
 
 
 
 
 
 
 
 
Fatima, Aisha (2026) Contactless sensing for future hearing aid device. PhD 
thesis. 
 
 
https://theses.gla.ac.uk/85903/  
 
    

Copyright and moral rights for this work are retained by the author 

A copy can be downloaded for personal non-commercial research or 
study, without prior permission or charge 

This work cannot be reproduced or quoted extensively from without 
first obtaining permission from the author 

The content must not be changed in any way or sold commercially in 
any format or medium without the formal permission of the author 

When referring to this work, full bibliographic details including the 
author, title, awarding institution and date of the thesis must be given 

 
 
 
 
 
 

Enlighten: Theses 
https://theses.gla.ac.uk/ 

research-enlighten@glasgow.ac.uk 

https://theses.gla.ac.uk/85894/
mailto:research-enlighten@glasgow.ac.uk


Contactless Sensing for Future Hearing Aid Device

Aisha Fatima

Submitted in fulfilment of the requirements for the

Degree of Doctor of Philosophy

School of Engineering

College of Science and Engineering

University of Glasgow

February 2026



Abstract

Hearing impairment affects approximately 5% of the global population, and this number is ex-
pected to rise to nearly 700 million by 2050. In the United Kingdom alone, around 11 million
individuals experience hearing difficulties with age related hearing loss. Existing technologies;
i.e., vision-based methods, and wearable sensors are designed to support non-verbal commu-
nication. However, they have several limitations. Vision-based methods depend heavily on
lighting and raise privacy concerns, and wearable sensors, such as those embedded in hearing
aids, can be inconvenient, requiring regular maintenance and frequent charging.

To overcome these challenges, this thesis explores Multimodal (MM) sensing approach for
hearing impairments, focusing on sign language recognition, facial expression analysis, hand
and head movement detection, phrase recognition in British Sign Language (BSL) and com-
mon signs in American Sign Language (ASL) and BSL. The research investigates the use of
Radio Frequency (RF) sensing through radar and camera fusion to develop contactless, privacy-
preserving system that is capable of interpreting non-verbal communication.

Across three main studies, radar and video data were collected and analyzed using advanced
Deep Learning (DL) model. The first study compared radar-only and video-only systems for
fifteen signs that are common in ASL and BSL, where radar achieved 96% accuracy and video
achieved 82%. The second study focused on recognising micro movements, i.e., head and hand
movements, and facial expressions using radar sensing, achieving 94.2% accuracy. The final
study used radar data, video data, and multimodal fusion to recognise phrases in BSL. Radar-
only achieved 95.47%, video-only achieved 89.72% and MM sensing achieved 93% classifica-
tion accuracy. The proposed MM technique successfully demonstrate that RF sensing and mul-
timodal fusion can accurately recognise non-verbal communication without physical contact or
visual intrusion. This work establishes a proof of concept for next-generation, contactless MM
hearing aid systems designed to promote independence, privacy, and accessibility for Deaf and
hard-of-hearing individuals.
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Chapter 1

Introduction

1.1 Background and Motivation

Typical hearing is characterised by the ability to perceive sounds at or above a 20 dB hearing
level. Failure to discern sounds at this threshold may indicate hearing loss. Hearing impairment
can be mild or severe. It affects how people communicate and learn. Many people with hearing
loss struggle to understand speech, especially in noisy places. They may ask others to repeat
words, increase the TV volume, or feel tired from listening [1]. At present, about 5% of the
global population, or nearly 430 million people, live with some form of hearing impairment.
This number is expected to increase significantly and may reach around 700 million by 2050
[2]. In the United Kingdom (UK), approximately 11 million people are affected by hearing loss.
One of the most common causes is age-related hearing loss [3].

The future of hearing aids, particularly by 2050, will require significant improvements. Cur-
rent systems that rely mainly on sign language and basic non-verbal cues have limitations. Fu-
ture hearing aids must better support the deaf community. They will need Multimodal (MM)
processing, which uses information from different sensory modalities. These include lip read-
ing, sign language, head movements, and facial expressions. MM processing can make com-
munication more clearer and understandable by using information from different sensors. This
increases reliability and effectiveness of hearing aids.

In recent years, privacy-preserving non-verbal communication and sign language recognition
have gained research attention. This is mainly because better communication support is needed
for deaf and hard-of-hearing people. In the literature, numerous approaches are used to capture
non-verbal communication and sign language. Generally, they are categorized into vision-based
[4, 5], and wearable sensor-based methods [6, 7].

However, existing approaches have several limitations. Camera-based systems often raise
privacy concerns because they record images or videos. This makes them less suitable for real-
world use. Moreover, vision-based systems also depend on lighting; poor lighting can reduce
their accuracy. Wearable sensor-based systems have some benefits. However, they also have
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usability problems. They often need calibration and regular maintenance. This can make them
difficult for users to manage. As a result, they are less accessible for many people. Contactless
sensing is becoming an important technology in healthcare. It does not require people to wear
or carry devices. It can support applications such as activity monitoring and assisted living.
This makes it more comfortable and convenient for users. Unlike traditional methods, contact-
less sensing utilises existing infrastructure like Wi-Fi routers [8], Ultrawideband (UWB) radar
systems [9], Bluetooth [10], and Radio Frequency Identification (RFID) [11]. They are more
convenient and cost-effective as compared to traditional methods. Moreover, contactless sens-
ing also offers better privacy protection. It does not capture images or videos. This reduces
concerns about surveillance and personal privacy. These systems do not depend on lighting
conditions. They can work well in different environments. Furthermore, contactless sensing re-
spects privacy, as sign language communication remains confidential between individuals with-
out disclosing private data. These systems are not affected by noise or acoustic conditions. This
makes them more reliable and useful in daily life.

The number of people with hearing impairments is increasing [2]. This creates a clear need
for hearing aids that work well in daily life. Current hearing aids mainly use vision-based sys-
tems or wearable sensors. These approaches offer some benefits but also have clear limitations.
These limitations reduce their effectiveness in everyday situations. Therefore, better and more
practical solutions are needed to support users in real-world environments.

1.2 Problem Description

The number of people with hearing impairments is increasing gradually [2]. So, there is a
dire need for Hearing Aids (HA) that work well in daily life. Current HA mainly use vision-
based systems or wearable sensors. These approaches offer some benefits but also have some
drawbacks. These drawbacks reduce their effectiveness in everyday use. Therefore, better and
more practical solutions are required to support users in real-world environments.

1. Vision-Based: Vision-based systems use cameras to capture visual information. This
includes lip movements, facial expressions, and hand gestures. These systems support lip
reading and sign language recognition. They can work well in controlled environments.
However, they face many problems in real-world use. Camera-based systems depend on
good lighting and a clear view of the face. Poor lighting, face masks, or obstacles may
reduce accuracy [12]. Continuous video recording also raises privacy concerns. This is
especially important in personal and healthcare settings. Because of these issues, vision-
based systems are not suitable for continuous or private communication support.

2. Wearable Sensors: Wearable devices are electronic gadgets that can be worn on the body,
e.g., smart watches, hearing bands, or sensor-based gloves. These devices are often used
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to monitor body movements or health data. These can be useful for hearing-impaired in-
dividuals because they provide additional sensory input. However, it is uncomfortable to
wear sensors all the time, specially in hot weather. The devices are also inconvenient to
wear during daily activities and may also cause skin irritation. Moreover, most wearable
devices need regular charging or battery replacement. This can also be a problem for el-
derly or busy users [13]. Aforementioned factors make wearable hearing systems difficult
to use in real-life situations.

All existing approaches have certain strengths but also serious drawbacks. These problems
show the need for a new type of hearing aid technology that is non-invasive, contactless, and
privacy-preserving. For this purpose, Radio Frequency (RF)-based sensing is proposed as a
promising solution that can detect small movements such as lip, hand, and head gestures with-
out physical contact or cameras. RF systems can work in low light, do not rely on audio sig-
nals, and protect user privacy. Therefore, this research focuses on developing an RF-based MM
sensing system that can accurately recognise gestures and facial expressions to support the next-
generation of hearing aids.

1.3 Aims and Objectives

The aim of this thesis is to investigate and evaluate a contactless multimodal sensing framework
that combines radar and video data. The framework is used to recognise micro-motion cues
such as hand gestures, head movements, facial expressions, and sign language phrases. The
study examines whether this approach can improve recognition accuracy, robustness, and real-
time performance, especially in dynamic or low-visibility environments. The objectives of this
research are as follows:

1. To investigate and evaluate a contactless sensing framework for recognising head move-
ments, hand gestures, facial expressions, and sign language signs, while preserving users’
privacy.

2. To study the use of radar-based and vision-based sensing methods for recognising micro-
motion cues and sign language signs, including signs shared between BSL and ASL.

3. To evaluate DL based classification approaches for micro-motion and sign language recog-
nition, and to compare the performance of different model architectures.

4. To analyse the independent and combined contributions of radar and video modalities,
through unimodal and multimodal evaluations, in order to assess their impact on recogni-
tion accuracy and robustness.
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5. To evaluate the performance of the proposed models using metrics such as Accuracy,
Precision, Recall, and F1-score, and compare the robustness of radar, video, and MM
fusion approaches under diverse environmental conditions.

1.4 Proposed Solutions

Contactless sensing and imaging technologies, such as radar sensors and cameras, offer a promis-
ing approach for recognising sign language and enabling non-verbal communication while pre-
serving users’ privacy. Previous studies in this domain have made significant progress but still
face limitations, particularly due to the lack of diverse datasets that capture samples from users
of varying ages and genders, as well as the inability to accurately detect a broad spectrum of hu-
man movements including head motions, hand gestures, facial expressions, and body postures.
This work aims to address these challenges. It proposes a unified MM system. The system can
recognise different non-verbal expressions and sign language gestures. It uses micro-Doppler
signatures from radar sensors. It also uses visual data captured by cameras. By combining these
inputs, the system can support more accurate and reliable recognition of signs.

The first stage of this thesis focuses on sign language recognition in everyday environments.
Accurate and reliable recognition is important for real world use. Many existing systems rely
only on video data. These systems are affected by lighting changes, background clutter, and
privacy concerns. This stage explores whether sign language can be recognised using non visual
sensing. It also compares this approach with video based methods. A proof-of-concept MM
framework is developed. The framework recognises fifteen common signs from American Sign
Language and British Sign Language. The results show that the radar-based approach performs
very well. It achieves a classification accuracy of 96%. It also remains stable under different
environmental conditions. In comparison, the video-based approach achieves 81% accuracy. It
is more sensitive to changes in lighting and background.

Building on the previous stage, the next part of this thesis proposes a contactless and privacy-
preserving framework for recognising human emotional expressions. Traditional camera-based
systems and wearable sensors have several limitations. Therefore, this work explores a radar-
based expression recognition system. The system detects human movements without capturing
visual images. An UWB radar is used to sense micro movements of the head, hands, and face.
These movements are related to emotional expressions. The radar captures micro-Doppler sig-
natures from these movements. Spatiotemporal features are then extracted from the captured
data. Several deep learning models are used for classification. These include GoogLeNet,
SqueezeNet, VGG16, and VGG19. Lightweight models are tested for real-time use. Deeper
models are tested for stronger learning ability. A dataset of 1,440 samples is used. It includes
sixteen different emotional expressions. The results show that radar sensing can effectively
recognise emotional expressions without using visual data. The highest accuracy of 94.2% is
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achieved using the VGG16 model. This performance shows the feasibility of radar-based ex-
pression recognition. It also highlights the potential of this approach for assistive applications
where privacy, robustness, and reliable performance in different environments are important.

The final stage of this thesis focuses on recognising complete British Sign Language phrases
in real world environments. This is a difficult task because single-sensor systems often strug-
gle with changes in the environment, occlusions, and differences in signing style. To address
these challenges, this stage evaluates radar sensing, video sensing, and their combination for
phrase level recognition. The results show that the radar-only system performs well. It achieves
an accuracy of 96% and remains robust under different environmental conditions. The video
only system achieves 90% accuracy. However, it is more affected by changes in lighting and
background. The MM system combines radar and video data. It provides the best overall per-
formance with higher accuracy and improved robustness. Training and validation results show
stable learning behaviour. Both accuracy curves converge between 95% and 97%. They closely
follow each other. This indicates good generalization and minimal overfitting.

1.5 Thesis Organisation

This thesis is organised into the following chapters:

Chapter 2 presents a detailed review of existing literature and current technologies related to
contactless sensing and sign language recognition. It discusses vision-based, audio-based, wear-
able, and RF-based systems, highlighting their strengths, limitations, and applicability in real-
world scenarios. Furthermore, Machine Learning (ML) and Deep Learning (DL) approaches are
discussed in this chapter.

Chapter 3 Chapter 3 describes the methodology used in the three studies presented in this the-
sis. Although each study investigates a different recognition problem, they all follow a common
and consistent process based on contactless sensing, data preprocessing, and deep learning. The
chapter first explains how radar data were collected and processed into micro-Doppler spectro-
grams to recognise combined head, hand, and facial expressions, and how several pre-trained
CNN models were fine-tuned and evaluated for classification. It then presents the methodology
for recognising fifteen common signs in ASL and BSL using radar and video data, including the
experimental setup, preprocessing steps for both modalities, and the ResNet-18 model used to
compare radar only and video-only performance. Finally, the chapter describes the methodology
for phrase level BSL recognition using synchronized radar and video sensing, where unimodal
(radar only and video only) and multimodal fusion configurations were evaluated to improve
robustness and accuracy. Overall, this chapter provides a clear description of the experimental
design, data collection, signal processing, model training, and evaluation metrics used through-
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out the thesis.

Chapter 4 Chapter 4 presents and discusses the results obtained from the three studies in this
thesis. The chapter first reports the results of the radar-based system for recognising head, hand,
and facial expressions, where the performance of different deep learning models is evaluated
using accuracy, precision, recall, F1 score, and confusion matrices. It then discusses the results
for recognising common signs in BSL and ASL, with a clear comparison between radar-only
and video-only approaches to highlight their strengths and limitations in real-world conditions.
Finally, the chapter presents the results of phrase-level BSL recognition using radar-only, video-
only, and multimodal sensing, showing that combining radar and video data improves recog-
nition accuracy, robustness, and consistency across different sign classes. Overall, this chapter
explains the significance of the results and shows how each study supports the development of
reliable, privacy-preserving, and practical sign language recognition systems.

Chapter 5 concludes the thesis by summarising the key findings and contributions across all
studies.
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Chapter 2

Literature Review

This chapter provides an overview of MM sensing techniques designed to support individu-
als with hearing impairments, which represents a vital research area within modern healthcare
systems. With the continuous advancement of healthcare technologies, a growing number of
sectors are expected to adopt MM solutions to enhance accessibility and communication [14,
15, 16]. One of the key aspects discussed in this chapter is motion detection, which involves
the use of sensing technologies to analyze and interpret human movement patterns [17, 18,
19]. Small scale motion detection systems are particularly valuable for individuals with hearing
impairments, as they enable the recognition of subtle physical cues, such as hand movement,
head movement, body gestures and facial expressions that are essential for effective non-verbal
communication. According to the World Health Organization (WHO), the global population af-
fected by hearing impairments is projected to exceed 700 million by 2050, with approximately
11 million individuals in the UK currently experiencing some degree of hearing loss. Further-
more, age related hearing impairment continues to rise, posing significant social and healthcare
challenges [2, 20]. MM assistive technologies are instrumental in empowering the deaf and
hard of hearing community by facilitating communication across different environments and
bridging the interaction gap with the hearing population [15, 21]. In the context of SLR, these
technologies combine various sensing modalities to capture, interpret, and translate both verbal
and non-verbal communication cues. The primary modalities explored in this chapter include
vision-based, wearable sensor-based, and RF-based systems.

This chapter is organized as follows: Section 2.1 discusses vision-based approaches, includ-
ing camera and image based recognition of hand gestures and facial movements. Section 2.2
examines wearable sensor-based systems that use gloves, motion sensors, and inertial measure-
ment units for gesture detection. Section 2.3 explores RF-based methods, such as RF sensing,
which provide contactless recognition under varying environmental conditions. In addition, this
chapter presents an overview of ML and DL techniques used to classify and analyze data ac-
quired from the discussed sensing modalities, as detailed in Section 2.4. Finally, Section 2.5.3
summarizes the key findings of this chapter and outlines the identified research gaps that inform
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the proposed framework of this study.

2.1 Vision-based Sign Language Recognition (SLR)

In the vision-based approach to Sign Language Recognition (SLR), extensive research has been
conducted to translate sign gestures into spoken or written language. Recent advancements
in DL have significantly improved the accuracy of recognising hand gestures, facial expres-
sions, and body movements from visual data. For instance, Wadhawan and Kumar [4] utilised
Convolutional Neural Networks (CNNs) for ISL recognition, achieving 99.72% and 99.90%
accuracy on color and grayscale images, respectively. Similarly, Balaha et al. [22] proposed
a hybrid CNN–RNN model for continuous Arabic Sign Language (ArSL) recognition, attain-
ing 98% accuracy on a dataset of 20 Arabic words and demonstrating strong generalization on
the UCF-101 benchmark. Expanding on DL architectures, Kothadiya et al. [23] introduced
SignFormer, a Vision Transformer (ViT) encoder that leverages self-attention for ISL recogni-
tion, achieving 99.29% accuracy. To bridge the gap between linguistic semantics and vision
models, Zuo et al. [24] developed the Natural Language-Assisted Sign Language Recognition
(NLA-SLR) framework, integrating semantic gloss information for improved contextual under-
standing. Likewise, Liu et al. [5] employed a Feature Pyramid Network (FPN) combined with
a Detection Transformer (DETR), reaching 96.45% accuracy a 1.7% improvement over prior
benchmarks. Overall, these works demonstrate that CNN and transformer based architectures
can effectively interpret sign gestures from RGB or depth imagery, establishing the foundation
for robust visual SLR systems [25, 26, 27].

Building on this foundation, Trabelsi et al. [28] provided a comprehensive survey of classical
and DL approaches to SLR, encompassing SVMs, HMMs, CNNs, LSTMs, and Transformers
across isolated and continuous sign tasks using RGB, RGB-D, and skeleton data. Their tax-
onomy highlights rapid progress in real-time MM recognition while underscoring challenges
such as signer variability, occlusion, limited dataset diversity, and high computational demands.
In addressing these limitations, Brettmann et al. [29] introduced a Video Vision Transformer
(ViViT) framework for word level ASL recognition. Leveraging self-attention to capture long
range spatial-temporal dependencies, their model achieved a top-1 accuracy of 75.6% on WLASL100
about 10% higher than traditional CNNs demonstrating the efficacy of transformer architectures
for temporal gesture modeling. However, its computational intensity limits deployment in real-
time environments.

To further enhance MM integration, Alkhoraif et al. [30] proposed an ensemble Swin trans-
former architecture that fuses appearance (RGB) and pose information via a landmark-to-image
transformation. The model achieved 93.5%, 92.6%, and 86.5% accuracies on WLASL, MS-
ASL, and ASL citizen datasets, respectively; while highlighting superior robustness to back-
ground complexity and signer variation. Nonetheless, its focus on isolated word recognition and
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reliance on high end GPUs restrict scalability for conversational signing. Meanwhile, Song et
al. [31] developed a Hand-Aware Graph Convolutional Network (HA-GCN) emphasizing local
hand topology within the human skeletal graph. Using multi-stream fusion of joint, bone, and
motion features, HA-GCN achieved 96.8% and 99.6% accuracies on AUTSL and INCLUDE
datasets, respectively, outperforming ST-GCN and MS-G3D baselines. The model captures fine-
grained hand articulations effectively, though it remains dependent on precise pose estimation
and lacks RGB-based adaptability.

Expanding into large-scale pretraining, Luqman [32] introduced SignVLM, a CLIP-based
large video model that learns visual-language correspondences through contrastive pretraining.
Incorporating a Transformer decoder for temporal modeling, SignVLM achieved state-of-the-art
results on KArSL, WLASL, LSA64, and AUTSL datasets, demonstrating exceptional general-
ization to low-resource sign languages. However, it inherits semantic bias from general-vision
pretraining and requires considerable computational resources. Moving toward MM learning,
Ren et al. [33] designed a CNN–LSTM framework that fuses RGB and skeleton modalities
through late-fusion mechanisms to improve isolated SLR. The hybrid approach enhanced accu-
racy across diverse environments but struggled with signer-independent variability and real-time
inference limitations. Complementing this, Zhou et al. [34] integrated 3D deformable convo-
lutions with spatio-temporal attention in a MM fusion model for sensor-network-based SLR,
achieving high robustness under varied conditions though still dependent on specialized sensor
data.

In pursuit of efficient real-time solutions, [35] proposed a Hybrid Transformer–CNN archi-
tecture that unites local convolutional and global attention mechanisms. Tested on the ASL
Alphabet dataset, it achieved 99.97% accuracy at 110 FPS, balancing efficiency and precision.
Similarly, Hassan et al. [36] introduced the Sign Nevestro DenseNet Attention (SNDA) model,
combining DenseNet and attention mechanisms to reach 99.76% accuracy on ASL datasets, with
enhanced robustness to illumination and camera variations. Both methods perform exceptionally
for static alphabet gestures but lack temporal modeling for continuous sign sequences. Focusing
on sign language translation, Gan et al. [37] developed SANet, a skeleton-aware neural network
for translating sign videos into text or speech. Incorporating skeleton-guided feature fusion and
graph-based temporal weighting, SANet achieved superior results on several public SLT datasets
and demonstrated mobile deployment capability. However, its performance depends heavily on
reliable pose estimation and high computational resources.

To optimize temporal learning, Baihan et al. [38] trained Hybrid CNN–Self-Attention–LSTM
model with a Hybrid Optimizer (HO) that combines adaptive and momentum-based updates.
The framework improved recognition accuracy and convergence speed while mitigating over-
fitting, though at the cost of increased computational complexity. Similarly, the authors in [39]
conducted a comparative study of CSLR techniques, demonstrating that transformer architec-
tures excel at contextual understanding while CNN-RNN hybrids remain effective for limited-
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resource conditions, emphasizing the importance of dataset diversity for model evaluation. Ad-
vancing real-time assistive systems, Ahmad et al. [40] presented Sign Assist, an LSTM-based
ISLR and translation system using MediaPipe holistic keypoints and GPT-driven language trans-
lation. The system introduced the PSL20 dataset of dynamic gestures and achieved real-time
translation accuracy, although its vocabulary size and signer dependence remain constraints.
Also, Baghdadi et al. [41] proposed an interpretable Vision Transformer (ViT) with LIME
integration for Arabic Sign Language, achieving 99.46% and 99.88% accuracy on two ArSL
datasets while offering visual interpretability. Despite its explainability, it demands extensive
labeled data and is confined to static gestures.

To further address MM fusion challenges, Zhou et al. [34] extended their earlier work by
combining Multi-Stream Spatio-Temporal Graph Convolutional Networks (MSGCN) with 3D
deformable ResNets (D-ResNet) for adaptive fusion of RGB and skeletal cues. Their model
achieved state-of-the-art results on AUTSL and WLASL datasets but required multi-sensor se-
tups, limiting scalability. Exploring efficiency on resource-limited platforms, Carneiro et al. [42]
introduced a low-cost hybrid SLR framework combining CNN–RNN DL with handcrafted de-
scriptors such as hand-centroid trajectories. The method improved AUTSL accuracy by 7.96%
with minimal added parameters, demonstrating interpretability and efficiency, though its accu-
racy declines under occlusions or multi-signer scenes. Similarly, Zhao et al. [43] presented
CorrNet, a correlation-based continuous SLR model that captures body trajectory similarity
without relying on explicit keypoints or optical flow. CorrNet achieved state-of-the-art accuracy
on PHOENIX14, CSL-Daily, and CSL datasets but remains computationally demanding.

Pushing beyond single-sentence translation, [44] proposed SCOPE, a context-aware vision-
language framework integrating Large Language Models (LLMs) with SLR and SLT for dialogue-
based contexts. By aligning motion embeddings with LLM-derived linguistic embeddings and
fine-tuning with Q-LoRA, SCOPE achieved state-of-the-art results on PHOENIX-2014T, CSL-
Daily, and a newly introduced 72-hour Chinese Sign Language dataset. Although transforma-
tive, the model’s dependence on LLM resources and computational cost pose practical chal-
lenges. Focusing on translation fluency, Li et al. [45] developed a Multi-View Spatio-Temporal
Graph Transformer (MV-STGT) that fuses pose graphs and RGB cues via cross-attention within
a Transformer encoder–decoder. Evaluated on PHOENIX14T and CSL-Daily, it surpassed prior
BLEU-4 and ROUGE-L scores, offering better semantic alignment yet requiring high-quality
pose data and substantial computational power. Also, Zhang et al. [46] introduced the Depth-
Aware Spatio-Temporal Transformer (DASTT), which integrates RGB and depth sequences for
fine-grained gesture analysis. Combining 3D convolutions with temporal attention, DASTT im-
proved top-1 accuracy by up to 5.8% on MS-ASL and AUTSL datasets and enhanced robustness
to lighting variations. Nevertheless, its reliance on depth sensors and increased latency limit de-
ployment on lightweight devices.
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2.2 Wearable Sensor-based Sign Language Recognition (SLR)

Just as in the case of vision-based, many researchers have focused on developing wearable
sensor-based systems for sign language translation. These approaches aim to capture fine grained
motion dynamics of the hands and fingers using embedded sensors, enabling accurate recogni-
tion even under variable lighting or complex environments. For example, the authors in [6]
proposed a durable and highly sensitive glove-based sensor system that successfully translated
sign language into text across 21 different sign languages. Similarly, Sign-Glove system is de-
veloped in [47], combining bend and inertial sensors to improve gesture detection accuracy,
achieving 85.21% recognition performance. In another study, Qahtan et al. [7] introduced the
PFDOSM-PBM framework, which provides a comparative evaluation of real-time SLRSs based
on wearable sensors, emphasizing flexibility and robustness in handling uncertain motion data.

The authors in [48, 49] mentioned that wearable-based methods generally employ multiple
embedded sensors; such as flex sensors, accelerometers, and gyroscopes that are mounted on
gloves, wrists, or forearms to capture detailed motion patterns. These systems convert physical
gestures into measurable digital data, which are then processed by ML algorithms to trans-
late sign language gestures into textual or auditory forms. Kudrinko et al. [50] conducted a
large-scale review of 72 studies published between 1991 and 2019 on wearable sensor–based
SLR. Their analysis covered technologies such as flex sensors, inertial measurement units, elec-
tromyography, and magnetometers embedded in wearable platforms. The review concluded that
sensor-based approaches offer greater robustness against environmental conditions and superior
mobility compared to vision-based systems. However, it identified recurring challenges, includ-
ing the lack of standardized datasets, inconsistent evaluation protocols, user discomfort caused
by bulky hardware, and limited research on continuous sentence-level recognition.

Similarly, the authors in [51] provided an in-depth review of glove-based SLR systems de-
veloped between 2007 and 2017. Their analysis included sensory gloves employing flex, ac-
celerometer, gyroscope, tactile, proximity, and optical sensors to record finger bending, wrist
orientation, and overall hand movement. While the study confirmed the effectiveness of these
systems in translating static and dynamic gestures into text or speech, it also highlighted key
drawbacks; i.e., high device costs, calibration complexity, and reduced user comfort. The au-
thors proposed that future glove designs prioritize lighter materials and improved ergonomics to
enhance usability. The authors in [52] reviewed 88 studies on SLR using surface electromyogra-
phy sensors. Their work explored muscle activity as a non-visual input modality for recognising
hand gestures. Various classifiers were evaluated with LSTM emerging as the most effective for
modeling sequential EMG data. The review also revealed that fusing EMG with inertial data
improved recognition accuracy up to 99.6%. Nonetheless, EMG-based systems face challenges
from signal instability, electrode placement variation, and limited participant diversity. The au-
thors emphasized the need for standardized datasets and advanced preprocessing techniques to
improve reliability and generalization.
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Taneja et al. [53] focused on accelerometer, gyroscope, and flex-sensor-based wearable
systems such as gloves and wristbands. They compared glove-based designs that are capable of
high precision finger tracking with inertial-only devices that provide better portability but lower
precision. The paper reviewed common datasets (e.g., RWTH-BOSTON-50, Chalearn LAP
IsoGD, HDM05) and concluded that wearable-based models outperform vision-based ones in
environmental robustness and real-time performance. However, issues like high cost, reduced
comfort, and lack of standardized evaluation methods remain major barriers. Building on these
findings, [54] proposed WearSign, an end-to-end sign language translation system integrating
a smartwatch and EMG armband. Unlike conventional models that recognise only isolated
signs, WearSign translates continuous sign sequences into spoken text using a multi-task encoder
decoder DL architecture. The model achieved a 4.7% word error rate for user-independent tests
and 8.6% for unseen sentences, running in real time on a smartphone (<300 ms latency). Its
main limitations include a small training dataset, limited vocabulary, and insufficient validation
with expert signers.

The authors in [55] introduced a wearable ArSL recognition system using six IMUs: five
on the fingers and one on the palm to capture dynamic hand motion. Their ANOVA-based
feature selection method combined with an SVM classifier achieved 98.6% accuracy for user-
dependent and 96% for user-independent testing. While the system performed well for alphabet-
level recognition, scalability to continuous signing and comfort during extended wear remain
key limitations. [56] developed a dual-arm wearable setup using Myo armbands equipped with
both sEMG and IMU sensors for turkish sign language recognition. Testing across 80 words,
the Random Forest algorithm achieved 99.875% accuracy, outperforming other classifiers. The
dual-arm configuration captured bimanual gestures effectively, but reliance on commercial hard-
ware and the lack of large-scale user trials limit broader applicability.

Liu et al. [57] proposed a lightweight chinese sign language system combining stretchable
strain sensors and IMUs, with a CNN handling classification. Their wearable design, weighing
under 20g, achieved 95.85% accuracy for isolated gestures and 84% for sentence-level recogni-
tion. Though comfortable and wireless, its accuracy declined with fast transitions and required
user specific calibration. [58] designed a hybrid EMG–IMU framework for korean sign language
recognition. Using a CNN–LSTM model, they achieved 98.1% accuracy overall and 94.3% in
signer independent tests, demonstrating the value of MM fusion. However, high computational
cost and electrode sensitivity hindered long-term usability. Similarly, the authors in [59] pre-
sented a fabric-integrated glove using piezoresistive textile sensors and IMUs for continuous
ASL recognition. Their CNN–LSTM system attained 96.2% accuracy with 200 ms latency,
offering comfort and flexibility.

The authors in [60] developed a CNN–LSTM model combining IMU and flex-sensor data
for real-time ISL recognition. The system reached 97.8% accuracy for 30 words with 120 ms
latency, confirming high temporal precision. Yet, its performance decreased across different
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users due to limited dataset diversity. Chen et al. [61] introduced a hybrid EMG–IMU setup
for continuous chinese sign language translation, achieving 96.3% signer-dependent and 91.2%
signer-independent accuracy with an attention-based RNN. Though effective, it required careful
electrode placement and had higher energy consumption in continuous operation. The authors in
[62] proposed a low-power edge-based glove for ArSL, integrating flex sensors, an IMU, and an
ESP32 microcontroller to perform on-device learning. Their quantized neural model achieved
95.7% accuracy with 50 ms latency and eliminated cloud dependency. However, the glove was
limited to alphabet gestures and required individual calibration.

The authors in [63] presented a sensory glove for Moroccan Sign Language featuring five
MPU6050 IMUs connected to a Raspberry Pi Pico running an embedded ANN. The system
achieved 98% accuracy on 7,000 samples but focused only on alphabet level recognition. The
authors in [64] designed a sensor-equipped glove for ArSL incorporating flex sensors, force-
sensing resistors, and an MPU9250 IMU. Multiple algorithms were tested with extra trees
achieving 100% accuracy on letters, numbers, and words. Despite strong results, the system
lacked validation across users and was sensitive to glove fitting variations. Abdelrahman et al.
[65] proposed a smart glove with flex sensors and an IMU for ASL alphabet translation using a
CNN classifier. Achieving 97.2% accuracy and <150 ms latency, it proved effective for real-time
use but was limited to single-user data and alphabetic gestures only.

The authors in [66] combined sEMG and IMU data for continuous ISL recognition using a
CNN–LSTM model. The MM setup reached 96.8% accuracy for isolated gestures and 93.1% for
continuous sequences, though power demands and calibration complexity limited practical use.
The authors in [67] developed a low-cost Arduino-based glove for basic ASL recognition using
flex, accelerometer, and gyroscope sensors. With a Random Forest classifier, it achieved 94.5%
accuracy on a 10 word dataset. The system emphasized affordability and simplicity but was
constrained by wired connections and limited vocabulary. Further, [68] presented an intelligent
glove integrating flex sensors, motors, and vibration actuators for both recognition and learning
of Korean Sign Language. Using an LSTM model trained on 20 signs, it achieved 85% accuracy
while providing haptic feedback to guide learners. Despite its innovation in tactile learning, the
glove’s mechanical complexity and restricted vocabulary reduced scalability. Moreover, [69]
further reviewed 88 EMG-based SLR studies, confirming the potential of EMG and IMU fusion
for high-fidelity gesture capture. They identified LSTM as optimal for time-dependent EMG
data and highlighted reproducibility challenges due to diverse datasets and sensor configurations.

2.3 RF-based Sign Language Recognition (SLR)

RF sensing has emerged as a promising modality for SLR and broader Human Computer In-
teraction (HCI). RF sensors operate in a contactless and privacy-preserving manner and are
insensitive to lighting conditions, clothing variations, and visual clutter, which enables reliable
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performance even in dark or crowded environments. Recent studies [70, 71] have shown that
RF-based systems can recognise sign gestures and capture fine motion dynamics from a distance.
Although RF sensors cannot directly observe hand shapes or facial expressions, they can pre-
cisely measure changes in range, angle, and velocity over time. By exploiting the micro-Doppler
effect [72], RF systems extract motion signatures that describe detailed hand and finger trajec-
tories during signing [73] and other gesture activities [74, 75], forming the basis for RF-based
SLR. One of the earliest works in this domain is [76], which demonstrates that Wi-Fi signals can
be used to recognise sign language gestures in a non-intrusive and device-free manner. Using
three commercial Wi-Fi devices to record Channel State Information, the system applies Support
Vector Machines and fuses decisions from multiple receivers to recognise distinct ASL gestures.
WiSign achieves 93.8% accuracy with a 1.55% false-positive rate, confirming the feasibility of
RF-based SLR without cameras or wearables. However, its evaluation on a small vocabulary un-
der controlled indoor conditions and its reliance on multi device calibration limit its scalability
to real-world, continuous signing.

Building on this idea, [77] significantly scales up the vocabulary to 276 ASL gestures using
Channel State Information (CSI) from commodity Wi-Fi devices and a 9-layer CNN for end-
to-end feature learning. With 8,280 samples across lab and home environments, SignFi reports
accuracies above 94% in combined settings and clearly outperforms earlier Wi-Fi-based systems
restricted to a few gestures. Nevertheless, the system’s performance degrades when applied to
unseen users, and the computational cost of the deep model poses challenges for real-time de-
ployment on resource-constrained platforms. To better capture temporal dynamics in RF signals,
Ahmed et al. [78] investigate LSTM networks on the SignFi dataset, comparing amplitude-only
and joint amplitude phase CSI representations. Their results show that incorporating phase in-
formation with an LSTM architecture yields accuracies up to 99.8%, highlighting the benefit of
sequence modeling for RF-based SLR. However, the study is limited to offline experiments on
pre-collected data, without addressing robustness to environmental changes or user diversity in
real deployments.

Extending RF-based SLR beyond ASL, DF-WiSLR [79] targets 49 ISL gestures using com-
mercial Wi-Fi routers. The authors evaluate both classical ML models and an 8-layer CNN, and
introduce Additive White Gaussian Noise (AWGN) augmentation to improve robustness de-
spite a small dataset. Their approach achieves high accuracy, especially for static gestures, and
demonstrates that Wi-Fi-based sensing can support both static and dynamic signs. However,
the study involves a single participant and shows reduced performance for complex dynamic
gestures, making generalization uncertain. While the above systems focus primarily on isolated
gestures, WiSign [80] moves toward sentence-level recognition using Wi-Fi CSI. The framework
combines Power Spectral Density (PSD)-based segmentation, Deep Belief Networks (DBNs),
Hidden Markov Models (HMMs), and an N-gram language model to recognise continuous ASL
sentences. The system achieves strong performance for user-specific models but shows a sub-
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stantial drop in accuracy for generalized, multi-user scenarios. Its multi-stage pipeline is also
computationally demanding and sensitive to environmental variations, which complicates prac-
tical deployment. Alternative RF technologies such as millimeter-wave are explored in mmASL
[81], which uses 60 GHz mmWave signals and a multi-task DL model to recognise 50 ASL
signs across different rooms and users. The system provides robust, device-free interaction and
is less affected by lighting and background, making it attractive for smart assistant applications.
However, its limited vocabulary, high computational cost, and inability to capture detailed facial
or finger configurations highlight persistent challenges of mmWave-only SLR.

Gurbuz et al. [82] showed that RF sensing can understand details of sign language by using
multi-frequency radar to capture small motion patterns (micro-Doppler signals) from native ASL
signers. Their study found that RF signals can tell the difference between fluent and imitation
signing, and can also recognise a small set of ASL words. This suggests that RF sensing could
enable privacy-friendly technology designed for deaf users. However, their work used only a
small set of words and a limited dataset, showing that larger and more diverse RF sign language
datasets are still needed. Kurtoglu et al. [83] studied how to detect ASL trigger signs using
Frequency-Modulated Continuous Wave (FMCW) radar while people perform different activi-
ties. They used a learning model that combines multiple types of input and tasks, achieving high
accuracy in detecting triggers and recognising gestures. This shows that RF sensing could work
as a “wake word” system for Deaf-friendly technology. However, their experiments were done
in controlled settings with only a few signs, so it is still unclear how well the system would work
in real-world use. To address the gap between directed lab data and natural signing, Kurtoglu
et al. [84] propose ChessSIGN, an interactive radar- and video-based platform that collects un-
scripted ASL data during gameplay. By leveraging 77 GHz radar micro-Doppler signatures and
physics-aware generative adversarial networks for data augmentation, the system substantially
improves recognition of natural signs compared to models trained only on directed recordings.
Even so, accuracy on natural signing remains moderate, and the absence of non-manual features
such as facial expressions restricts full linguistic coverage.

Several works refine radar-based methods for both recognition and domain adaptation. Rah-
man et al. [85] use 77 GHz FMCW radar with a multi-branch GAN-based domain adaptation
framework to jointly address word-level ASL recognition, sequence classification in continuous
streams, and trigger detection. Their results show strong performance but rely on specialized
radar hardware and relatively small datasets. In parallel, Kulhandjian et al. [86] use 24 GHz
Doppler radar with CNNs on micro-Doppler spectrograms to recognise a small set of signs,
achieving high accuracy and robustness to lighting but requiring careful calibration and offering
limited vocabulary. Within the Wi-Fi domain, Wi-SignFi [87] introduces a multitask framework
that recognises gestures while also identifying user and environment attributes using an effi-
cient CNN–KNN hybrid and grayscale CSI representations. This design supports deployment
on embedded devices and confirms that RF-based SLR can be integrated into IoT platforms;
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however, it is still evaluated under controlled conditions and does not fully address continuous
sentence recognition. Similarly, WiASL [88] focuses on micro-motion based ASL letter input
using amplitude–phase fusion, micro-motion detection, and a Bi-LSTM–CNN–attention net-
work. It delivers accurate and efficient contactless text entry but is sensitive to environmental
noise, fine-grained gesture similarity, and potential user fatigue.

Beyond Wi-Fi and radar, RF-Sign, the authors in [89] explores passive RFID tags for position-
independent finger-level SLR. By modeling hand position and using a reference tag for dynamic
segmentation, RF-Sign reconstructs phase features that are robust to changes in hand location,
achieving high recognition accuracy with low power consumption. However, the requirement
for worn tags and residual sensitivity to multipath effects limit its practicality in fully device-free
scenarios. Emerging systems such as mm-SLR [90] and WiBaSL [91] push RF-based SLR into
more dynamic and diverse contexts. mm-SLR employs 77 GHz mmWave radar and temporal
convolutional networks to recognise gestures reliably in cluttered environments, while WiBaSL
provides the first Wi-Fi CSI dataset for Bangladeshi Sign Language with a CNN–LSTM model
achieving strong performance. Both works broaden the scope of RF-based SLR but inherit
challenges related to dataset size, generalization across environments, and the absence of full
linguistic information.

Complementary DL approaches, such as the ensemble framework in [92], achieve near-
perfect accuracy on benchmark CSI datasets using combinations of CNNs, LSTMs, and atten-
tion mechanisms. However, these models typically assume stable conditions and require sub-
stantial computational resources. In contrast, lighter-weight methods like the bispectrum and
SVM-based approach in [93] offer efficient recognition using higher-order spectral features but
do not scale well to continuous or highly varied signing. Finally, cross-domain frameworks such
as CSI-Cro [94] employ dual-attention feature fusion and domain adaptation to maintain perfor-
mance across different environments and hardware, addressing one of the key practical barriers,
albeit with increased model complexity. Taken together, these studies show a clear progression:
from early Wi-Fi CSI prototypes with small vocabularies, to large-vocabulary CNN-based sys-
tems, radar and mmWave solutions robust to lighting and occlusion, RFID-based fine-motion
tracking, and cross-domain and natural-signing aware architectures. RF-based SLR now offers
strong evidence of its potential as a contactless, privacy-preserving alternative or complement
to vision-based methods. However, persistent challenges remain in scaling to continuous, large-
vocabulary, signer-independent recognition and in incorporating non-manual linguistic cues that
are essential for full sign language understanding.

Table 2.1 compares existing approaches in terms of modality, performance, and limitations.
It shows that vision-based systems achieve high accuracy but are sensitive to lighting and privacy
issues, while radar-based methods are more robust and privacy-friendly. Multimodal approaches
combine the strengths of both to improve overall performance.
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Table 2.1: Comparison of Sign Language Recognition Techniques

Technique Advantages Limitations Relevance to
This Work

Vision-based Captures detailed
spatial features such
as hand shape and
facial expressions; high
recognition accuracy

Sensitive to lighting,
occlusion, and back-
ground clutter; raises
privacy concerns

Used to extract
rich visual fea-
tures of gestures

RF-based Contactless and
privacy-preserving;
robust to lighting,
occlusion, and clothing
variations

Cannot capture fine
details such as finger
shape or facial expres-
sions

Used to cap-
ture motion
patterns via
micro-Doppler
signatures

Wearable-based High precision and
direct motion sensing;
less affected by envi-
ronmental conditions

Intrusive; requires users
to wear devices; less
practical for daily use

Not used due to
lack of user con-
venience

Multimodal (Vi-
sion + RF)

Combines strengths of
multiple modalities;
improved robustness
and accuracy

Increased system com-
plexity and data fusion
requirements

Adopted ap-
proach in this
work

2.4 Machine Learning

ML refers to the capability of computers to automatically identify patterns within data and utilise
these patterns to make predictions or informed decisions [95]. It has become a foundational tech-
nology in numerous modern applications, including autonomous driving, speech processing, and
intelligent systems [96]. A wide range of ML algorithms has been developed, each tailored to
address specific categories of problems [97]. These algorithms construct models by analysing
training datasets, which provide representative examples that enable the system to recognise
underlying structures and relationships within the data. Once trained, these models can be ap-
plied to previously unseen inputs, allowing them to generalise beyond the examples encountered
during training. For instance, when an ML model is trained on sensor data corresponding to par-
ticular hand gestures, it can subsequently identify similar gestures in new or unfamiliar samples.
In its more advanced form, ML encompasses DL, which employs ANNs inspired by the archi-
tecture and learning mechanisms of the human brain to achieve higher levels of abstraction and
accuracy.

2.4.1 Advantages of Machine Learning

One of the major advantages of ML is that it removes the need to manually program explicit rules
for recognising complex patterns. Instead, ML algorithms can automatically learn and extract
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meaningful relationships directly from data through exposure to examples. This capability not
only reduces the time and effort required for manual feature engineering [98], but also allows the
detection of subtle or latent patterns that may be difficult or impossible for humans to identify
through traditional analytical methods [99].

Moreover, ML systems continue to improve as they receive more data, which makes them
highly adaptable in situations where conditions or rules change frequently [100]. ML models
also show strong generalisation ability, meaning they can make accurate predictions on new data
after being trained on suitable examples [101]. In addition, ML supports large-scale automation,
allowing organisations to analyse large amounts of data efficiently and with less manual effort
[102]. These advantages make ML a valuable tool in many fields, including healthcare, manu-
facturing, finance, and cybersecurity [103].

2.4.2 Machine Learning Approaches

Machine Learning (ML) techniques are commonly divided into three main categories: super-
vised learning, unsupervised learning, and reinforcement learning. In supervised learning, algo-
rithms are trained using labelled datasets, where each input is associated with a corresponding
output. The model learns from these examples to accurately classify or predict outcomes for
new, unseen data [104]. In contrast, unsupervised learning deals with unlabelled data, where
algorithms aim to uncover hidden structures or patterns within the dataset, often by grouping
similar samples into clusters based on shared characteristics [105]. Meanwhile, reinforcement
learning follows a reward-driven learning paradigm, in which an agent interacts with its environ-
ment by performing actions and receiving feedback in the form of rewards or penalties. Through
repeated interactions, the agent learns optimal strategies that maximise cumulative reward over
time [106]. This learning framework has demonstrated remarkable success in complex decision-
making tasks such as autonomous driving and strategy games like chess, where algorithms have
achieved superhuman performance [107].

2.5 Deep Learning

Deep learning is a branch of machine learning that employs ANNs designed to mimic the
information-processing capabilities of the human brain [108]. These networks are typically
structured with an input layer, multiple hidden layers, and an output layer [109]. The term depth
refers to the number of hidden layers within the network [110]. Each hidden layer processes
data by applying weights to the inputs and transmitting the transformed outputs forward. Dur-
ing training, the network’s predictions are compared with the target values, and the weights are
iteratively adjusted to minimize the error [111, 112].

This optimisation is commonly performed using the backpropagation algorithm, which sys-
tematically propagates the error backward through the network to update the weights [102]. The
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cycle of feeding data through the network, computing errors, and refining weights is repeated
across multiple iterations, known as epochs [113]. Through sufficient training, deep neural net-
works learn to recognise complex, non-linear relationships within data, making them highly
effective for tasks such as image classification, natural language processing, and human activity
recognition [114].

2.5.1 Advantages of Deep Learning

DL offers several important advantages that make it highly effective for complex tasks. One key
strength is its ability to automatically learn useful features directly from raw data, reducing the
need for manual feature engineering [102]. DL models can capture highly complex, nonlinear
patterns, allowing them to outperform traditional methods in areas such as image recognition,
speech processing, and natural language understanding [101]. Furthermore, DL systems con-
tinue to improve as more data becomes available, enabling them to reach high levels of accuracy
in large scale applications [115]. DL models are also highly flexible and can be adapted to
different types of data, including text, audio, images, and sensor signals [116]. Because of
these advantages, DL has become a leading approach across many fields, including healthcare,
autonomous driving, robotics, and cybersecurity [117].

2.5.2 Application of Machine Learning and Deep Learning

In this work, ML and DL are used to enable accurate recognition of sign language gestures from
both radar and video data. The radar signals are converted into micro-Doppler spectrograms,
which capture detailed motion patterns over time and frequency. Deep learning models, particu-
larly convolutional neural networks, are well suited for learning meaningful features from these
spectrograms automatically, without the need for manual feature design.

Similarly, ML/DL methods are applied to video data to extract important spatial information
related to hand and body movements. Their ability to model complex patterns and generalise
across different participants makes them highly effective for achieving robust and reliable sign
language recognition in this study.

2.5.3 Summary

This chapter reviewed various MM sensing technologies developed to assist individuals with
hearing impairments by facilitating both verbal and non-verbal communication. Four main
modalities were discussed; vision-based, wearable sensor-based, and RF-based systems. Each
modality offers unique strengths and faces specific limitations. Vision-based systems achieve
high gesture and facial recognition accuracy using DL models; however, they are sensitive to
lighting, background clutter, and privacy concerns due to continuous video recording. Wearable
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sensor-based systems, such as smart gloves, provide precise motion capture but can be uncom-
fortable, require frequent calibration, and are impractical for continuous or public use.

In contrast, RF-based sensing presents a promising contactless alternative that works reli-
ably under various lighting and environmental conditions, maintaining user privacy while de-
tecting subtle motion dynamics. Additionally, ML and DL techniques were highlighted as key
enablers for processing and classifying MM data, enhancing recognition accuracy across all
sensing types. Overall, while vision, and wearable systems have advanced MM communication,
they remain limited by environmental and usability challenges. RF-based sensing offers a ro-
bust path forward for developing next-generation hearing assistive technologies that are more
adaptive, non-intrusive, and user-friendly.
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Chapter 3

Methodology

This chapter presents the methodologies used in the three research works that form this the-
sis. Although each work focuses on a different research problem, all studies follow a com-
mon approach based on contactless sensing, signal processing, and deep learning. The chapter
summarises the main contributions of each paper and explains the experimental setup, data col-
lection, signal processing, performance evaluation and DL classification models. In addition,
this chapter highlights the similarities and differences between the proposed methodologies and
explains how each study extends the overall research framework. This structured presentation
helps to clarify the methodological progression across the thesis and supports the interpretation
of the results presented in later chapters.

3.1 Performance Comparison of Video and Radar for Com-
mon Signs Recognition in BSL and ASL

3.1.1 Introduction

Sign language is an essential form of communication for individuals who are Deaf or hard of
hearing, using hand gestures, facial expressions, and body movements. Automatic Sign Lan-
guage Recognition (SLR) has therefore become an active area of research, with increasing in-
terest in developing technologies that can translate non-verbal communication into spoken or
written language. Existing approaches for capturing sign language are broadly categorised into
vision-based, wearable, and contactless sensing methods [118].

As sign languages vary across regions, it is important to develop systems that can support
multiple sign language types. In this work, radar sensing is explored as a contactless and privacy-
preserving approach, alongside video-based sensing, to recognise 15 common signs shared be-
tween American Sign Language (ASL) and British Sign Language (BSL). The performance of
radar-only and video-only systems is analysed to better understand the strengths of each sensing
modality. Following are the key contributions of this work:
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• Proposed a contactless recognition system to recognise and translate 15 common signs
shared between ASL and BSL, making the system useful across multiple sign language
communities.

• A robust and diverse dataset is collected that comprises of 3,600 samples (1,800 radar
+ 1,800 video) from 15 classes from four users (2 males and 2 females). The data is
collected in different days under varying conditions (lighting, clothing, hairstyles, time of
day).

• Performed unimodal analyses of radar-only and video-only models to assess their inde-
pendent contributions, establishing a proof-of-concept for the integration of such systems
into future hearing aid technologies.

• Implemented DL models (ResNet18) for sign classification to evaluate the performance
of radar-based and video-based recognition approaches.

• Established a foundation for the development of MM, privacy-preserving, and scalable
sign language recognition systems, with potential applications in assistive technologies
for individuals with hearing impairments.

3.1.2 Experimental Setup and Data Acquisition

To investigate the effectiveness of two technologies, i.e., camera and radar for the classification
of common signs in ASL and BSL, we have conducted some experiments with the UWB radar
alongside the built-in camera of the laptop, as illustrated in Fig. 3.2. At the start of the data
collection process, volunteers were shown target signs and asked to perform them in a 6-second
window. The chair, where the participant was seated, was placed 141 cm from the sensors
during data capture. Additionally, data were collected over multiple days at various times, under
varying conditions (weather, lighting, clothing, hairstyles, time of the day) to capture diverse
data. Data for 15 common signs in ASL and BSL (Fig. ) were collected from four volunteers
(two male and two female). Each sign was performed 30 times by each participant, resulting in
a total of 3,600 data samples (1,800 from radar and 1,800 from video).

3.1.2.1 Data Collection using UWB radar

The experimental setup is depicted in Fig. 3.2, where the UWB radar module is precisely
mounted above the laptop’s integrated camera to enable synchronized data capture. Data ac-
quisition was conducted in a standard indoor environment under typical ambient conditions.
The setup was designed to account for environmental factors such as background noise, reflec-
tions from surrounding walls and objects, variations in lighting, and other potential sources of
interference to ensure robustness of the collected dataset. During data collection, participants
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Figure 3.1: Workflow System Diagram of Proposed Work

were seated 141 cm in front of the sensors. The UWB radar, equipped with one transmitter and
one receiver antenna, has a detection range of 9.6 meters. It operates with a transmit power
of 6.3 dBm, and its Effective Radiated Power (ERP) complies with IEEE standards for UWB
devices, ensuring minimal interference with other systems while maintaining operational safety.
At the measurement distance of 141 cm, the radar exhibits a power density of approximately 1.68
W/m², which remains significantly below the IEEE C95.1-2005 recommended exposure limits
of 50 W/m² for controlled environments and 10 W/m² for uncontrolled environments [119].

3.1.2.2 Data Collection using Camera

The built-in camera of laptop is used to capture the samples as full frame, RGB .avi files that
give frame dimensions of 3×1024×576 and a frame rate of 30 Frames Per Second (FPS). The
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Figure 3.2: Setup for Data Collection

large size, high dimensionality, and rich color details in such files often include vast amounts of
information that are irrelevant for sign language classification. Moreover, this excess data can
place a heavy burden on computational resources and model capacity, potentially leading to in-
efficiencies or system overload. Full-frame videos are preprocessed to reduce their size and then
converted to grayscale, resulting in dimensions of 1×450×165 at 15 FPS. The processed video
samples retain sufficient visual and temporal information to support effective model training and
accurate prediction, as discussed in the Section 4.1.1.

3.1.3 Data Preprocessing and Evaluation Metrics

3.1.3.1 Radar Data Preprocessing

In this section, the preprocessing steps used for extracting spectrograms from radar bin files are
described. Initially, the radar chip was configured via the XEP interface using the corresponding
driver. Data were collected at a rate of 500 frames per second (FPS), with each sample encoded
as a 32-bit floating-point value. The data file was then read iteratively and stored in a DataStream

variable, which was subsequently converted into a complex Range-Time-Intensity (RTI) matrix.
To suppress static clutter, a Moving Target Indication (MTI) filter was applied, ensuring that
only moving targets contributed to the signal. This enhances the visibility of Doppler-induced
frequency shifts. A filtering stage was then used to generate the Doppler-range map, followed
by a secondary fourth-order MTI filter to refine the spectrogram.
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Book Candies Drink Eat Hello

Help I Meet Snow Sorry

Stand Thank You Time Understand You

Figure 3.3: 15 Common Signs in ASL and BSL
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Book Candies Drink Eat Hello

Help I Meet Snow Sorry

Stand Thank You Time Understand You

Figure 3.4: Spectrograms of 15 Common Signs in ASL and BSL

Several parameters were considered during processing, including a window length of 128
samples, overlap percentage, and a Fast Fourier Transform (FFT) zero-padding factor of 16.
A range profile was obtained by applying an FFT to each chirp. Subsequently, a second FFT
was performed across consecutive chirps for each range bin to extract Doppler information.
Spectrograms were generated using the Short-Time Fourier Transform (STFT), which provides
a joint time-frequency representation. Unlike the standard Fourier Transform (FT), which only
provides frequency information, STFT enables analysis of temporal variations in frequency. The
segmentation of signals allows FT to be applied locally, capturing both temporal and spectral
characteristics. The choice of window length introduces a trade-off between time and frequency
resolution.

The maximum unambiguous Doppler frequency is given by:

fd,max =
1

2Tr
(3.1)

where Tr denotes the chirp repetition interval.
The transmitted signal can be expressed as:

Ts(t) = Acos(2π f t) (3.2)

where A is the signal amplitude and f is the carrier frequency.

26



The received signal from a target at range D(t) is:

Rs(t) = Ar cos
(

2π f
(

t − 2D(t)
c

))
(3.3)

where:

• Ar is the received signal amplitude,

• c is the speed of light,

• D(t) is the time-varying distance between the radar and the target.

For a moving target with radial velocity v(t), the received signal can be approximated as:

Rs(t)≈ Ar cos
(

2π( f + fd)t −
4πD0

c

)
(3.4)

where D0 is the initial range.
The Doppler shift is defined as:

fd =
2 f v(t)

c
(3.5)

The received signal consists of contributions from multiple moving scatterers (e.g., head,
hands, and torso). Thus, it can be expressed as:

Rs(t) =
N

∑
k=1

Ak cos
(

2π( f + fd,k)t −
4πDk

c

)
(3.6)

where each component corresponds to an individual moving body part with distinct velocity and
range. These micro-Doppler signatures collectively form unique patterns that enable activity
classification. Spectrograms derived from these signals were used to construct a dataset, which
was divided into training and testing subsets. Deep learning (DL) pre-trained models were then
employed to analyse the spectrograms and classify human activities.

3.1.3.2 Video Data Preprocessing

The built-in laptop camera was used to capture video samples as full-frame RGB .avi files with
dimensions of 3×1024×576 at 30 FPS. Due to the high dimensionality and rich color details,
these raw files contained substantial redundant information that was not directly relevant to sign
language classification, while also imposing heavy computational demands on system resources.
To address this, the videos were preprocessed by converting frames to grayscale and resizing
them to 1× 450× 165 at 15 FPS. This reduced both spatial and temporal resolution, thereby
lowering computational overhead while preserving the essential visual and temporal features
required for effective model training and accurate recognition.
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Table 3.1: Parameters Setting of Radar

Parameter Value

Activity duration 6 seconds
Radar Sensor XeThru X4M03
Instrumental range 9.6 metres
Radar’s distance from subject 141 cm
Radar frequency 7.29 GHz
Radar bandwidth 1.5 GHz
Tx power 6.3 dBm

3.1.3.3 Evaluation Metrics

The efficacy of DL models in gesture classification is assessed based on weighted average accu-
racy (degree of closeness between a measured or calculated value and its true or accepted value),
precision, recall, and F1 Score. F1 Score, a widely adopted metric in classification literature,
is computed using Equation 3.7. Precision and recall, integral components of F1 Score, are
determined using 3.8 and 3.9, respectively.

F1 = 2
Precision.Recall

Precision+Recall
(3.7)

Precision =
∑TruePositive

∑TruePositive+∑FalsePositive
(3.8)

Recall =
∑TruePositive

∑TruePositive+∑FalseNegative
(3.9)

The radar-based system’s performance is influenced by specific hardware constraints. The
Ultra-Wideband (UWB) radar used in this study has limited spatial resolution compared to
vision-based systems, affecting its ability to detect fine facial movements accurately. The radar’s
Doppler sensitivity depends on its sampling rate and frame capture speed (500 FPS), which lim-
its the accurate detection of rapid expressions or gestures. Additionally, the radar’s performance
is highly dependent on the angle at which it detects reflections; changes in subject orientation
relative to the radar can weaken or alter Doppler signatures, unlike camera-based systems that
capture full visual detail regardless of position.

Another factor is multipath reflections, where radar signals bounce off multiple surfaces be-
fore reaching the sensor. This can introduce noise into the Doppler signatures and impact classi-
fication accuracy. Despite these constraints, the radar-based approach remains advantageous for
privacy-preserving, contactless recognition, with its resilience in low-light and through-surface
scenarios making it suitable for diverse environments.
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Table 3.2: Fine-tuned parameters for the selected models [120, 121]

DL Model Parameters Settings

GoogleNet

Learning_Rate
Batch_Size
Learning_Algorithm
Loss_Function
Total_Epochs
Iteration_Per_Epoch

0.0001
16
Adam
Cross entropy
100
75

SqueezeNet

Learning_Rate
Batch_Size
Learning_Algorithm
Loss_Function
Total_Epochs

0.0001
16
Adam
Cross entropy
200
75

VGG16

Learning_Rate
Batch_Size
Learning_Algorithm
Loss_Function
Total_Epochs
Iteration_Per_Epoch

0.0001
16
Adam
Cross entropy
100
75

VGG19

Learning_Rate
Batch_Size
Learning_Algorithm
Loss_Function
Total_Epochs
Iteration_Per_Epoch

0.0001
16
Adam
Cross entropy
100
75
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3.1.4 ResNet for Sign Classification

Convolutional Neural Networks (CNNs) are widely regarded as the state-of-the-art approach for
image-based classification tasks, as they are capable of extracting hierarchical spatial features
from complex input data. A significant advancement in CNN architectures was the introduc-
tion of the Residual Network (ResNet) [122], designed to mitigate challenges associated with
training very deep neural networks, particularly the issues of vanishing and exploding gradients.

3.1.4.1 Design Philosophy

The core concept of ResNet is the residual block, where the network learns residual mappings
rather than direct input to output transformations. Formally, instead of approximating H(x)

directly, each residual block learns F(x) = H(x)− x, such that the output becomes H(x) =

F(x)+ x. This is achieved through identity (skip) connections, which allow gradients to flow
more effectively during backpropagation, enabling stable training of deeper networks.

3.1.4.2 Residual Block Structure

A standard residual block comprises convolutional layers with batch normalization and ReLU
activation, augmented with shortcut connections. For deeper variants such as ResNet50 or
ResNet101, a bottleneck design is employed, incorporating a 1×1 convolution for dimension-
ality reduction, a 3×3 convolution for feature extraction, and a final 1×1 convolution to restore
dimensionality. This structure allows the network to balance depth with computational effi-
ciency.

3.1.4.3 Application to This Work

In this study, ResNet18 was employed as the backbone for classifying spectrograms (radar
modality) and grayscale video frames (video modality). ResNet18 was selected due to its com-
putational efficiency and strong capability for spatial feature extraction. For radar spectrograms,
which exhibit relatively simple spatiotemporal structures, the shallow depth of ResNet18 pro-
vided sufficient representational capacity without risk of overfitting. For video frames, ResNet18
served as an effective feature extractor, though video’s temporal dynamics remain a limitation
when using static frame-based inputs.

3.1.4.4 Performance Considerations

ResNet18 demonstrated robust performance across both modalities, with radar-based classifica-
tion achieving 96% test accuracy, benefiting from stable Doppler signatures, while video-based
classification achieved 81% test accuracy, reflecting its greater sensitivity to environmental con-
ditions such as lighting and background variation. The skip-connection architecture of ResNet
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ensured stable convergence and mitigated gradient degradation, making it a suitable choice for
this work.

3.2 Utilising Contactless Sensing Technology for the Identifi-
cation of Hand and Head Movements in Conjunction with
Facial Expressions

3.2.1 Introduction

Sign language recognition has emerged as a vital research challenge, with the objective of un-
derstanding communication through hand gestures, head movements, and facial expressions.
However, most existing systems, such as vision-based, and wearable sensor-based technolo-
gies, face major limitations including privacy concerns, lighting dependence, noise issues, and
maintenance difficulties. This work introduces a contactless radar-based approach that recog-
nise different expressions performed with head, hand movements, and facial expressions by
leveraging micro-Doppler signatures obtained from data collected using a radar sensor. In this
work, sixteen different classes are being considered, i.e., Ashamed, Cheerful, Enormal, Furious,
GoodIdea, Guilty, Lonely, Normal, Ok, Playful, Proud, Sad, Shocked, Surprised, Thinking, and
Worried. An UWB Radar was employed to record the data. Four DL models are used to classify
these sign. Spectrograms serve as representations of the recorded data, while spatio-temporal
features are extracted using GoogleNet, SqueezeNet, VGG16, and VGG19 architectures.

Main contributions of this work are discussed below:

• We proposed a contactless head, hand movement, and facial expressions recognition sys-
tem to recognise and translate expressions.

• A dataset is collected that contains 1440 samples from 16 different classes at a distance of
141 cm. The data is collected from two males and 1 female ages between 20 and 40.

• We applied four pre-trained DL models, i.e., GoogleNet, SqueezeNet, VGG16, and VGG19
on the dataset, offering a benchmark for future research in this field.

• VGG16 achieved the highest performance, with an accuracy of 94.2% across 16 expres-
sion classes.

3.2.2 Methodology

In this section, the proposed framework is explained in detail which is illustrated in Fig 3.5. It
is divided into three phases, i.e., data collection, signal processing and utilisation of DL models.
All phases are explained in detail in next sub-sections.
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Figure 3.5: Proposed Workflow System Diagram
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Figure 3.6: Experimental Setup

3.2.2.1 Experimental Setup and Data Collection

In the data collection phase, an UWB radar, namely Xethru X4MO3 is employed to recognise
hand, head and facial expressions which is connected to a laptop where collected data is being
stored. It has one Transmitter (Tx) and one Receiver (Rx) antenna, offering a maximum human
motion detection range of 9.6 meters with all major and minor movements. Further, the Xethru
app is installed on the laptop that operates the radar. The radar is mounted on a tripod stand
(ensuring stability during the data collection process) which is placed in front of the chair where
the user is sitting. The parameter setting of radar is given in Table 3.1. The distance between
the radar and the seated participant was set to 141 cm, chosen to represent a typical one-to-one
communication range, as non-verbal interactions generally occur at close distances. This dis-
tance enables effective gesture capture while ensuring reliable radar signal quality for optimal
recognition and interaction which is shown in Fig 3.6. Our study was conducted exclusively
in indoor environments due to the limitations of the radar equipment and experimental setup,
which are not suited for outdoor conditions. Factors such as uncontrolled environmental vari-
ables, signal interference, and the need for stable radar positioning make outdoor experiments
impractical. We collected data from a single user over multiple days, introducing natural varia-
tions in clothing, hat usage, and occasional changes in the chair. Despite these fluctuations, our
system performed well, demonstrating its robustness in handling real-world changes. The data
collection took place in an open indoor environment on the sixth level of the James Watt South
Building at the University of Glasgow. This setting allowed people to move freely around the
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radar setup, simulating real-world scenarios. Furthermore, data has been gathered from a total
of three users, two males and one female, covering 16 distinct classes (activities) as shown in
Fig 3.7. The age range of the users falls between 20 and 40 years. This study is conducted as
a proof-of-concept to validate feasibility under controlled conditions. Every activity/gesture is
performed 30 times, with each instance lasting for a fixed duration of 6 seconds. The decision
to involve a larger number of participants was driven by the aim to enhance the dataset’s realism
and diversity. A dataset contains 1440 data samples that were collected during the experiment
for 16 different classes, i.e., Ashamed, Enormal, Furious, GoodIdea, Guilty, Lonely, Normal,
Ok, Playful, Proud, Sad, Shocked, Surprised, Cheerful, Thinking and Worried. In essence, each
of these signs plays a vital role in daily interactions, helping individuals navigate emotions, com-
municate effectively, build relationships, and cultivate personal and collective wellbeing. Ethical
approval for this study was granted by the University of Glasgow’s Research Ethics Committee
(Permission Numbers: 300200232, 300190109).

3.2.2.2 Signal Processing

Radar preprocessing 3.1.3 are adopted from the Section 3.1

3.2.2.3 DL Models for Classification

In our classification task aimed at distinguishing activities, we utilise four specific pre-trained
DL models: GoogLeNet, SqueezeNet, VGG16, and VGG19. These advanced convolutional
neural network architectures, initially trained on ImageNet [121] , are adapted to analyse spec-
trogram images derived from radar data. During the fine-tuning process of these pre-trained
models, adjustments are made to the top layers to enable the classification of collected data into
sixteen predefined classes. Detailed descriptions of the CNN architectures used in this study are
provided in subsequent subsections.

GoogLeNet: GoogLeNet, a prominent convolutional neural network (CNN) architecture renowned
for image classification tasks, is composed of 22 layers, including convolutional, pooling, in-
ception, and fully connected layers. The inception module, a key component, consists of six
convolutional layers and a pooling layer. This module employs filters of different sizes (1 × 1,
3 × 3, and 5 × 5) to extract diverse patterns from input images. The feature maps produced by
these filters are then concatenated at the module’s output. Notably, 1 × 1 convolutions precede
convolutions with larger filter sizes, contributing to parameter reduction and network efficiency.
The specific parameter settings of GoogLeNet are detailed in Table 3.2.

SqueezeNet: The SqueezeNet architecture, another pre-trained model, comprises a total of 18
layers, as described by [121]. This architecture has gained popularity due to its comparable
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(a) Ashamed (b) Cheerful (c) Enormal (d) Furious

(e) Good Idea (f) Guilty (g) Lonely (h) Normal

(i) Ok (j) Playful (k) Proud (l) Sad

(m) Shocked (n) Surprised (o) Thinking (p) Worried

Figure 3.7: A visual representation of 16 expressions
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performance with significantly fewer parameters—roughly fifty times fewer—making it advan-
tageous for resource-constrained applications. SqueezeNet employs three primary strategies.
Firstly, it reduces the squeeze layer from 3x3 filters to 1x1 filters. Secondly, it utilises an ex-
panded layer where 1x1 and 3x3 filters receive reduced input parameters. Lastly, it employs
down-sampling later in the architecture with smaller stride values, resulting in larger activation
maps in the final layer, which contributes to improved accuracy. Details regarding the parameter
configurations for SqueezeNet are available in Table 3.2.

VGG16: VGG16 is comprised of 16 layers, as outlined by [121], boasting a total of 138
million parameters. The architecture primarily employs 3×3 filters with a stride of 1, while
padding and max-pooling layers use 2×2 filters with a stride of 2. The layer arrangement follows
a sequence of ReLU, convolutional, and max-pool layers, where ReLU layers contribute to
computational efficiency and accelerated learning. Towards the end of the architecture, three
fully connected layers and a softmax layer are incorporated for output generation. The specific
parameter settings for VGG16 can be found in Table 3.2. With its well-structured layer design
and parameter configuration, VGG16 serves as a robust framework for feature extraction and
classification across diverse applications.

VGG19: The data underwent transformation through a distinctive layer featuring 3×3 filters
across five stages of convolutional layers. Each stage was accompanied by pooling layers, fol-
lowed by three fully connected layers, crucial for extracting essential image information. To
bolster the extraction of image feature vectors, the convolutional kernel depth was progressively
increased from 64 to 512, enhancing the capabilities of the VGG16 network. At each convolu-
tional layer stage, pooling layers were applied, each with a size and stride of 2×2, as described
by [120, 121].

3.2.3 Research Experiments and Performance Evaluation

The description of dataset is discussed in this section along with the evaluation of system using
pre-trained DL models.

3.2.3.1 Dataset

Following the data collection and signal processing steps, we obtained a set of spectrograms.
The dataset has 1440 samples from 16 classes (ashamed, cheerful, enormal, furious, goodidea,
guilty, lonely, normal, ok, playful, proud, sad, shocked, surprised, thinking and worried) that
are collected from 3 users and each class contains 30 samples. Fig 3.8 shows the samples
of spectrograms we obtained in the result of signal processing from the dataset which is then
divided into two subsets, i.e., training and testing. The train set contains 1200 samples and the
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test set has 240 samples. Further, these sets have equal representation of all the classes and
subjects [121].

(a) Ashamed (b) Cheerful (c) Enormal (d) Furious

(e) Good Idea (f) Guilty (g) Lonely (h) Normal

(i) Ok (j) Playful (k) Proud (l) Sad

(m) Shocked (n) Surprised (o) Thinking (p) Worried

Figure 3.8: Obtained Spectrograms Sample of 16 Classes

3.2.3.2 Performance Evaluation

evaluation metrics 3.1.3.3 are adopted from the Section 3.1
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3.3 Multimodal Sensing for Phrase Recognition in BSL

3.3.1 Introduction

This chapter presents a MM sign language recognition system that combines radar and video
sensing to improve accuracy and reliability. It builds on the findings of the previous works,
which showed how radar and video can each recognise sign language but also have individual
limitations. In this study, both sensing methods are merged using DL models to take advantage
of their strengths. The radar captures motion information from micro-Doppler signals, while the
video provides visual features such as hand and body movements. These features are combined
using a hybrid CNN–LSTM and ResNet-based model to handle challenges like lighting changes,
occlusion, and differences in signing styles. In this work, we present a radar and vision-based
framework capable of recognising 20 phrases, helping to bridge communication gaps for Deaf
or hard of hearing. The key contributions of this study are as follows:

• Privacy-preserving, contactless sensing: We propose a non-intrusive radar-based recog-
nition system capable of identifying and translating 20 phrases. The use of contactless
sensing ensures privacy protection.

• Unimodal and MM evaluation: We conduct systematic analyses of radar-only, video-only,
and MM fusion models to understand their individual and combined contributions. This
establishes a proof-of-concept for integrating radar–vision systems into future assistive
devices, including next-generation hearing aids.

• Deep learning–based classification: A ResNet-18 deep convolutional neural network is
employed to evaluate three configurations: radar-only, video-only, and MM fusion, pro-
viding a systematic comparison of unimodal and MM performance.

• Foundation for scalable assistive technologies: We demonstrate the feasibility of a non-
intrusive, privacy-preserving, and scalable sign language recognition framework with po-
tential applications in accessibility technologies for people with hearing impairments.

3.3.2 Experimental Methodology and Signal Processing

The experimental setup is shown in Figure 3.9, where the UWB radar module is mounted above
a laptop to allow synchronized data collection and processing. Data were recorded in a normal
indoor environment under typical ambient conditions. The setup was carefully arranged to re-
duce background noise, reflections from nearby objects and walls, lighting variations, and other
possible interferences. This ensured that the dataset collected was reliable and suitable for later
analysis. During each session, participants sat approximately 141 cm in front of the radar mod-
ule. The X4M03 includes one transmitter and one receiver antenna, and it operates in the 7.29
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Figure 3.9: Framework of the Proposed Work
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GHz–10.2 GHz frequency range (X-band). The system has a sampling rate of 23.328 GS/s and a
maximum detection range of 9.6 m. The radar transmits signals with a power level of 6.3 dBm,
and its ERP follows IEEE UWB standards, ensuring low interference with other systems and
safe operation. At a sensing distance of 141 c cm, the radar’s power density is approximately
1.68 W/m², which is well below the IEEE C95.1-2005 exposure limits of 50 W/m² for controlled
environments and 10 W/m² for uncontrolled environments [119].

3.3.2.1 Radar System

Figure 3.10 illustrates the working mechanism of the XeThru X4M03 UWB radar module. The
system begins with the UWB Radar (X4 Chip), which transmits and receives ultra-wideband
pulses to detect motion within its sensing field. The reflected radar signals are processed by the
Signal Controller/Buffer (ARM / FPGA / MCU), which manages radar timing, frame buffer-
ing, and data communication with the host system. A Power Regulator provides a stable 3.0 V
output from a 4.5–5.5 V supply, while the 12 MHz Oscillator generates the precise reference
clock required for reliable radar operation. The buffered radar data are transferred through the
Data Interface (USB / UART / SPI) to an external Host Processing Unit for further analysis.
Unlike systems with onboard signal processing, the X4M03 transmits raw radar frames to the
host, allowing complete control over the data processing pipeline. On the host side, the re-
ceived data undergo several sequential processing stages: preprocessing, feature extraction, and
classification. In this work, the classification stage employs a ResNet-18 deep CNN to automat-
ically learn spatial and temporal features from radar spectrograms and accurately identify sign
language gestures. The Output of the system corresponds to the recognised gesture class.
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Figure 3.10: Block Diagram of UWB X4MO3 Radar System

A total of 3,600 radar samples were collected from six participants across 20 classes, with
each class repeated 30 times. The use of six participants captures inter-subject variability, the
20 classes consist of commonly used daily phrases, and the total of 3600 samples (6×20×30)
ensures a balanced dataset with sufficient repetitions for robust model training and evaluation.

The preprocessing steps applied to the radar data are the same as those described in Section
3.1.3. Each sign after signal processing exhibited a unique Doppler signature, as illustrated in
Figure. 3.4.

Figure 3.11: Xethru X4MO3 UWB Radar Sensor
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3.3.2.2 Camera System

The signal processing steps for the data collected using the camera are adopted from Section
3.1.3.2.

Table 3.3: Parameter Settings of the Radar Sensor.

Parameter Value
Activity duration 6 seconds
Radar Sensor XeThru X4M03
Instrumental range 9.6 metres
Radar’s distance from subject 141 cm
Radar frequency 7.29 GHz
Radar bandwidth 1.5 GHz
Tx power 6.3 dBm

3.3.3 ResNet for Sign Classification

CNNs are widely recognised as state-of-the-art for image-based classification due to their abil-
ity to extract hierarchical spatial features from complex input data. A major milestone in CNN
development was the introduction of the ResNet [122], which addresses difficulties in training
very deep neural networks, particularly vanishing and exploding gradients. The key idea be-
hind ResNet is the use of residual blocks, where the network learns residual mappings instead
of direct input–output transformations. Formally, rather than approximating H(x) directly, each
block learns F(x) = H(x)−x, producing the output H(x) = F(x)+x. These identity (skip) con-
nections facilitate effective gradient flow during backpropagation, enabling the stable training
of deeper architectures.

A typical residual block consists of convolutional layers followed by batch normalization
and ReLU activation, enhanced by identity shortcuts. In deeper variants such as ResNet50 and
ResNet101, a bottleneck structure is employed, using a 1× 1 convolution for dimensionality
reduction, a 3× 3 convolution for feature extraction, and a final 1× 1 convolution to restore
dimensionality, balancing representational power and computational efficiency. In this work,
ResNet18 was employed as the backbone model due to its computational efficiency and strong
capability in extracting spatial features. It was used across three experimental settings: radar-
only, video-only, and MM fusion. For radar spectrograms, which contain structured Doppler-
based motion signatures, ResNet18 provided sufficient representational power while minimizing
overfitting, achieving a classification accuracy of 96%. For video data, grayscale frames were
used as inputs, and although ResNet18 effectively captured spatial information, the absence
of temporal modeling introduced sensitivity to factors such as lighting and background varia-
tion, resulting in an 90% accuracy. Finally, the MM configuration, combining radar and video
representations, leveraged complementary motion and visual cues, yielding improved overall
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performance and demonstrating the advantage of sensor fusion for human-activity recognition.
The residual learning mechanism contributed to stable convergence across all modalities, con-
firming ResNet18 as an effective and efficient architecture for both single-modality and MM
classification tasks.

3.3.3.1 Evaluation Metrics

The evaluation metrics have already been described in Subsection 3.1.3.3.

3.4 Summary

This chapter has presented the methodology used in this research for recognising non-verbal
communication using radar, video, and MM sensing. It described the system design, data col-
lection process, preprocessing steps, feature representation, and the deep learning models used
for classification. Different sensing modalities were considered to capture hand gestures, head
movements, facial expressions, and sign language at both gesture and phrase levels. The next
Chapter 4 presents the experimental results and performance evaluation, where the effectiveness
of the proposed methods is analysed and compared in detail.
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Chapter 4

Results and Discussion

4.1 Performance Comparison of Video and Radar for Com-
mon Signs Recognition in BSL and ASL

4.1.1 Results and Discussion

The performance metrics for training, validation and testing are summarized in Table 4.1. For the
training and validation phases, loss and accuracy were the primary evaluation metrics. During
testing, accuracy was used as the main performance indicator due to its simplicity and relevance
in balanced, unbiased datasets. To provide a more comprehensive evaluation of the model’s
effectiveness, additional metrics such as precision, sensitivity, specificity, and F1 score were also
included. The results across all modality configurations demonstrate strong model performance
across all metrics.

Table 4.1: Performance Metrics for Different Modalities

Metric Radar Only Video Only
Training Loss 0.005 0.10
Training Accuracy 99.9% 86%
Validation Loss 0.02 0.18
Validation Accuracy 91% 78%
Testing Precision 96.54% 82.29%
Testing Sensitivity 96.13% 81.77%
Testing Specificity 96.52% 82.19%
Testing F1 Score 96.14% 80.18%
Testing Accuracy 96.13% 81.77%

To gain a comprehensive understanding of the MM model’s performance and behavior, it is
essential to first evaluate each modality independently. We proposed a proof of concept for MM
sensing framework. In this work, we analyzed the modalities individually (unimodal analysis) to
see their independent contributions. Two separate modeling approaches were carried out: radar
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only and video only.

4.1.1.1 Radar Only

Training loss and accuracy for radar only over 150 epochs is graphically represented in Figure ??
(a). The training and validation accuracy begin to diverge around epoch 60, with final training
accuracy reaching approximately 99.9% and validation accuracy stabilizing near 91%. Simi-
larly, the training and validation losses reduce steadily, with training loss dropping to around
0.005 and validation loss settling close to 0.02. These trends indicate successful learning with-
out overfitting. The consistently low loss values and high accuracies suggest that the radar-only
model generalizes well despite the moderate complexity of the data. The slower convergence
early in training could be attributed to the complexity of patterns in the Short Time Fourier
Transform (STFT) images, which might benefit from deeper or more specialized architectures.

Figure 4.1 presents the corresponding radar-only confusion matrix (normalized percentages
across 15 classes). The matrix reveals that the model predicted most classes with high confi-
dence, with 7 classes achieving 100% true positive rates and several others above 90%. Some
misclassifications are observed, notably in classes 6, 7, and 12, where samples were occasionally
confused with neighboring classes. These errors likely stem from similarities in the radar-based
motion signatures of certain signs, particularly those with overlapping or subtly distinct move-
ments.

4.1.1.2 Video Only

Figure 4.2 shows that the video-only model required approximately 50 epochs to converge. Both
training and validation metrics loss and accuracy progressed steadily throughout, with training
loss decreasing to around 0.10 and validation loss to approximately 0.18. Training accuracy
reached 86%, while validation accuracy peaked at around 78%, indicating that it successfully
learned from the video data without significant overfitting, although some fluctuations in valida-
tion performance were observed. These variations may be attributed to noise or inconsistencies
in the visual input, such as signer movement or lighting conditions.

Figure ?? (b) presents the video-only confusion matrix, highlighting mixed class-wise per-
formance. While some classes achieved strong True Positive (TP) rates such as class 8 and
class 9 with 100%, others like class 13 (67%) and class 14 (58%) showed considerable mis-
classifications. One class (class 2) recorded only 67% TPs, while several others fell between
70–92%. A pattern of confusion clustering is again visible, similar to what was observed in the
radar matrix. Notably, class 4 in both modalities showed comparable lower TP rates, and cer-
tain misclassifications were concentrated around specific neighboring classes. These similarities
may indicate shared difficulty across sensor types in distinguishing certain signs, potentially due
to subtle variations in gesture execution or visually similar hand movements—suggesting that
some recognition challenges are inherent across modalities.
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Figure 4.1: Radar Only Training and Accuracy Plots and Confusion Matrix

4.2 Utilising Contactless Sensing Technology for the Identifi-
cation of Hand and Head Movements in Conjunction with
Facial Expressions

4.2.1 Results and Discussion

Data is gathered using the UWB radar positioned 141 cm from the subject, then transformed
into spectrograms through signal processing. These spectrograms are subsequently inputted into
pre-trained DL models, and their performance is assessed on the acquired data. The parameter
settings for 6 DL models are given in Table 3.2. In all experiments, train and test sets are fixed,
i.e., 80/20 of the total data, respectively.

Table 4.2 provides a comprehensive view of the experimental outcomes from tests conducted
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Figure 4.2: Video Only Training and Accuracy Plots and Confusion Matrix

at a distance of 141 cm, presenting detailed metrics, i.e., precision, recall, F1 score, and accuracy.
All models performed well as microDoppler signature at 141 cm are more sensitive to hand
and head movements [121]. Further, four pre-trained DL models, i.e., GoogleNet, SqueezeNet,
VGG16, and VGG are applied for classification purposes and their confusion matrices are shown
in Fig 4.3 and 4.4 which are explained below:

GoogleNet The confusion matrix in Fig 4.3a reveals that GoogleNet correctly classifies the
majority of the expressions with near-perfect accuracy. However, the Cheerful class shows an
accuracy drop to 60%. This misclassification is likely due to its resemblance to Furious, Playful,
and Proud, as these expressions may share similar micro-Doppler patterns, leading to confusion
in classification.
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Table 4.2: Evaluation of pre-trained models

Model Precision Recall F1 Score Accuracy (%) 95% CI

GoogleNet 0.88 0.89 0.88 87.5 85.8–89.2
SqueezeNet 0.86 0.87 0.86 85.8 84.0–87.6
VGG16 0.90 0.94 0.92 94.2 92.5–96.0
VGG19 0.93 0.94 0.93 93.3 92.0–94.3

SqueezeNet Most of the activities are recognised with almost 100% accuracy except two
classes, i.e., Cheerful and Surprised as shown in Fig 4.3b. Class Cheerful is 0.8% confused
with class Playful 0.4% with Furious, Proud, and Surprised. Whereas the surprised class has a
0.8% resemblance with Playful and 0.4% with Sad, Shocking, and Worried. Overall, the lowest
accuracy is 66.7% for classes Cheerful and Surprised.

VGG16 The confusion matrix in Fig 4.4a demonstrates that VGG16 outperforms the other
models, achieving an overall accuracy of 94.2%. However, five expression classes (Cheerful,
Playful, Surprised, Thinking, and Worried) have relatively lower accuracy, with a minimum
recorded accuracy of 86.7

• Cheerful is misclassified with GoodIdea and Playful (0.4% confusion).

• Playful shows a 0.4% resemblance with Ashamed and Ok.

• Surprised is confused 0.4% of the time with Guilty and Playful.

• Thinking has a 0.4% similarity with Furious and Sad.

• Worried shares a 0.8% resemblance with Thinking.

The relatively high performance of VGG16 suggests that its deeper layers effectively capture
spatial and temporal features from the spectrograms. However, the misclassifications indicate
that some expressions exhibit highly overlapping motion cues, making them challenging to dis-
tinguish.
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(a) Confusion matrix of GoogleNet

(b) Confusion matrix of SqueezeNet

Figure 4.3: Confusion Matrices of GoogleNet and SqueezeNet49



(a) Confusion matrix of VGG16

(b) Confusion matrix of VGG19

Figure 4.4: Confusion Matrices of VGG16 and VGG19
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VGG19 As depicted in the confusion matrix (Fig 4.4b), VGG19 also achieves near-perfect
classification for most expression classes. However, Surprised is the only class with the lowest
accuracy at 73.3%, as it shares 0.8% similarity with Playful and 0.4% with Enormal. The re-
duced accuracy for the Surprised class could be due to its motion signature being similar to other
dynamic expressions such as Playful. The deeper architecture of VGG19 provides strong feature
extraction capabilities, but the minor performance degradation suggests that subtle expression
variations still pose a challenge.

4.3 Multimodal Sensing for Phrase Recognition in BSL

4.3.1 Results and Discussion

The performance results for the training, validation, and testing stages are shown in Table 4.3.
During training and validation, loss and accuracy were used to monitor how well the model was
learning over time. For testing, accuracy was chosen as the main performance measure because
it is easy to interpret and appropriate for balanced datasets. To give a more complete picture
of how the model performs, additional metrics were also included, such as precision, sensitivity
(recall), specificity, and F1-score. These extra metrics help explain how well the model correctly
identifies gestures, avoids false detections, and balances missed and incorrect predictions.

Table 4.3: Performance Metrics for Different Modalities.

Metric Radar Only Video Only MM
Training Loss 0.10 0.09 0.50
Training Accuracy 99% 93.6% 96.8%
Validation Loss 0.15 0.18 0.80
Validation Accuracy 95.4% 89.7% 93.5
Testing Precision 95.8% 90.8% 93.9
Testing Sensitivity 95.4% 89.7% 93.5
Testing Specificity 95.8% 90.8% 93.9
Testing F1 95.4% 89.7% 93.6
Testing Accuracy 95.4% 89.7% 93.5

To clearly understand the effectiveness of the MM model, it is important to first examine the
performance of each individual data source. For this reason, our framework begins with uni-
modal evaluation, where radar and video data are analysed separately to determine their inde-
pendent strengths and limitations. This step helps identify how much each modality contributes
to the recognition task before combining them. After completing the unimodal assessments,
we then evaluate the MM approach, which integrates both radar and video information to im-
prove overall performance. In total, three modelling configurations were explored in this study:
radar-only, video-only, and MM fusion.
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4.3.1.1 Radar Only

Training loss and accuracy for the radar-only model over 100 epochs are illustrated in Figure 4.5.
The training and validation accuracy curves rise steadily throughout training, with a noticeable
divergence beginning around epoch 60. By the final epoch, the model achieves approximately
97% training accuracy, while the validation accuracy stabilises near 90%. Similarly, both train-
ing and validation loss values decrease consistently, with training loss reaching approximately
0.15 and validation loss converging around 0.35. These learning curves indicate effective op-
timisation and good generalisation, with no major signs of overfitting. The smooth and grad-
ual reduction in loss, paired with consistently increasing accuracy, suggests that the radar-only
model successfully learns discriminative motion features associated with sign-language phrases.

Figure 4.5 shows the corresponding radar-only confusion matrix, normalized across 20 sign-
language classes. The matrix demonstrates strong classification performance, with most classes
achieving high true-positive rates. Several classes reach 100% accuracy, while many others ex-
ceed 89–94%, confirming reliable recognition across diverse gestures. A few classes, such as
Class 7 and Class 15, achieve approximately 83–89% accuracy, indicating occasional misclas-
sification. These errors are likely caused by similarities in the radar-based motion signatures
of certain sign-language phrases, particularly those with overlapping hand trajectories or subtle
variations in movement speed and direction. Despite these minor confusions, the dominant di-
agonal pattern in the matrix confirms that the radar-only model performs robustly and is capable
of accurately distinguishing complex phrase-level sign-language gestures using Doppler-based
motion information alone.

4.3.1.2 Video Only

Figure 4.6 shows that the video-only model converged within approximately 25 epochs, with
both training and validation curves demonstrating stable learning behavior. Training loss de-
creased to around 0.10, while validation loss reached approximately 0.18. Training accuracy
climbed to about 86%, and validation accuracy peaked near 90%, indicating that the model suc-
cessfully learned meaningful visual features without overfitting. Although small fluctuations
were observed in validation accuracy, these are expected in video-based sign recognition due
to factors such as lighting sensitivity, changes in background, camera angle differences, motion
blur during fast gestures, and natural variations in signer movement and hand orientation.

Figure 4.6 also presents the confusion matrix, revealing strong class-wise performance for
most signs, with several achieving 100% TP recognition. However, certain classes showed
lower accuracy, such as Class 18 with 61% and Class 20 with 72%, demonstrating noticeable
confusion with visually similar gestures. These misclassifications often occurred between signs
with overlapping hand shapes or subtle finger movements, which can be difficult for an RGB
camera to capture precisely, especially under poor lighting, rapid hand motion that introduces
blur, partial occlusion, or varying signer distance from the camera. Additionally, some gestures
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Figure 4.5: (a) Training and validation loss and accuracy and the confusion matrix for the radar
test datasets

involve slight depth or angle variations that are challenging to distinguish using 2D video alone.

4.3.1.3 Multi-Modal

Figure 4.7 presents the training and validation accuracy and loss of the MM model over the
training epochs. Both training and validation accuracy increase steadily, showing that the model
learns effectively as training progresses. By the final epochs, training accuracy reaches approx-
imately 97%, while validation accuracy reaches about 92–94%. The small difference between
these values indicates good generalization and no significant overfitting. At the same time, both
training and validation loss decrease smoothly from around 3.0 to approximately 0.5 and 0.8,
respectively. Minor fluctuations in the validation curves are expected and are mainly caused by
natural variations in MM data. Overall, these results confirm that the model converges stably
and learns meaningful features from the combined modalities.

Figure 4.7 shows the confusion matrix, which provides a detailed evaluation of class wise
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Figure 4.6: Training and validation loss and accuracy and the confusion matrix for the video test
datasets

performance. Most classes achieve high recognition rates, typically between 93% and 100%,
indicating strong and consistent classification performance. The strong diagonal pattern con-
firms that the model correctly predicts the majority of samples in each class. A small number
of classes, such as class 10 and class 14, show slightly lower accuracy (around 87%), with
errors mainly occurring between visually similar classes. These misclassifications are limited
and expected due to similarities in gesture shape or movement. Overall, the confusion matrix
demonstrates that the MM model performs reliably across all classes and achieves balanced and
robust recognition performance. The MM model achieves better performance by combining
radar and video data. Radar provides reliable motion and depth information that is robust to
lighting and background changes, while video captures detailed visual features such as hand
shape and orientation. Together, these complementary modalities allow the model to learn more
discriminative features. As a result, the MM model shows more stable training, higher accuracy,
lower loss, and clearer class separation.
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Figure 4.7: Training and validation loss and accuracy and the confusion matrix for the MM
dataset

4.4 Summary

This chapter presents the experimental results and performance analysis of the proposed radar-
only, video-only, and MM recognition systems. The results are evaluated using accuracy, loss
curves, and confusion matrices to assess classification performance across facial expressions,
hand and head movements, common ASL/BSL signs, and phrase-level sign language recogni-
tion. A detailed comparison of the different approaches is provided to highlight their strengths
and limitations. The findings discussed in this chapter form the basis for the conclusions and
future research directions presented in the next chapter.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

The main purpose of this thesis is to propose the concept of future MM hearing aid devices based
on RF sensing capable of bridging communication between deaf communities and hearing indi-
viduals through the application of DL techniques. This research contributes to the development
of contactless and privacy-preserving assistive systems designed to recognise non-verbal com-
munication, i.e., hand gestures, facial expressions, head movements, and sign language phrases,
by combining radar and camera-based sensing into a unified MM framework.

The thesis also provides an overview of existing technologies used to assist individuals with
hearing impairments, focusing on both contact-based and contactless approaches. Contact-based
methods, including wearable sensors, have shown high recognition accuracy but also present
limitations such as discomfort, limited battery life, and the possibility of users forgetting to
wear them consistently. These issues can reduce the long-term practicality and usability of such
systems, particularly for individuals with cognitive challenges, who may struggle to maintain
consistent use of wearable devices. Therefore, there is a growing demand for contactless meth-
ods that offer greater comfort, convenience, and reliability.

Contactless approaches; such as camera, radar technologies represent the next-generation
of assistive systems. Camera-based systems are effective for recognising lip movements, sign
language, head gestures, and facial expressions. However, their use raises privacy concerns, as
continuous video recording may be perceived as intrusive or legally sensitive in certain regions.

RF sensing has effectively resolved several of the challenges faced by previous methods.
In radar-based frameworks, Doppler shift spectrograms are used to represent subtle micro-
movements, which are processed and classified through DL architectures. The extracted features
are then interpreted using ML models to recognise detailed gestures and facial expressions.

To support the Deaf and hard-of-hearing community, this thesis presents a proof-of-concept
MM monitoring system using RF signals to detect and interpret micro-movements associated
with verbal and non-verbal communication. The research demonstrates how ML and DL models
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can identify RF signal patterns that correspond to specific gestures and expressions. Multiple
ML and DL architectures were tested and analysed for accuracy, efficiency, and adaptability,
ensuring that the proposed system meets the practical requirements for real-world hearing aid
applications.

The experiments were carried out in three main stages. The first stage demonstrated that
radar sensing could successfully recognise facial expressions and movements of the head and
hands. DL models such as VGG16 and GoogLeNet achieved high accuracy, confirming that
radar can detect detailed human motions without visual input. The second stage compared
radar-only and video-only systems for recognising common ASL and BSL gestures, showing
that radar performs better in low-light and noisy conditions, while video provides strong visual
information. The final stage combined both modalities for phrase-level recognition in BSL.
The fusion of radar and video data significantly improved recognition accuracy, robustness, and
performance across diverse environments.

This progression proves that RF signals can effectively detect and classify human micro-
movements such as lip, hand, head, and facial gestures. The integration of ML and DL tech-
niques ensures precise classification, establishing a solid foundation for the future development
of MM hearing aid devices. The findings confirm that RF-based multimodal sensing can serve as
a powerful communication bridge between Deaf and hearing individuals, offering a contactless,
intelligent, and privacy-preserving solution.

In summary, this thesis highlights the potential of advanced MM assistive technology in im-
proving both verbal and non-verbal communication within the Deaf community. By introducing
an innovative RF-based sensing framework supported by ML and DL models, this work sets
the foundation for next-generation hearing aids that are intelligent, adaptable, and user-friendly.
The research demonstrates how RF-based MM hearing aids can outperform traditional wear-
able and vision-based technologies, offering new possibilities for inclusive communication. It
marks an important step towards the development of assistive devices that enhance accessibility,
independence, and quality of life for Deaf and hard-of-hearing individuals.

5.2 Limitation

There are some limitations in RF sensing-based technology, which are described in the following
points.

• Limited Amount of Data: The accuracy of RF sensing systems depends on the amount
and variety of data collected. When the number of participants or data samples is small,
it can reduce how well the ML or DL models perform in new situations. Collecting a
larger and more diverse dataset with different users, gestures, and environments will help
improve the reliability of the system.
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• Regulatory Constraints: The use of RF sensors is controlled by national and interna-
tional regulations that limit the power of transmission and the frequency bands that can be
used. These restrictions can sometimes limit how the system is designed or where it can
be deployed, especially in countries with strict wireless communication rules. Following
these regulations is important to ensure safe and legal operation.

• Susceptibility to Interference: RF sensing devices can be affected by interference from
other wireless systems that operate on similar frequencies. This interference can reduce
the quality of the data collected and may affect the accuracy of the system. To mini-
mize these effects, it is important to apply good signal filtering, frequency control, and
environmental adjustments during operation.

5.3 Future Work

In future, several areas will be further developed to improve the performance and real-world use
of the proposed system.

• Diverse Environmental Data Collection: In future, the development of MM hearing
aid devices can be further enhanced through broader environmental data collection. Ex-
panding the dataset to include a variety of positions, orientations, and user interactions
will strengthen the adaptability of the system across diverse conditions. Data gathered
under varying lighting, background, and acoustic settings will enable future MM hearing
aids to perform effectively in both indoor and outdoor environments, supporting reliable
recognition of gestures and sign language in real-world scenarios.

• Advanced Signal Processing and Noise Reduction: Future research will focus on refin-
ing signal processing techniques to enhance the clarity and precision of RF data. Applying
advanced filtering and adaptive noise reduction algorithms will improve feature extraction
and classification accuracy. Enhanced signal processing will ensure that RF-based sensing
remains consistent and efficient across different spatial arrangements and environmental
conditions.

• Integration of Practical RF Technologies: The next phase of research will explore the
use of real Wi-Fi–based RF sensing to support cost-effective and scalable system devel-
opment. Utilising Wi-Fi CSI can provide a practical alternative for continuous and con-
tactless activity detection. The implementation of low-cost embedded platforms, such as
Raspberry Pi and other microcontroller-based systems, will enable efficient data capture
and real-time processing, facilitating smooth integration into future hearing aid proto-
types.
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• Optimisation of Deep Learning Models: Further studies will focus on optimizing DL
models to enhance recognition accuracy and real-time performance. Advanced architec-
tures such as transformer and attention-based fusion models will be explored to effectively
combine radar and video modalities. Additionally, model compression and quantization
techniques will be employed to improve computational efficiency and enable deployment
on lightweight embedded devices suitable for wearable applications.

• Towards Real-Time Multimodal Hearing Aid Systems: In future, the integration of
radar, Wi-Fi, and visual modalities will lead to the creation of intelligent, real-time MM
hearing aid systems. These advanced devices will combine high-speed data processing
with robust DL models to provide seamless recognition of gestures and sign language. The
successful implementation of this vision will contribute significantly to next-generation
assistive technologies that enhance communication, inclusivity, and independence for the
Deaf and hard-of-hearing community.
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