0680 0.0625 0.0422
S2 0.1394 0.0833 0.1299 0.0631

mmPoint-Attention (w/ fine-tuning)

P1 P2
MPJPE PA-MPJPE MPJPE PA-MPJPE

S1 0.0773 0.0680 0.0625 0.0422
S2 0.0922 0.0650 0.0690 0.0460

Furthermore, as shown in Table 5.8, the proposed proposed model requires signif-

icantly fewer trainable parameters compared to the single-frame-based methods [1, 2].

While the number of trainable parameters has increased compared to the proposed previ-

ous work [74], it still remains within the range of a relatively small model, and the per-

formance has also improved. This significant reduction in model size not only shortens

training time but also moves us closer to real-time application capabilities. The smaller

number of parameters reduces computational load, making the proposed model more effi-

cient and practical for deployment in resource-constrained environments, such as mobile

devices or embedded systems. This efficiency improvement without sacrificing perfor-

mance makes the proposed approach highly suitable for real-time activity recognition

tasks.
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Table 5.8. Number of trainable parameters for mmWave Radar point cloud-based pose estimation
using conventional methods and the proposed mmPoint-Attention.

Method Number of

Trainable

Parameters

Single frame-based method [2] 2,015,603

Single frame-based method + Point Transformer [1] ≈ 500,000

Multi frame-based method [74] 58,235

mmPoint-Attention 233,086

As shown in Figure 5.5, which includes the MPJPE (m) of pose estimation using

train-test split setting S1 and protocol P1, P2, and P3, the proposed evaluation of pose

estimation under increasing noise levels demonstrates that the Transformer-based model

exhibits superior robustness and accuracy, consistently maintaining lower MPJPE com-

pared to LSTM-based and BiLSTM-based models across all noise conditions. This indi-

cates that the Transformer-based model is more accurate at extracting meaningful contex-

tual information from temporal sequences of point cloud frames. Furthermore, the results

show that incorporating attention mechanisms leads to a reduction in MPJPE, highlight-

ing the effectiveness of both the ECA and sequential attention components in enhancing

pose estimation performance.

Figure 5.5. The estimation errors (MPJPE (m)) of LSTM, BiLSTM, Transformer-based (include
w/o and w/ attention mode)-based model for pos estimation using mmWave Radar point cloud
under different noise levels.
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Activity Recognition

(a) Confusion matrix using protocol P1 (b) Confusion matrix using protocol P2

(c) Classification performance using protocol P3.

Figure 5.6. mmPoint-Attention-based activity recognition classification confusion matrix using
MM-Fi dataset.

Figure 5.6 presents the activity recognition performance on the MM-Fi dataset (S2 set-

ting). As shown in Figure 5.6(a), activities such as A02, A03, A17, and A18 achieve

higher performance than the others. This is likely because these activities, including chest
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expansion and waving hands, are more standardized; there is less variation in how differ-

ent subjects perform these activities, resulting in higher recognition accuracy. Similarly,

as shown in Figure 5.6(b), A06, A07, A08, and A26 exhibit better performance than other

rehabilitation activities for the same reason. In contrast, activities A04, A05, and A10

perform significantly worse than others across protocols P1 and P2. The lower accuracy

for A04 and A05, which involve twisting, can be attributed to the high dependence of

these activities on subject-specific variations. Each subject performs the twist with dif-

fering ranges and angles, increasing variability and reducing recognition accuracy. For

A10, the reduced accuracy is likely to be due to the presence of outliers and biases in the

dataset for this activity class.

Table 5.9. Performance evaluation (AP) of mmWave Radar point cloud-based activity recognition
using mRI dataset [2].

P1 P2

AP50 AP75 AP95 APmean AP50 AP75 AP95 APmean

mRI [2] 98.22 97.59 29.02 87.04 99.00 97.21 31.11 87.55

mmPoint-Attention
(w/o attention & w/o fintune) 85.60 79.86 66.98 78.84 67.49 64.32 41.74 59.83

(w/ attention & w/o fintune) 94.70 91.13 78.61 89.65 93.87 89.75 78.11 87.94

(w/ attention & w/ fintune) 96.74 95.24 86.08 94.01 97.97 96.94 91.46 96.17

Table 5.9 compares the activity recognition results of the proposed proposed mmPoint-

Attention with the two-step method used in [2]. In this Table, AP50 means the AP value

while tIoU = 0.5. AP75 means the AP value while tIoU = 0.75. AP95 means the AP

value while tIoU = 0.95. APmean means the average AP of the tIoU = [0.5 : 0.05 : 0.95].

“w/o attention” means without attention layers; “w/ attention” means with attention lay-

ers; “w/o fine-tuning” means without domain specific fine-tuning; “w/ fine-tuning” means

with domain specific fine-tuning. As shown in Table 5.9, the proposed mmPoint-Attention

achieves the highest APmean and AP95, while the two-step method introduced by [2] main-

tains the highest AP50 and AP75. These results indicate that the proposed activity recog-

nition approach generally outperforms the method in [2], achieving robust accuracy even

at high tIoU thresholds (tIoU > 0.95). However, since the method in [2] is based on
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ActionFormer [137], directly predicting the start and end times of activities, it is less af-

fected by occasional outlier predictions within continuous segments, leading to slightly

better performance at lower tIoU thresholds. However, overall, the proposed approach

demonstrates superior performance. Moreover, through ablation experiments, the study

compared the performance of the proposed method with and without the attention mech-

anism. The results clearly demonstrate that the inclusion of attention layers enhances the

performance of the model in the activity recognition task. This confirms the effectiveness

of attention mechanism in capturing crucial channel-related and contextual information

essential for precise activity recognition. Moreover, domain-specific fine-tuning enhances

the performance of activity recognition, demonstrating its capability in adapting to new

subjects.

5.5.3 Discussion

The proposed proposed mmPoint-Attention framework introduces a multi-frame-based

approach that employs attention mechanisms and Transformer encoder layers for human

pose estimation and activity recognition. This unified model directly utilizes multi-frame

point cloud data, eliminating the need for voxelization, which is a key advantage over

previous single-frame-based methods and voxelization-based methods.

For Unseen Scenarios

As shown in Tables 5.6 and 5.7, despite the limited data, this fine-tuning process results

in a model that is better adapted to the target domain, yielding improved accuracy in both

pose estimation and activity recognition tasks. These 1,200 samples can be considered

analogous to collecting a few minutes of motion data from a new subject or within a

new environment in real-world settings. This demonstrates that even minimal additional

data can significantly enhance model adaptability and performance in previously unseen

scenarios.
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Merits of mmPoint-Attention

One of the most notable advantages of the proposed method is its ability to leverage tem-

poral context in multi-frame point clouds. Unlike single-frame-based approaches such as

the CNN-based method [2] and the Point Transformer-based method [1], which process

individual frames in isolation, mmPoint-Attention captures motion continuity. In contrast,

mmPoint-Attention captures motion continuity and spatial dependencies across multiple

frames using Transformer encoder layers. This significantly enhances the robustness of

pose estimation by mitigating the impact of noisy frames and improving activity recogni-

tion through better sequence consistency.

Additionally, the proposed method employs two types of attention mechanisms:

• ECA, which enhances feature expressiveness while keeping computational over-

head low.

• Sequence-weighted Attention, which assigns adaptive importance to different frames

based on their contribution to pose estimation and activity recognition.

This combination improves feature selection and robustness, leading to superior perfor-

mance compared to both single-frame-based and point-wise Transformer-based models.

Furthermore, compared to the Point Transformer [133], which applies self-attention

on point features, the proposed method requires significantly fewer trainable parameters

while achieving better performance in multi-frame scenarios. Point Transformer focuses

on capturing long-range dependencies across point cloud data using self-attention. While

this approach is effective for extracting fine-grained spatial features, it does not inherently

model temporal dependencies, which are crucial for human pose estimation and activ-

ity recognition. The proposed Transformer-based approach overcomes this limitation by

explicitly encoding time-series dependencies, leading to improved pose tracking and con-

tinuous activity classification. Additionally, Point Transformer-based methods tend to

be computationally expensive due to the quadratic complexity of self-attention over all

points. In contrast, the proposed model achieves a favorable balance between efficiency
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and accuracy by utilizing lightweight attention mechanisms while maintaining state-of-

the-art performance in pose estimation and activity recognition.

Limitations and Future Works

While the proposed experiments demonstrate that the proposed method enhances pose

estimation and activity recognition accuracy compared to previous approaches, this study

does have some limitations. First, the results indicate that when different environments

are used for training and testing, the pose estimation accuracy drops considerably with-

out fine-tuning. This highlights that, in human pose estimation using mmWave radar

point clouds, the environment in which training data is collected significantly impacts the

performance of the model in real-world applications. Given the vast variability of real-

world environments, applying this algorithm in practical settings would require either a

more robust approach to generalize across environments or a more efficient extraction of

human-specific features that are independent of environmental factors. Addressing this

limitation is a key focus for the proposed future work. Second, the current algorithm is

limited to single-person scenarios and cannot yet be applied in multi-person contexts. In

multi-person scenarios, accurately segmenting sparse point clouds and managing occlu-

sions between individuals present substantial challenges. Developing methods to reliably

separate individuals in crowded or complex environments will be essential as the study

advance This study. As a potential future direction, the study envision integrating a pre-

processing module for subject separation, such as clustering-based instance segmentation

of the point cloud, followed by individual pose estimation pipelines per subject. For

occlusion handling, incorporating temporal consistency checks and occlusion-aware at-

tention mechanisms could help preserve identity and structural continuity across frames,

even when partial information is missing. Finally, while the study evaluated the proposed

mmPoint-Attention model on publicly available datasets to establish its feasibility, the

proposed next steps will involve collecting the proposed own dataset and implementing

this model in real-time applications. This progression will not only test the practicality
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of the model but also allow us to optimize it for real-time use, ultimately enhancing its

robustness and adaptability in diverse settings.

5.6 Conclusion

In conclusion, the proposed mmPoint-Attention framework makes significant contribu-

tions to mmWave radar-based pose estimation and activity recognition. By integrating

attention mechanisms and Transformer encoder layers, the proposed approach directly

utilizes multi-frame point cloud data, achieving superior performance on the MM-Fi and

mRI datasets. Notably, the framework reduces model size compared to prior methods,

enabling efficient computation and paving the way for real-time applications. Addition-

ally, the experimental results highlight its robustness in capturing both pose and activity

details, outperforming state-of-the-art methods in most evaluation protocols. This study

addresses key limitations of existing approaches by eliminating the reliance on voxeliza-

tion and improving temporal context modeling. Future research will focus on enhancing

generalization across environments, extending to multi-person scenarios, and validating

the model in real-world applications. Overall, mmPoint-Attention provides a unified, effi-

cient, and accurate solution for pose estimation and activity recognition, setting a strong

foundation for further advancements in the field.
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Chapter 6

Conclusions and Future Work
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6.1 Summary of Contributions

This thesis investigates robust, intelligent, and contactless sensing techniques for physi-

ological signal estimation and human activity understanding. Leveraging Doppler ultra-

sound (DUS) and millimeter-wave (mmWave) radar technologies, the research aims to

overcome challenges in real-world non-contact sensing such as signal noise, occlusion,

domain variation, and single-subject limitations. The four core contributions are summa-

rized as follows, each corresponding to a dedicated chapter in the thesis:

• Chapter 2 – A Robust Approach Assisted by Signal Quality Assessment for

Fetal Heart Rate Estimation from Doppler Ultrasound Signal:

This chapter presents a fetal heart rate (FHR) estimation framework using DUS sig-

nals, enhanced by an unsupervised signal quality assessment (SQA) module. We

propose an integrated spectral analysis method based on short-time Fourier trans-

form (STFT) and dual-phase autocorrelation functions (ACF) to estimate fetal RR

intervals. The SQA module, implemented using variational autoencoders (VAEs)

and self-organizing maps (SOMs), identifies low-quality segments and integrates

with a Kalman filter to improve final estimation accuracy. The method achieves ro-

bustness across variable signal conditions without relying on labeled training data

for SQA.

• Chapter 3 – Rough-to-Fine Model-based Non-contact Heart Rate Estimation

using MIMO FMCW Radar:

This chapter presents a non-contact heart rate (HR) estimation system using MIMO

FMCW mmWave radar. The system includes a Curve-Length (CL) based person

localization stage followed by a deep learning-based rough-to-fine HR estimation

model. The rough stage uses peak detection. The fine stage refines the HR estimate

using a dual-input CNN, which takes both filtered In-phase and Quadrature (IQ)

signals and the initial rough HR estimate as inputs. The model achieves high accu-

racy and low latency in short time windows, demonstrating significant improvement

over conventional methods.
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• Chapter 4 – A Robust Multi-frame mmWave Radar Point Cloud-based Hu-

man Skeleton Estimation Approach with Point Cloud Reliability Assessment:

This chapter proposes a novel skeleton estimation method from multi-frame mmWave

radar point cloud data. The method uses a Convolutional Neural Network (CNN)-

Bidirectional Long Short-Term Memory (BiLSTM) architecture to capture spatial

and temporal dependencies. In addition, it introduces a Long Short-Term Mem-

ory (LSTM)-based point cloud reliability assessment module to suppress unreliable

frames. Unlike voxelization-based methods, the approach preserves the original

point cloud structure and reduces computation. The model demonstrates improved

accuracy and robustness over single-frame baselines.

• Chapter 5 – mmPoint-Attention: A Unified Attention Framework for Human

Pose and Activity Recognition from mmWave Radar Point Clouds:

This chapter introduces mmPoint-Attention, a unified framework that jointly per-

forms human pose estimation and activity recognition using multi-frame mmWave

radar point clouds. It serves as an extended and advanced version of the method

presented in Chapter 4. The method replaces BiLSTM with Transformer encoders,

incorporates attention mechanisms to extract human-related features, and elimi-

nates the need for intermediate pose-based pipelines or voxelization. Experimental

results on the MM-Fi and mRI datasets show that mmPoint-Attention outperforms

existing baselines and enables real-time application with reduced model size.

These chapters provide a unified understanding of radar- and ultrasound-based sens-

ing. When combined with modern AI models, these technologies support accurate and

robust human-centered monitoring in real-world environments.
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6.2 Future Work

While the proposed methods have demonstrated strong potential and yielded encouraging

results, several avenues remain open for future investigation and development. This sec-

tion outlines opportunities to further extend and enhance each component of the thesis, as

well as a long-term vision for their integration into a unified multimodal sensing platform.

6.2.1 FHR Estimation using Doppler Ultrasound

The unsupervised signal quality assessment (SQA) framework was trained under the as-

sumption that low-quality segments represent statistical outliers. While effective in most

cases, this assumption could be further refined—especially in scenarios where noise may

dominate the dataset. As a future step, we aim to integrate lightweight statistical methods

(e.g., entropy, kurtosis) to improve training data selection and enhance model robustness.

Additionally, the current experimental validation was conducted on a relatively small

dataset. To improve generalizability, future work will focus on validating the framework

across larger and more diverse clinical datasets, potentially in collaboration with medical

institutions.

6.2.2 Heart Rate Estimation using FMCW Radar

The proposed rough-to-fine HR estimation system is currently focused on stationary,

single-subject scenarios. Future development will extend the capability of the system

to support multiple subjects, accommodate a wider range of body orientations, and main-

tain performance under occlusion and motion. To achieve this, we plan to integrate spatial

filtering and adaptive beamforming techniques for multi-target separation.

Additionally, we will investigate HR estimation in dynamic conditions where subjects

are moving or transitioning between postures. This will enable a more realistic validation

of the system in real-world settings such as elderly care or sleep monitoring in smart

homes.
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6.2.3 Pose Estimation and Activity Recognition

The CNN-BiLSTM architecture (Chapter 4) and the mmPoint-Attention framework (Chap-

ter 5) have shown promising results in single-subject settings. Building upon this founda-

tion, future research will expand these models to support multi-person scenarios. This will

involve addressing challenges such as sparse point cloud occlusion, subject interactions,

and cross-identity tracking. Approaches such as instance-level segmentation, identity-

preserving temporal modeling, and attention-based disentanglement will be explored.

To enhance generalization across domains, we plan to introduce domain adaptation

strategies, including contrastive learning. Moreover, practical implementation and eval-

uation on real-time embedded systems will allow us to assess computational feasibility,

latency, and robustness in dynamic environments.

In addition, incorporating shared parameters and balancing losses dynamically could

be an interesting future direction, especially in scenarios where pose and activity recog-

nition are strongly correlated or when computational resources are limited.

6.3 Long-Term Vision and Integration

As a broader goal, we envision integrating the four lines of work into a cohesive multi-

modal sensing platform capable of:

• Monitoring multiple users’ physiological and behavioral states simultaneously;

• Adapting dynamically to environmental noise and sensor limitations;

• Supporting edge-device deployment for privacy-sensitive applications (e.g., in-home

health monitoring);

• Leveraging continual learning and federated learning to ensure secure personaliza-

tion without centralized data storage.

Ultimately, this work contributes to the future of ambient intelligence systems where

contactless, privacy-respecting, and AI-enhanced sensing provides seamless health and

activity monitoring for individuals in natural living environments.
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6.4 Closing Remarks

Through the combination of signal processing, representation learning, and attention-

based modeling, this thesis delivers practical solutions to longstanding challenges in radar

and DUS-based physiological and behavioral sensing. Each chapter advances the field in

a focused direction while contributing to a broader vision of scalable, non-contact health

monitoring and smart home applications.

The foundation established by this research can support a new generation of sensing

systems that are not only accurate and intelligent but also ethical, adaptable, and usable

in real-world settings. Future development and collaboration with clinical and industrial

partners will be essential to bring these ideas into practice.
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Doppler ultrasound signal,” Sensors, vol. 23, no. 24, p. 9698, Dec. 2023.

2. X. Shi, M. Bouazizi, and T. Ohtsuki, ”mmPoint-Attention: A Unified Attention

Framework for Human Pose and Activity Recognition from mmWave Radar Point

Clouds,” IEEE Sensors Journal, vol. 25, no. 14, pp. 26794-26805, 2025, doi:

10.1109/JSEN.2025.3577772.
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