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Abstract

Video cameras are widely used for gait-based surveillance systems. However,
they raise privacy concerns in sensitive environments such as private homes or
restricted areas. As a result, radar-based methods are being explored as a privacy-
preserving alternative. These methods are particularly promising with the emer-
gence of high-resolution radar sensors capable of operating effectively in indoor
conditions.

This thesis investigates a classification pipeline that uses radar-based gait data to
identify different walking patterns relevant to surveillance scenarios. The input
data is preprocessed into radar RGB spectrograms of standardized size and fed
into a Convolutional Neural Network (CNN) architecture. Three classes are con-
sidered: walking, walking with hands in pockets, and walking while carrying a box.
Multiple CNN architectures were explored and optimized, including experiments
with different input channels, convolutional depths, and pooling methods. The
performance of the trained models is evaluated using separate training, validation,
and test datasets.

The final model achieved high validation accuracy but showed a drop in test per-
formance, suggesting signs of overfitting. Results indicate that while CNN-based
classification is feasible for real-world gait analysis from radar data, careful atten-
tion must be paid to model complexity and dataset quality to improve generaliz-
ability.
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Popular Science Summary

In this thesis, a radar-based gait classification system was developed
to distinguish subtle arm movements between different walking pat-
terns relevant to surveillance and security. Using machine learning
techniques and range-Doppler signatures, the system identifies motion
behaviors such as walking, carrying, and concealing actions. Exploring
the challenges of real-world gait recognition, from data collection to
classification accuracy, and proposes an approach that is both robust
and adaptable to varied operational environments.

The work involved collecting radar data using a synchronized camera-radar setup
to capture real human motion sequences. Each frame will then be processed
into range-Doppler images—frequency-distance representations that encode the
dynamic features of body movement. Convolutional neural network (CNN) archi-
tectures were designed and trained on these images in a sliding-window fashion
to automatically extract features and classify the gait type. The networks were
tuned using different preprocessing strategies, architectural variants, and perfor-
mance metrics to achieve robust classification accuracy.

One of the most interesting findings was the sensitivity of classification perfor-
mance to noisy transitional frames. After removing these and optimizing the CNN
structure, the model achieved improved reliability and interpretability. Suggesting
that, when processed correctly, the radar data carry enough distinctive features to
differentiate these slight variations between gait types. Results also show that the
CNN models performed well with acceptable accuracy given the small amount of
self-collected data in limited time.

The thesis addresses a growing need in modern surveillance systems: the ability to
detect and respond to specific human behaviors without relying on cameras, which
often raise privacy concerns. Traditional vision-based methods, while powerful,
may be unsuitable in low-light or occluded environments and can be intrusive.
Radar-based approaches, in contrast, are anonymous, robust to lighting conditions,
and can operate unobtrusively in both indoor and outdoor settings. By focusing
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on behavior rather than identity, this method supports ethical monitoring while
preserving individual privacy.

The relevance of this work lies in its potential to enable intelligent, context-aware
surveillance systems that can flag unusual activity without human oversight. In
environments such as airports, border checkpoints, or secure facilities, early detec-
tion of abnormal motion—such as concealed carrying or hesitant movement—can
enhance response times and prevent incidents before they escalate.

Beyond security, the system can be adapted for healthcare monitoring, such as
mobility issues in elderly patients, where privacy and non-intrusiveness are also key.
The modular design of the pipeline allows for future extension to more complex
actions or integration with other sensors.

Overall, this thesis contributes to the growing field of radar-based human activ-
ity recognition and presents a framework that balances technical feasibility with
ethical awareness.
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Chapter ].

Introduction

1.1 Background

Human gait analysis has long been a subject of interest due to its numerous ap-
plications in security surveillance and biomedical domains [1]. In the computer
vision community gait recognition techniques have made significant progress but
they often face challenges under real-world conditions. Factors such as varying
lighting, changing camera viewpoints and occlusions can degrade the performance
of vision-based gait recognition systems [2]. Moreover video-based approaches may
raise privacy concerns since they capture identifiable visual information of individ-
uals. These limitations motivate the exploration of alternative sensing capabilities
for gait classification.

Radar-based gait classification has emerged as a compelling complementary ap-
proach to vision. Radars are largely insensitive to lighting and weather conditions
and can even penetrate certain occlusions (like clothing) allowing operation in
scenarios where optical systems would fail [1]. A radar system transmits elec-
tromagnetic waves and analyzes the returned signals to infer target motion. In
particular, the Doppler effect is used to measure the velocity of a moving object
by the frequency shift of the reflected waves |1]. For a walking person, which is a
multi-jointed target, different body parts (legs, arms, etc.) introduce additional,
smaller Doppler frequency modulations around the main body Doppler frequency.
These modulations produce sideband frequencies known as micro-Doppler signa-
tures [1].

A micro-Doppler signature encapsulates the characteristic movements of various
limbs; for example, the swinging of arms and legs induces distinct time-varying
frequency patterns in the radar return. By capturing a person’s micro-Doppler
signature, a radar can obtain a sort of fingerprint of the gait dynamics.

Modern radar hardware makes it feasible to record these signatures at high reso-
lution. In this work, we use a Texas Instruments IWR6843A0OP millimeter-wave
radar, which is a Frequency-Modulated Continuous Wave (FMCW) radar sen-
sor. FMCW radars transmit periodic chirped signals and measure the frequency
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difference between transmitted and received signals over time. This enables the
simultaneous estimation of target range (distance) and radial velocity.

The core problem addressed in this thesis is the difficulty of accurately classify-
ing human walking styles using radar data, especially when dealing with limited
resolution and noisy environments. While radar spectrograms provide detailed
representations of motion, including both Doppler and micro-Doppler signatures,
many existing approaches either do not fully utilize this information or fail to
generalize across different walking patterns.

To address this, we use a Texas Instruments IWR6843A0OP millimeter-wave radar
to collect high-resolution time—Doppler data from multiple walking styles. The
goal is to extract meaningful representations that enable reliable classification of
normal walking, walking with hands in pockets and walking while carrying objects.
Our method involves generating 3-channel Doppler spectrograms by segmenting
the signal into upper, central and lower regions, then training convolutional neural
networks (CNNs) to classify the resulting spectrograms.

Recent advances in deep learning have significantly influenced radar signal classi-
fication, including gait recognition. Instead of manually crafting features, modern
approaches leverage convolutional neural networks (CNNs) to automatically learn
features from the radar spectrogram data. Kim and Moon [3] were among the first
to introduce deep learning for human micro-Doppler analysis, using a deep CNN
directly on raw micro-Doppler spectrograms. Their method achieved high accu-
racy (around 90.9% for classifying multiple human activities) without the need
for explicit feature extraction, as the network learned the distinguishing patterns
from the spectrogram images themselves.

This demonstrated the power of image-based learning in radar applications: the
same deep learning architectures successful in computer vision could be repurposed
for classifying human motions via radar. Subsequent works have extended this idea
to more challenging tasks like identifying individual persons by their gait. For
example, Papanastasiou et al. [2] investigated radar-based gait biometrics — using
a person’s walking micro-Doppler signature as a unique identifier. By training
deep learning models (including CNNs on time-frequency representations), they
showed that subtle gait differences between individuals can be recognized by a
radar system, achieving over 93% identification accuracy on a test with 22 subjects.
Such results confirm that human gait carries distinctive signatures in radar data
that can be learned and exploited by modern algorithms.

These developments in radar sensing and learning algorithms form the backdrop
and motivation for our work. High-resolution mmWave radar sensors (like the
TI IWR6843A0P) offer the possibility of capturing fine-grained gait dynamics
and image-based deep learning models provide a powerful tool to classify those
dynamics. In this thesis, we aim to combine these technologies to perform robust
human gait classification. We are also interested in how reduced radar resolution
might retain the separability of gait patterns.
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1.2 Purpose

The main objective of this thesis is to develop and evaluate a radar-based gait
classification system that leverages high-resolution radar sensing and image-based
machine learning. We focus on the TI IWR6843A0OP FMCW radar as our sensing
platform and convolutional neural network models for classification. In particular,
we intend to:

e Capture and exploit high-resolution radar data for gait classification. This
involves configuring the radar to its high-resolution modes and developing a
signal processing pipeline to produce time-frequency spectrograms of walk-
ing targets. By doing so, we aim to capture subtle motion features (e.g.,
leg swing velocity profiles, arm movement patterns) that lower-resolution
systems might miss.

e Apply image-based deep learning for gait classification. We plan to design
or adapt a deep learning model (such as a CNN) that takes the radar spec-
trogram as input and classifies the gait. The classification task encompasses
categorizing the gait type/condition (e.g., normal vs. carrying object). The
key objective is to let the model learn discriminative features from the radar
images, rather than relying on manual feature engineering.

The research question we aim to answer is:

e How accurately can a high-resolution mmWave radar sensor classify human
gait patterns using image-based deep learning techniques?

We make the following contributions:

e Data was collected using the TT IWR6843AOP radar under diverse environ-
mental conditions.

e A processing pipeline was developed to extract and structure micro-Doppler
spectrograms building on existing methods while adapting them to our
range-region segmentation approach.

e An RGB spectrogram input was constructed by segmenting the micro-
Doppler image into upper, central and lower Doppler regions.

¢ A convolutional neural network was trained to classify three gait types using
the segmented spectrogram input.

1.3 Related Work
1.3.1 Vision and Inertial Methods

Human gait classification has been traditionally approached through vision-based
systems and wearable inertial sensors. Vision-based methods rely on video se-
quences to capture the motion patterns of individuals. Techniques such as sil-
houette extraction |4], optical flow analysis and model-based pose estimation have
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been widely used. Although successful in controlled settings, vision-based systems
often face challenges in varying lighting conditions, occlusions, and background
clutter. Furthermore, they raise privacy concerns as they capture identifiable im-
ages of individuals [46].

Wearable inertial sensors [7], such as accelerometers and gyroscopes, have also
been employed to capture gait dynamics. These systems provide reliable data
independent of environmental lighting but require individuals to carry or wear de-
vices, which limits their applicability in public or non-cooperative settings. Given
these limitations, there has been growing interest in contactless sensing modalities,
with radar emerging as a promising alternative for human gait analysis.

1.3.2 Radar-Based Gait Recognition

Tivive et al. [1] demonstrated that Doppler spectrograms could be used to dis-
tinguish between different arm motions during walking. Their method relied on
image processing techniques to extract statistical and structural features from
time-frequency representations of the radar returns.

With the advancement of machine learning, researchers shifted towards using
data-driven approaches. Kim and Moon [3] were among the first to apply deep
convolutional neural networks (CNNs) directly to radar micro-Doppler spectro-
grams, bypassing the need for manual feature extraction. Their results highlighted
that CNNs could effectively learn discriminative features from raw spectrograms,
achieving high classification performance.

Subsequent works explored radar-based person identification. Papanastasiou et
al. [2] trained CNNs on spectrograms to recognize individuals based on their unique
walking patterns. Other studies, such as those by Gokaraju et al. [8], extended
radar classification to broader domains like distinguishing humans from birds using
micro-Doppler signatures.

1.3.3 Spectrogram-Based Human Activity Classification

Spectrograms provide a compact and informative representation of radar returns,
mapping time against Doppler frequency shifts. Human walking activities gener-
ate characteristic micro-Doppler patterns: the torso typically induces a dominant,
relatively stable Doppler shift, while swinging arms and legs create periodic side-
bands.

Many early works treated the spectrogram as a grayscale image input to ma-
chine learning models. For instance, Kim and Moon [3] successfully applied
CNNs on grayscale spectrograms without additional segmentation. Other re-
searchers [1}|9,[10] experimented with handcrafted feature extraction from spectro-
grams, such as dominant frequency tracking or energy-based statistics, to classify
activities.
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1.3.4 Machine Learning Approaches in Radar Signals

Traditional radar signal classification methods relied heavily on manual feature
design. Typical features included mean and variance of Doppler frequencies, en-
ergy distributionsand duration of micro-Doppler events. While these methods
offered interpretability, they often required extensive domain knowledge and did
not generalize well to new datasets.

The introduction of deep learning, particularly CNNs, changed the landscape. In-
stead of manually designing features, models could learn hierarchical feature rep-
resentations directly from raw or minimally processed spectrogram data. Kim and
Moon [3] achieved over 90% accuracy on human activity classification using deep
CNNs. Later works expanded on this success by exploring deeper architectures
and hybrid models.

Despite these advances, many studies either focus on broad activity categories
(e.g., walking, sitting, running) or on individual identification. There remains
relatively limited work specifically addressing subtle variations in gait style under
diverse environmental conditions.

1.3.5 Limitations of Prior Studies and Our Focus

A review of prior works reveals several common limitations:

e Many studies collect data under often limited environmental variation and
subject diversity.

o Most radar-based classification research either categorizes broad activities or
identifies individuals, rather than recognizing nuanced differences between
gait styles.

e Spectrograms are often used as raw grayscale images without structured
segmentation to highlight different motion parts.

e The role of range resolution in micro-Doppler pattern clarity and classifica-
tion accuracy is underexplored.

Our work is designed to address these gaps. We construct a dataset involving five
participants walking under different environmental conditions, capturing diverse
radar returns. Our target is gait type classification, not person identification. We
preprocess spectrograms to explicitly encode upper, central and lower Doppler mo-
tion beginning the investigation into the effects of radar range resolution, laying
the groundwork for future real-time, high-performance radar-based gait recogni-
tion systems.
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Chapter 2

Theory

2.1 Radar

Radio Detection and Ranging (Radar) is a technology that uses radio waves to
detect and track objects in various environments. It works by transmitting radio
waves, which reflect off targets and return to a receiver. This process makes it
possible to calculate the range, velocity, and angle of an object [111[12].

Radar has widespread applications, such as air traffic control, military defense, au-
tomotive collision avoidance, and weather monitoring. Its ability to operate in di-
verse conditions, for example, low visibility or in rain, makes it a robust alternative
to video cameras. In this thesis, we use Frequency Modulated Continuous Wave
(FMCW) radar to extract motion characteristics of walking individuals.

2.1.1 FMCW Radar

An FMCW radar transmits a signal called a chirp. A chirp is a sinusoidal wave
whose frequency increases (or decreases) linearly with time, as shown in Fig
The rate of frequency change is called the slope S and the total frequency span is
the bandwidth B.

FMCW radar captures the reflections of these chirps from objects and by com-
paring the transmitted and received signals, the system can estimate the distance
and motion.

2.1.2 Range

The round-trip time is denoted as 7, distance between the object and radar is d.
As shown in Fig 2:2] when the frequency changes with slope S and the speed of
light is denoted as ¢, 3 x 103m/s, we have the frequency F that an object produces

as
F:S-T:S-? (2.1)
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Amplitude

Chirp in time domain

Chirp in frequency domain

Frequency

<4

Figure 2.1: Linear frequency chirp in time and frequency domains.
S, B, T, denotes slope, bandwidth and the duration of the

signal respectively.

TX and RX Chirps with Delay

—— TX Chirp
=== RX Chirp

Frequency (Hz)

Figure 2.2: Radar transmitter and receiver delay in time. 7 denotes

the round-trip time.

Time (s)
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Let T, denote the duration of the signal. Then for two objects to show up as
distinct peaks, their frequency difference A f, must fulfill the condition that

Af>1/T, (2.2)

Substituting these two equations, we have that

2d 1
e 2.3
> 7 (2.3)

S
With the slope S = B/T,, where B is the bandwidth, and rearranging, we have

that the range resolution

c c
dres > FTC =958 (2.4)

2.1.3 Velocity

For moving objects, velocity causes a Doppler frequency shift Af,. The radial
velocity v, is computed as:
_ Af’u A
vr=—
where A is the wavelength of the transmitted signal. Multiple chirps are needed
for Doppler estimation [12].

(2.5)

2.1.4 Fast Fourier Transform

The Fast Fourier Transform (FFT) is a computational method used to convert sig-
nals from the time domain into the frequency domain. In radar signal processing,
FFTs are applied along multiple dimensions to resolve information about distance,
motion, and spatial direction.

Each radar chirp is sampled over time by an analog-to-digital converter (ADC),
which converts the continuous-time reflected signal into discrete digital values.
These samples are known as ADC samples, and they form what is referred to as the
fast time axis. Performing a 1D FFT along this axis provides range information,
allowing us to estimate how far objects are from the radar.

The radar also sends out a sequence of chirps over time. The phase shift between
these consecutive chirps is analyzed using a second FFT applied along what is
called the slow time axis. This resolves the Doppler frequency, which corresponds
to the radial velocity of the moving object.

Lastly, the radar captures signals using multiple receiving antennas. Applying
FFT across these channels enables estimation of the angle of arrival (AoA). While
AoA is not used in our classification pipeline, this dimension completes the three-
dimensional data cube.

These three dimensions form a 3D range-Doppler—antenna cube with shape:

ADC samples (fast time) X chirps (slow time) X antennas (channels)



10 Theory

In our system, all FFT operations are performed internally by the radar hardware.
The radar outputs amplitude images—2D slices of the data cube representing
Doppler vs. range intensity at a given frame. These are saved as Python .pkl
(pickle) files.

A .pkl file is a serialized Python object file. In our case, it contains the amplitude
data as a NumPy array along with associated metadata. Using pickle files makes
it easy to load the processed spectrogram frames into Python for further handling,
such as thresholding, slicing, and classification.

2.2 Artificial Neural Networks

Artificial Neural Networks (ANNs) are a class of models that learn a mapping
between inputs and outputs by composing layers of weighted linear transformations
followed by nonlinear activation functions [13]. These models are inspired by
simplified representations of neurons and synapses, but are primarily used for
their empirical performance rather than biological plausibility.

An ANN typically consists of an input layer, one or more hidden layers, and an
output layer. Each layer contains a set of units (neurons), where each unit com-
putes a weighted sum of its input, adds a bias term, and passes the result through
an activation function. This transformation produces a new representation of the
data, often called an embedding.

For classification tasks, the most commonly used activation functions are the Rec-
tified Linear Unit (ReLU) for hidden layers and the softmax function for the output
layer. These are defined as follows:

ReLU(z) = max(0, x) (2.6)

evi
Softmax(z;) = =—— (2.7)
Zj €%

In the ReLU function, x is the input to a neuron, and the function outputs either
0 or x, whichever is greater. This introduces non-linearity while keeping compu-
tations efficient and simple.

In the softmax function, x; refers to the i-th element of the input vector x, which
contains the raw output scores (logits) from the last layer of the neural network.
The softmax normalizes these values into a probability distribution across all
classes, where each output lies between 0 and 1 and the sum across all outputs
equals 1.

The model is trained using gradient descent to minimize a loss function. For
multi-class classification, the categorical cross-entropy loss is used. It is defined
as:
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Input Layer Hidden Layer Output Layer

Figure 2.3: lllustration of a simple feedforward neural network with
one hidden layer.

L=- Z yi log(9:) (2.8)

Here, y; is the true label for class i, expressed as a one-hot encoded vector, where
the correct class has value 1 and all others have value 0. The term ¢; represents
the predicted probability for class i, as output by the softmax function. The
loss function measures the dissimilarity between the true and predicted distri-
butions. Lower values indicate better alignment between prediction and ground
truth.

Figure shows a simple example of a feedforward neural network (also known
as a perceptron), consisting of an input layer, a hidden layer, and an output layer,
where each layer is fully connected to the next.

2.3 Convolutional Neural Network(CNN)

Convolutional Neural Network (CNN) is a class of deep learning models designed
primarily for analyzing spatial relations, making it especially effective for image
analysis tasks. It is also known for its shift invariant specialty, based on the
shared-weight architecture of the convolution kernels or filters that slide along
input features. Thus, it is widely used in fields such as computer vision, medical
imaging and object recognition.

The key to its success in analyzing spatial data lies in the multiple convolutional
layers it has and the feature detection ability. For example, the first layer can
detect edges, textures and shapes. While further layers learn more complex and
abstract representations of the image.

This is based on convolution,
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Figure 2.4: Image after using different kernels. EyeQ
Tech (2018, Sep 20) Convolutional Neural Network (CNN)
overview. https://www.medium.com/@eyeq/convolutional-
neural-network-cnn-overview-33026f15dd28

H[m] = (I x K)[m] :ZK[m—n]I[n]

n

The convolution can, of course, be multi-dimensional. If the input [ is a vector
itself (perhaps representing an RGB image), then the kernel (filter) K is a matrix,
creating a new vector H as the convolution result.

However, in deep learning, the kernels in the convolution are not reversed. So,
essentially, is cross-correlation

Rig[m] = Z K[m + n|I[n]

With CNN’s advantages in exploring spatial relations, we still need to consider its
lack of explicit temporal awareness. Since a CNN operates independently on each
input (e.g., a single image) at a time, meaning that it does not have an inherent
mechanism to track temporal relations over time, in our case, like joint positions or
step sequences, which are closely related to what we want to investigate. Therefore,
a CNN model with a modified structure for a better fit to temporal data should
be considered.

2.3.1 Convolution Kernels

A convolution kernel, also known as a filter, is a small matrix that slides over
the input image and performs element-wise multiplication, summing the results
to produce a single value in the output feature map. Fig. is an example of
applying various filters to an image.
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Figure 2.5: 5x5 image and the filter (yellow) is 3x3. Moving the
filter throughout the image, with stride = 1 and no extra border
pixels padded, will produce a 3x3 filtered images (green).

To emphasize, we do not need to consider which filter we will use for the CNN,
as this is part of the CNN training, where the filters are initialized with random
values at first and then further tuned by back-propagation.

The filter is a square matrix (M x M), where the size M depends on the input
image’s shape and architecture of the network. Filters move in a certain way,
starting from the top left corner of the input image and move left to right, top to
bottom in a sliding-window fashion, as shown in Fig. 2.5

2.3.2 Pooling

Pooling is a downsampling operation used in convolutional neural networks (CNNs)
to reduce the spatial resolution of feature maps while preserving the most impor-
tant information. The most commonly used pooling method is max pooling,
which operates by dividing the input feature map into non-overlapping (or some-
times overlapping) rectangular regions and retaining only the maximum value from
each region.

This process serves several purposes. First, it significantly reduces the number of
parameters and computations in the network, leading to lower memory usage and
faster training. Second, pooling introduces a level of spatial invariance, meaning
that small translations or shifts in the input (such as a feature moving slightly to
the left or right) do not drastically affect the pooled output. This improves the
model’s robustness to variations in the input data. Finally, by eliminating less
dominant activations, pooling helps prevent overfitting and encourages the model
to learn more generalized representations [13].

While max pooling is widely used, other pooling strategies also exist, such as aver-
age pooling (which computes the mean of each region) and global pooling (which
condenses an entire feature map to a single value). However, for most computer
vision tasks, max pooling remains the default due to its ability to preserve the
strongest activations, which often correspond to the most relevant features.

2.3.3 Residual Networks (ResNet)

Residual networks introduce shortcut connections that skip one or more layers, al-
lowing the network to learn residual mappings instead of directly learning complex
functions. This helps address the vanishing gradient problem in deeper architec-
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tures and improves training stability. A residual block typically adds the input
of a layer to its output before applying the activation function. Residual connec-
tions have been shown to improve performance in image classification tasks and
are increasingly used in radar-based activity recognition [14].

2.3.4 Attention Mechanisms

Attention modules help neural networks focus on the most informative parts of
the input by assigning weights to different channels or spatial locations. In convo-
lutional networks, attention mechanisms like the Convolutional Block Attention
Module (CBAM) apply both channel attention and spatial attention sequentially,
enhancing the representational power of the model. These mechanisms can help
radar-based models distinguish between subtle differences in human motion by
emphasizing important features and suppressing irrelevant ones [15].



Chapter 3

Data

3.1 Overview

This project uses high-resolution radar data collected using the Texas Instruments
IWR6843A0P FMCW radar sensor. The goal is to classify human gait into three
distinct categories:

o Walking normally (baseline)
o Walking with hands in pockets

o Walking while carrying an object

The dataset was designed to capture subtle differences in upper and lower body
motion patterns. Radar was chosen because of its robustness to lighting conditions
and ability to preserve privacy while capturing micro-motion details [16].

3.2 Radar Setup

The radar used in this project was the Texas Instruments IWR6843A0OP, a mmWave
FMCW radar equipped with 3 transmitting (TX) and 4 receiving (RX) antennas.
Key configuration parameters of the radar are summarized in Table It was
mounted on a tripod approximately 2.0 meter above the ground and tilted down-
ward at approximately 15 degrees from the horizontal axis, allowing the radar
to better capture motion across the walking path. It stayed fixed during all ses-
sions.

A large industrial camera was mounted in approximately the same position as
the radar. Its purpose was not for input to the model but to allow visual con-
firmation of radar readings during later labeling. It provided synchronized visual
footage alongside the radar amplitude images, helping us remember what class
was recorded in hindsight.

15
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Table 3.1: TI IWR6843A0P Radar Configuration

Parameter Value

Model IWR6843A0P (3 TX, 4 RX)
Chirps per Frame 228 (per TX), total 684

ADC Samples per Chirp 304

Bandwidth 2 GHz (61.25 — 63.25 GHz)
Chirp Duration 35.611 s

ADC Sampling Rate 10 MHz
Turn Point Turn Point Turn Point

A

Right Diagonal Left Diagonal

Figure 3.1: Diagram of walking paths used for each session. Paths
include center, left-diagonal (crossing to top-right)and right-
diagonal (crossing to top-left), each with labeled turn points.

3.3 Recording Setup

Radar data was collected indoors and outdoors, including office corridors, empty
rooms, and a tunnel outside. Each session began with careful alignment of the
radar field of view and defined walking paths. The subjects walked in three direc-
tions: straight toward the radar, diagonally from the right, and diagonally from
the left. From each start point, the subject walked forward for about 12 steps
(around 10 — 12 meters), then turned and walked back. This forward-backward
motion was repeated 5 times per session. The walking paths are illustrated in
Figure

There were markers on the floor to guide step lengths and turn-around points.
In most recordings, two participants were recorded taking turns after one other
between each of the classes. They walked naturally, without being told how fast
to go or how to behave.

Each session lasted about 15 minutes. Some sessions had two people alternating,
and each person performed all three classes: normal walk, walk with hands in
pockets, and walk while carrying.
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tennas

Chirps (Doppler)

ADC samples (Range)

Figure 3.2: lllustration of raw radar data cube with dimensions:
ADC samples (fast time), chirps (slow time) and receiving an-
tennas.

3.4 Raw Data Collection

The radar system was operated in CHIRPS mode, where each transmit antenna
sequentially sends multiple chirps per frame. This configuration enables the con-
struction of a higher-resolution data cube by combining multiple chirp returns
across all transmitter-receiver antenna pairs. More details about CHIRPS mode
and related acquisition settings can be found in the Texas Instruments IWR6843A0P
datasheet [17]. Each frame contains 684 chirps and 304 ADC samples per chirp,
forming a 3D data cube (ADC samples x chirps x receiver channels).

3.4.1 Raw Frame-Level Statistics

Before applying any preprocessing, we analyzed the raw radar frame data to un-
derstand its structure and limitations. Each frame contains a number of detected
objects, with associated radial velocities, signal-to-noise ratios (SNR), and Doppler
bin indices.

The average velocity in each frame was computed as a simple arithmetic mean
of the radial velocities provided in the radar’s object_list. No weighting was
applied. These velocities are calculated by the radar based on Doppler shifts. SNR,
values were also taken directly from the radar output and represent the signal-to-
noise ratio per detection, estimated internally by the device.

Figure shows the variation in average velocity across frames. Transitions be-
tween motion states are visible, along with unstable regions likely caused by low
detection counts or turning.

Figure shows that the velocity data is multimodal, with peaks near zero and
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Figure 3.3: Average velocity per frame over time (raw data).
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Figure 3.4: Velocity distribution in raw frames.

+2.5 m/s, consistent with back-and-forth walking. The boxplot confirms that
frames with very few points produce unstable velocity estimates. Based on this,
we later filtered out low-point frames during preprocessing.

While Doppler bin indices were also available, we relied on the radar-provided
velocity values directly, as they are already resolved and more interpretable.

These statistics motivated the first steps of our pipeline, including frame filtering
by detection count and later separation of steady-state versus transitional mo-
tion.

3.5 Radar Processing Pipeline

The radar system performs all primary signal processing steps internally. Specifi-
cally, it applies range and Doppler FFTs to extract distance and velocity informa-
tion, then stores the amplitude images in .pkl files. These pre-processed frames
were the starting point for this project.

3.6 Spectrogram Generation and RGB Encoding

Each resulting amplitude image is initially a Range-Doppler frame, where:
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o The vertical axis represents Doppler velocity (i.e., radial motion).
e The horizontal axis represents range (i.e., distance from the radar).

o Brightness indicates the intensity of radar reflections (i.e., how strongly a
target reflects the signal at a specific range and Doppler bin).

To capture motion over time, we construct spectrograms by extracting Doppler
profiles from each frame (typically by selecting the range bins with higher reflec-
tions) and stacking these profiles across consecutive frames. This forms a Doppler-
time representation, where:

e The vertical axis represents Doppler velocity (as before).
e The horizontal axis now represents time.

o Brightness continues to indicate the strength of radar reflections at each
Doppler bin over time.

The sliding window approach involves grouping a fixed number of consecutive
frames into a single spectrogram slice. In our case, we use a window length of
50 frames, with a step size of 5 between windows. This means each spectrogram
covers a temporal span of approximately 5 seconds, assuming a frame rate of 10
frames per second. The window captures short sequences of motion, allowing the
network to learn local temporal features while maintaining a manageable input
size. A longer window would capture more of the walking sequence but reduce the
number of training samples, while a shorter window would yield more samples at
the cost of losing temporal context.

To improve feature separation, we performed slicing on the Range-Doppler images
before spectrogram construction. We focused on a narrow Doppler region of in-
terest— around 10 bins with the strongest reflections—and divided it vertically
along the range axis into three segments:

o Higher range bins (upper region)

e Mid-range bins (central region)

o Lower range bins (lower region)
These segments were averaged and stacked to form an RGB-style input. This
structure helped preserve subtle variations across the range dimension while keep-
ing the input compact. Figure 3.5] illustrates the full spectrogram pre-processing

pipeline, showing how the Doppler range is divided and mapped to RGB chan-
nels.

3.7 Dataset Construction

The processed spectrogram slices were organized into three labeled classes stored in
directory-based format for image classification. Each image slice has shape (200 x
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(a) Spectrogram section highlighting higher Doppler range to be
mapped to the red channel.

(b) Spectrogram section corresponding to central Doppler values to
be mapped to the green channel.

(c) Spectrogram section with lower Doppler range to be mapped to
the blue channel.

(d) Final RGB spectrogram constructed from the three Doppler seg-
ments, illustrating the input format used for classification.

Figure 3.5: Spectrogram pre-processing pipeline: selected Doppler
segments are mapped to RGB channels based on frequency
range, producing structured inputs for model training.
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Load Segment Form RGB Threshold Apply Split into
Amplitude Tmages Doppler Ranges Spectrogram Transitional Frames Sliding Window Train/Val

Unseen test data i
(held-out session) Unseen Test Set
(separate recording)

Figure 3.6: Data preprocessing pipeline. The main pipeline prepares
RGB spectrogram samples for training and validation. A sepa-
rate set of amplitude images, collected under different recording
conditions is reserved as an unseen test set for final evaluation.
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Figure 3.7: Sample RGB spectrograms for each gait class. Each
image encodes upper, middle and lower Doppler reflections in
RGB.

50 x 3). A sliding window of 50 frames with a stride of 5 was applied to extract
temporal slices from the full-length recordings. This window length corresponds
to approximately 5 seconds of motion, capturing multiple gait cycles within each
slice while preserving enough temporal context for classification. The 5-frame
stride (i.e., 90% overlap) allows for dense sampling, increasing the number of
training examples while maintaining continuity across adjacent slices. This setup
was chosen to balance temporal resolution with dataset size and to ensure that
key gait transitions—such as arm swings or leg motion patterns—are adequately
represented within each input sample.

The overall data preprocessing workflow is summarized in Figure showing how
amplitude frames are transformed into structured spectrogram slices.

The dataset was split into:

o 70% training
e 15% validation

o 15% test (unseen set)

Transitions (e.g., turning) were excluded via Doppler-based thresholding.
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Table 3.2: Recording Sessions by Gait Class

Gait Class Number of Sessions Subjects
Normal Walking 10 5
Hands in Pockets 10 )
Walking While Carrying 10 5

3.8 Data Sets

There were 30 sessions recorded in total. Each of the 5 subjects performed all three
classes. Session variation existed but each class had wide enough coverage.

Table summarizes the number of high-resolution and low-resolution sessions
recorded for each gait class.

3.9 Considerations

Several practical issues were addressed during data preparation:

o Thresholding was used to suppress low-reflection/background clutter/noisy

frames.

Class boundaries (e.g., pockets vs. carrying) may blur depending on cloth-
ing fit, hand placement, and object visibility. To mitigate this, data were
manually reviewed during labeling to ensure consistency. Ambiguous or
low-confidence samples—such as when hands were partially in pockets or
the carried object was not visible—were excluded from the training and
validation sets to improve inter-class separation.

e Ensuring test data is from unseen sessions helped validate generalization.

Transitions such as turning, starting and stopping were labeled separately for
possible future use.
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Methods

4.1 Overview of Implementation

This chapter describes the full methodological pipeline used in this thesis—from
radar data acquisition and signal interpretation to spectrogram generation and
classification using convolutional neural networks. The methods were developed
incrementally over months and involved extensive trial-and-error, particularly in
designing a robust and interpretable preprocessing pipeline. At each stage care
was taken to balance data fidelity, model tractability and practical feasibility for
deployment. Crucially, the processing responsibilities are shared between the built-
in radar system and our own implementation and we describe this separation
clearly.

Figure shows a simplified classification pipeline. Data from the scene shown is
stored as a pickle file, a Python module that makes it easier to serialize variables
and load them when needed. The range-Doppler images are then accessed, and
peaks are stacked across all frames to generate a spectrogram. Finally, classifica-
tion is performed based on the spectrogram.

A more detailed working pipeline is shown in Figure [I.2] It shows that the signals
from all frames are further split into three channels to facilitate stacking into a
single RGB spectrogram. With the spectrogram constructed, the data is then
separated into motion (walk, carrying, or hands in pockets) and (de)acceleration,
to allow the network to learn better and achieve higher accuracy.

4.2 Data Acquisition and Internal Signal Processing

The sensing device used is the Texas Instruments IWR6843A0P, a 60 GHz millimeter-
wave FMCW radar with 3 transmit and 4 receive antennas. It was configured with
304 ADC samples per chirp and 228 chirps per frame, yielding 10 frames per sec-
ond. The radar was mounted on a tripod at approximately 1.9 meters and angled
downward by 15 degrees from the horizontal axis to maximize Doppler visibility
from chest and leg motion during human gait.

23
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Amplitude Image
from frame

Signal Peak/
Stack all frames

Figure 4.1: Simplified version of the working pipeline.

All radar signal-level processing is handled internally by the radar system itself.
This includes:

¢ Generating FMCW chirps

o Capturing analog reflections from the scene

¢ Performing ADC conversion

o Executing 1D (range) FFT and 2D (Doppler) FFT

¢ Applying log-magnitude conversion to yield 2D amplitude images

These amplitude images—each of size 512 x 512—are output from the radar and
saved to .pkl files. They represent Doppler (vertical) versus range (horizontal)
intensity. Although the raw radar data contains 304 ADC samples per chirp
(range bins) and 684 chirps per frame (across all TX antennas), the final image
resolution is standardized to 512 x 512 after the radar’s internal signal chain applies
FFT operations with zero-padding and/or interpolation. This ensures consistent
square-shaped outputs for downstream applications such as visualization or neural
network input. Specifically, the radar applies a 1D FFT along the ADC samples
to generate range bins and a second FFT across chirps to extract Doppler bins.
These outputs are interpolated to 512 bins in each direction as part of the radar
SDK’s default configuration.

An overview of the full signal pipeline, from radar chirp capture to CNN input
generation, is shown in Figure [£.3]
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Figure 4.2: Diagram showing how RGB spectrogram is generated

and categorized into motion and (de)acceleration. Each blocks
are further explained in the next section.
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Figure 4.3: Compact system pipeline showing radar signal flow and
custom spectrogram processing. Gray boxes represent radar
operations; blue boxes represent thesis contributions.
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We will now explain how these blocks work in depth.

4.3 Data Processing

Raw data often contains noise, missing values, or inconsistencies that can mislead
the learning process. Data processing not only improves accuracy but also speeds
up training and reduces overfitting, making it a foundation for successful machine
learning.

We begin by looking at the data processing part of the pipeline, namely the “Iden-
tify Signal Peak”, “Channel Splitting”, “Threshold Noise”, and “RGB Spectrogram
/ Threshold dbins” blocks in Fig. 4.2

4.3.1 Signal Peak

FMCW radar transmits continuous waves and receives them back to detect moving
objects. However, even with no one in the radar’s range, weaker signals will still
be present in the range-Doppler image—for example, as shown in Fig. [{:4]
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Figure 4.4: Example of a range-Doppler image. x-axis: Doppler
(velocity) bins; y-axis: Range bins. Purple region indicates
lower intensity.

Our aim here is to classify a person’s gait, thus finding an individual’s signal
should be the first step. Thinking of a human as an object, the torso has a larger
radar cross-section compared to other body parts |9,/10]. Therefore, identifying
the target signal in a range-Doppler image means locating the torso’s signal, which
is the signal peak. We can achieve this by inspecting the range-Doppler image as
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Figure 4.5: Region of interest in the range-Doppler image.

a matrix, then looking for the highest intensity in the matrix and recording its
position at the same time.

Next, after finding the signal peak, instead of using the whole image—which in-
cludes lots of irrelevant background signal and also increases running time—we
select only 5 rows above and below the signal peak, since most meaningful data
seems to be in this region, as shown in Fig. [£.5]

4.3.2 Channel Splitting

A majority of available studies on CNN-based natural image classification operate
on three-channel RGB images. Although this approach is somewhat optional,
results from a similar topic on human activity classification [18] show that using
RGB spectrograms leads to faster convergence time, while test accuracy remains
the same as using grayscale spectrograms. Thus, we decided to adopt this method
to shorten the training process.

Within the 10 rows of interest, we split them into 3 channels with a ratio of 4:2:4.
The second channel contains the signal peak; therefore, it has a smaller range.
The other two channels have an equal number of rows for the range bins.

Finally, we sum the data within each region along the range axis to form a 1D vec-
tor for each channel. By doing this, we extract local spatial context and compress
the spatial information, while discarding range bins that are not needed.

4.3.3 Thresholding Noise

From Figure in the targeted 10 rows, around the purple region (background
weak signal), there is a faint blue area as well, which is close to the target signal.
Because of its lower intensity, it will create a lot of noise in the spectrogram later
on. Thus, having a thresholding mechanism that filters out low-intensity signals
should be considered.

Since the intensity of the range-Doppler image can range from 10* (purple re-
gion) to 107 (brightest, highest intensity), setting a threshold based directly on
these values would not be ideal. In the context of range-Doppler image intensity,
researchers often use the dB scale (decibel scale), which involves taking the log-
arithm of the value and multiplying by ten. Ultimately, we empirically set the
threshold to 51 dB; any values lower than this are set to 40 dB and considered
background signal.
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Table 4.1: Radar Spectrogram Dataset Breakdown

Category Slices Percent Description
Steady-State Motion (used) 5007 50%  Walking at constant
speed

Transitional Motion (excluded) 4978 50%  Turning, accelerat-
ing, decelerating

Total Slices 9985  100%  All labeled spectro-
gram windows

Figure 4.6: RGB spectrogram for a recording.

This thresholding is performed automatically during preprocessing. Frames that
fall below this threshold are treated as transitional or noisy (e.g., turning, start-
ing, or stopping), and they are separated from the spectrogram pipeline used for
training. In effect, two spectrogram sets are produced: one containing stable
walking sequences, and another holding excluded, unstable motion. This filter-
ing step cut the usable dataset approximately in half. Table summarizes the
distribution.

4.3.4 RGB Spectrogram

With the three channels in hand and after denoising, we can create an RGB
spectrogram for each recording. To do this, we stack the three channels depth-
wise to create a multi-dimensional array with shape: (number of frames, number
of velocity bins, 3), as shown in Fig.

For all collected recordings, it is crucial to extract only the “unique” information
from each class and group shared information into a different class. This is done
to avoid confusing the network during training for the classification task.

To elaborate, during the recording, the individual walks both away from and to-
wards the radar. When changing direction, it is expected that the person will slow
down in order to turn—this occurs in all classes. The same applies to transitions,
such as switching from walking straight to walking diagonally. To address this, we
set an adaptive threshold for each recording by inspecting the maximum velocity
per frame and the median velocity of the recording. If the difference between them
is smaller than one standard deviation, the frame is labeled as a (de)acceleration
or transition frame, as shown in Fig.

We also attempted to use the (de)acceleration or transition frame slices as a sep-
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Figure 4.7: Separated (de)acceleration or transition frames from
Figure[4.6] Slope-like curve compared to flat lines when walking
at a constant speed.
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Figure 4.8: RGB spectrogram after filtering out (de)acceleration
and transition frames, containing only motion frames.

arate class, turning the task into a 4-class classification problem. However, as
mentioned earlier, these frames appear in every class, which created a significant
class imbalance. The number of training slices per class was as follows: acc/dec/-
trans — 8231 slices, carry — 1724 slices, hands in pocket — 1774 slices, and walking
— 1509 slices.

Class imbalance can cause the CNN model to favor the class with significantly
more training data, leading to biased decision boundaries—in this case, favoring
the (de)acceleration and transition class.

The model may prioritize accuracy on the majority class at the expense of the mi-

nority classes, even if it means overfitting to the training data. Under-representation
of the minority classes can also prevent the model from learning robust and gen-

eralizable features. As a result, the model tends to memorize the training data

instead of learning underlying patterns, leading to overfitting. Ultimately, it per-

forms poorly on unseen test data.

This was exactly what happened when we tried solving the problem using the
4-class approach. Despite achieving 100% accuracy in the (de)acceleration and
transition class, the other classes performed poorly. Therefore, implementing a
mechanism to filter out (de)acceleration and transition frames proved more effec-
tive and did not harm overall classification performance. Figure shows the
RGB spectrogram after discarding the necessary frames.
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4.3.5 Sliding Window

Training a CNN-based model that generalizes well and classifies accurately requires
more than just a single large spectrogram of the recording. In papers on CNN-
based classification models for human activities, using windowing techniques or
functions such as the sliding window [1§] or Hamming window [19] is common
practice in the fields of spectral analysis and time-series analysis.

Slicing one large spectrogram into a greater number of smaller windows is mainly
done to increase the amount of data available, so the model is trained with a
reasonable number of samples. The average time for an adult to complete a gait
cycle is 1.0-1.2 seconds. In this thesis, we use the sliding window method for
its simplicity, with a 50-frame (5-second) window. A larger window contains more
information, and this also helps compensate for the limited amount of self-collected
data.

4.4 CNN Classification
441 Model 1 - Baseline CNN

Convolutional Neural Networks (CNNs) are commonly used for radar-based hu-
man activity recognition, particularly for classifying micro-Doppler spectrograms.
When applied to 2D representations, CNNs can extract spatial motion features
that correspond to patterns of body movement [9,/10]. In many prior studies,
deeper CNNs such as ResNet-18 or modified GoogLeNet have been used to learn
these discriminative features [20421].

While such models are effective, they are often computationally heavy and contain
millions of trainable parameters. Their performance depends heavily on data
diversity and volume, and they tend to overfit when trained on smaller or noisier
datasets. For this reason, we begin with a lightweight baseline CNN model for
comparison.

The model input has shape 200 x 50 x 3, corresponding to the RGB spectrogram
slices. The architecture consists of three convolutional layers with max pooling,
batch normalization, and ReLU activation. This is followed by global average pool-
ing and two dense layers, with a final softmax output for the three classes.

The detailed architecture is shown in Figure and summarized below:

e Input: RGB spectrogram slice of size 200 x 50 x 3

o Conv2D (32 filters) — MaxPooling

e Conv2D (64 filters) — BatchNorm — MaxPooling
o Conv2D (64 filters) — BatchNorm — MaxPooling
¢ GlobalAveragePooling

e Dense (64 units) — Dropout
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Input Shared Global Features / Dense Layers Output
200 x 50 x 3 Conv2D (GAP) (64) + Dropout (3 classes)

BN + MaxPool

Figure 4.9: Baseline CNN architecture used for spectrogram classi-
fication. The model applies three convolutional blocks followed
by global average pooling and dense layers.

o Dense (3 units) — Softmax

The total number of trainable parameters in this model is 61,189.

This architecture was chosen as a lightweight baseline to serve as a point of compar-
ison for more complex models. It is intentionally shallow, with a limited number
of layers and parameters, making it suitable for small datasets where overfitting
is a concern. The use of global average pooling reduces the number of parameters
while still preserving important features.

Hyperparameters such as the number of filters, kernel sizes, and dense layer di-
mensions were selected based on initial testing and adjusted empirically through
validation performance. We used early stopping and learning rate scheduling to
improve training stability and avoid overfitting.

4.42 Model 2 — Residual CNN

Residual networks (ResNets) were introduced by He et al. [22] to enable the train-
ing of very deep neural networks by addressing the vanishing gradient problem.
Instead of learning a direct mapping H(x), ResNets learn a residual function
F(x) = H(z) — x, reformulated as H(x) = F(z) 4+ x. This is achieved through
the use of skip connections, which bypass one or more layers by directly adding
the input « to the output of the stacked nonlinear transformations. Figure [4.10
contrasts a standard CNN block with a residual block that adds the input to the
output via a skip connection.

In our case, the goal was not to build a deep model, but to test whether adding skip
connections would help preserve features across layers and improve generalization.
Since we are working with a small dataset, deeper models are likely to overfit, but
shallow networks may struggle to learn effectively. A lightweight residual CNN
offered a compromise between the two.

The architecture includes three residual blocks, each composed of two convolu-
tional layers with batch normalization. After each block, max pooling reduces the
spatial dimensions. The final part of the network includes global average pooling,
a dense layer, dropout, and a softmax output for classification.
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Figure 4.10: Comparison of a plain CNN block (left) and a residual
block (right). The residual block includes a skip connection
that adds the input = to the output of the stacked layers.

e Input: 200 x 50 x 3 RGB spectrogram slice

e Conv2D (32) — MaxPooling

e Residual Block 1: Conv2D — BN — Conv2D — BN — Add — ReLU
e Conv2D (64) — MaxPooling

+ Residual Block 2: same structure (64 filters)

e Conv2D (64) — MaxPooling

+ Residual Block 3: same structure (64 filters)

¢ GlobalAveragePooling

o Dense (64) — Dropout

o Dense (3) — Softmax

The model was tuned by adjusting filter sizes, block structure, and dense layer
dimensions while keeping the total number of parameters close to the baseline
CNN. We used early stopping and a learning rate scheduler to control overfitting.
Most tuning was done manually by observing validation performance and trying
one change at a time.

This model has 228,165 trainable parameters.
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4.4.3 Model 3 - CNN with Attention

Convolutional neural networks enhanced with attention mechanisms aim to im-
prove feature selection by assigning varying importance to different regions of an
input. These mechanisms help guide the network to focus on more relevant fea-
tures, particularly useful when working with limited data.

Attention can be applied in different forms—most commonly as spatial atten-
tion (which highlights important spatial locations) and channel attention (which
emphasizes relevant feature maps). In this work, we implemented a CBAM (Con-
volutional Block Attention Module) variant with channel and spatial attention
applied sequentially. This choice was motivated by prior studies showing im-
proved performance in image classification tasks without a large increase in model
size [15].

The CBAM block first applies channel attention. It uses global average and max
pooling, each followed by shared dense layers to produce a channel attention map.
This map is used to modulate the input via element-wise multiplication. The
output is then passed to the spatial attention sub-module, which computes average
and max projections across the channel dimension, concatenates them, and applies
a 7x7 convolution to produce a spatial attention map. This map is again applied
via element-wise multiplication.

We placed the CBAM block after the second convolutional stage in the network,
where intermediate features are rich enough for attention to have a meaningful
effect. This position was selected after empirical testing of different placements.
The full architecture is shown in Figure [4.11

This model contains approximately 102,894 trainable parameters.

4.5 Evaluation

451 Evaluation Metrics

To evaluate the effectiveness of classification models, several metrics are commonly
employed, including precision, recall and the F1l-score. These metrics help in un-
derstanding how well the model performs for each individual class and can also be
averaged across all classes to assess the model’s overall performance. Additionally,
accuracy is computed to measure the proportion of correct predictions out of the
total number of samples.

Precision indicates the proportion of predicted positive cases that are actually
positive. It reflects how reliable the model’s positive predictions are. It is defined
as:

true positives

precision = (4.1)

true positives + false positives

Recall (also known as sensitivity) measures the proportion of actual positive cases
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Figure 4.11: CNN with Attention: Each convolutional stage is fol-
lowed by MaxPooling. The CBAM module is inserted after the
second convolutional stage.

that are correctly identified by the model. It shows how effectively the model
captures positive instances. The recall formula is:

true positives
recall =

— . (4.2)
true positives + false negatives

The F1l-score is a single metric that combines precision and recall using their
harmonic mean. This is particularly useful for balancing the trade-off between
precision and recall, especially when the class distribution is imbalanced. It is
calculated as:

Flscore — 2. precision - recall

4.3
precision + recall (43)

In this thesis, although some tasks may benefit from prioritizing either precision
or recall, the Fl-score and accuracy are primarily used for comparing model per-
formance across different classes and scenarios.
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Results

5.1 Classification per Window

Each RGB spectrogram slice used for classification was generated using a sliding
window approach. The full-length Doppler spectrogram of a sample was divided
into shorter segments of size 200 x 50, with a step size of 5 frames. Each segment
was treated as an independent input to the model. This method allowed us to
capture variations within a motion sequence, especially in cases where gait patterns
temporarily changed during walking or when subjects turned.

By using a sliding window, we increased the number of training samples and cap-
tured the temporal evolution of the motion. This was especially important given
the relatively small size of our dataset. Instead of relying on entire sequences, we
used compact windows to represent local behavior. Each window could be associ-
ated with steady-state motion, making it easier for the model to learn consistent
patterns.

The choice of window size and stride was based on trial and error. A width of
50 frames captured roughly 5 seconds of motion per slice. The overlap ensured
that each new sample did not start from a completely unrelated point in time,
which helped maintain coherence between slices and improved classification con-
sistency.

5.2 Higher Resolution

Our spectrograms were generated using higher Doppler resolution than in typical
low-resolution FMCW radar setups. This was made possible by the IWR6843A0OP
radar, which allowed for 228 chirps per frame per transmit antenna. As a result,
each frame provided a Doppler axis of 512 bins. This higher Doppler resolution
gave a finer velocity representation and made it possible to isolate subtle differences
between walking motions.

This level of detail was particularly important for distinguishing between nor-
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mal walking, walking while carrying, and walking with hands in pockets. These
classes often differ more in where motion is concentrated than in overall speed.
For instance, carry samples often showed higher Doppler energy in faster-moving
regions—commonly associated with leg movement—while pocket samples tended
to exhibit reduced motion in slower-moving regions, suggesting restricted arm
swing. A lower-resolution spectrogram would have made these differences harder
to detect.

To improve input consistency, we used amplitude spectrograms instead of raw
phase or complex data, as they were found to be more stable for this classification
task. Each spectrogram was divided along the Doppler (vertical) axis into three
equal segments. These segments were used to heuristically represent motion at
different velocity bands, which we interpreted as loosely corresponding to lower-,
middle-, and upper-body movement based on typical human gait dynamics [23].
This segmentation was then encoded into RGB format, with each channel repre-
senting one velocity band.

Although this method does not directly localize body parts in space, it provides
a structured representation of how motion is distributed across velocity ranges.
Combined with the high resolution, this velocity-band segmentation allowed the
classifier to capture class-specific patterns even with a relatively shallow network.
Without this preprocessing step, more overlap between classes would have re-
mained in the input data, making classification more difficult.

5.3 Baseline CNN

This model serves as the baseline for evaluating Doppler spectrogram classification
using convolutional neural networks. As described in Chapter 4, CNNs in radar-
based motion classification are typically deep and parameter-heavy, often relying
on hierarchical feature learning to resolve subtle motion differences. However,
in this project, the total training data available consisted of 6261 samples. The
validation and test sets each contained around 1,200 samples. This constrained
size led us to adopt a lightweight model to avoid overfitting while still extracting
useful temporal-velocity features from spectrogram slices.

The baseline architecture consists of three convolutional layers, each followed by
max pooling. This is followed by a global average pooling layer, a dense layer with
64 units and a softmax output layer for the three gait classes. The model had a
total of 61,189 parameters and was trained using the Adam optimizer [24] with the
following settings (see Figure for an overview of the model structure):

« Learning rate: 2.5 x 107°

e (1 = 0.9: exponential decay rate for the first moment estimate (mean of
gradients)

e By =0.999: exponential decay rate for the second moment estimate (uncen-
tered variance of gradients)
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Figure 5.1: Confusion matrices for training and validation sets using
the baseline CNN model.

e €=1x10"": small constant added for numerical stability to avoid division
by zero

The input to the model was a Doppler spectrogram slice of shape 200 x 50 x 3,
with each channel corresponding to a segmented Doppler region: upper, middle
and lower. These were obtained by slicing the Doppler range dimension, as de-
tailed in Section[5.1] Before training, we applied an adaptive thresholding strategy
to remove low-SNR and transitional frames. This step was based on SNR statistics
and Doppler bin distributions, which showed that clutter and transitional motion
(e.g., turning, starting, stopping) could dominate radar returns and degrade train-
ing quality. As a result, the usable data was reduced, but more consistent.

5.3.1 Training and Validation

The model achieved 99.44% training accuracy and 92.98% validation accuracy.
The training confusion matrix (Figure showed near-perfect classification across
all classes. Validation performance was similarly high, with walk achieving the
highest recall (97.8%) and carry showing the most confusion, mostly with walk.

5.3.2 Test Evaluation

The test accuracy was 60.24%, highlighting a substantial drop in generalization.
As shown in Figure[5.2] carry was frequently confused with walk or pocket. Walk
maintained the strongest performance, consistent with its distinct Doppler motion
profile.

The classification performance of the baseline CNN on the test set is summarized
in Table [5.1] showing precision, recall, and Fl-score for each class.
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Figure 5.2: Test confusion matrix (Baseline CNN).

Table 5.1: Classification performance on the test set (Baseline
CNN).

Class Precision Recall F1l-score

Carry 0.61 0.46 0.52
Pocket 0.56 0.62 0.59
Walk 0.64 0.71 0.67

5.3.3 Discussion

Although the model is shallow by design, it effectively learned to separate the gait
classes in cleaned data. The performance drop on the test set indicates sensitivity
to intra-class variability and unseen motion styles. This is particularly evident in
the carry class, where motion in the lower Doppler bands—often associated with
slower-moving regions such as the torso or arms—may resemble other categories
depending on how the object is held [23].

Overall, the model provides a stable baseline and a reference point for comparing
more complex models such as the residual and attention-based CNNs, discussed
in the next sections.

5.3.4 Residual CNN

To complement the baseline CNN, we implemented a deeper residual architecture
with skip connections across convolutional layers. The model is inspired by the
principles of ResNet , where identity mappings are introduced to preserve
gradient flow and enable training of deeper networks. Our implementation is
lighter and tailored for the radar spectrogram slices used in this work (input shape:
200 x 50 x 3), keeping the total number of parameters to 102,894.

The architecture consists of three main residual blocks, each made up of two
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Class Precision Recall F1l-score Support
Carry 1.00 1.00 1.00 1729
Pocket 1.00 1.00 1.00 1751
Walk 1.00 1.00 1.00 1528
Overall 1.00 1.00 1.00 5008

Table 5.2: Residual CNN training classification report.

Class Precision Recall F1l-score Support
Carry 0.92 0.93 0.93 427
Pocket 0.96 0.94 0.95 467
Walk 0.95 0.96 0.96 359
Overall 0.94 0.94 0.94 1253

Table 5.3: Residual CNN validation classification report.

convolutional layers (3 x 3 kernel), followed by batch normalization and ReLU
activation. A skip connection is added between the input and output of each block,
followed by an additional activation. Max pooling is applied after each residual
unit to downsample the feature maps. The network ends with a global average
pooling layer, a dense layer with 64 units, dropout (rate 0.3), and a softmax layer
for three-class classification.

Training was done using the Adam optimizer with a learning rate of 1 x 107>,
B =0.9, B2 = 0.999, and € = 10~7. The loss function was categorical crossentropy.
The model was trained on the full training set without augmentation or additional
regularization.

The training, validation, and test performances are given in Tables[5.2]-

The model achieves perfect accuracy on the training set, suggesting overfitting.
Validation accuracy remains high at 94.4%, indicating that the model generalizes
well to unseen data from the same distribution. However, the test accuracy drops
sharply to 50.0%, with the largest performance drop occurring for the carry and
pocket classes. This confirms the model struggles with generalization when exposed
to distribution shifts between training/validation and test data—a common issue
in small or imbalanced datasets [25].

Confusion matrices for all three splits are shown in Figures [5.3] and [5.4]
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Class Precision Recall F1l-score Support
Carry 0.44 0.43 0.43 376
Pocket 0.42 0.54 0.47 388
Walk 0.70 0.53 0.60 423
Overall 0.50 0.50 0.50 1187

Table 5.4: Residual CNN test classification report.

Train Confusion Matrix (%) Validation Confusion Matrix (%)
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arry 80 carry

v ®
S pocket 2 pocket

40

walk walk

carry pocket walk 0 carry pocket

Predicted Predicted

walk

(a) Training (b) Validation

Figure 5.3: Confusion matrices for training and validation data using
the Residual CNN model.

Test Confusion Matrix (%)

poc‘ket
Predicted

Figure 5.4: Confusion matrix for test data.
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5.3.5 CNN with Attention

The CNN with attention model combines a lightweight convolutional architec-
ture with a channel modulation mechanism, implemented via a dense attention
mask. This mechanism is inspired by the Convolutional Block Attention Module
(CBAM) [15], though only the channel attention branch was applied in our case.
The motivation is to allow the model to selectively emphasize informative chan-
nels in the feature map before final classification, without introducing excessive
computational complexity.

The network consists of three convolutional blocks with increasing filter sizes: 32,
64, and 128. Each block includes a 3 x 3 convolution, batch normalization, ReLU
activation, and max pooling. After the second block, a CBAM (Convolutional
Block Attention Module) is applied to enhance feature representation. For chan-
nel attention, both global average and max pooling are used to extract a descriptor
from the feature map, which is passed through shared dense layers and reshaped
to modulate the original feature map. The modulated output is then processed
by the spatial attention module, which concatenates average and max projections
across the channel dimension and applies a 7 x 7 convolution to generate a spatial
attention map. The attention-weighted features are passed through the third con-
volutional block, followed by global average pooling, a dense layer with 64 units
and dropout, and finally a softmax layer for three-class classification.

Model Summary:

o Input shape: (200, 50, 3)

o Total parameters: 115,285

e Trainable parameters: 114,835
¢ Non-trainable parameters: 448
e Optimizer: Adam

e Learning rate: 0.001

e Beta values: 5, = 0.9, 8, = 0.999
o Epsilon: 1 x 1077

e Dropout rate: 0.5

Performance Analysis:

On the training set (5008 samples), the model achieved an accuracy of 0.9996, with
all three classes being classified almost perfectly. Precision, recall, and F1-score
were all above 0.99 for each class, suggesting near-perfect fitting of the training
data.

On the validation set (1253 samples), the model maintained strong performance,
reaching an accuracy of 0.9920. The pocket class had perfect recall (1.00) but
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Figure 5.5: Confusion matrices for the CNN with attention model
on the training and validation sets.

Table 5.5: Test accuracy comparison of all three models.

Model Test Accuracy Params
Baseline CNN 60% 61,189

Residual CNN 50% 216,099
CNN + Attention 54% 115,285

slightly lower precision (0.98), while the carry and walk classes achieved high
scores across all metrics.

However, on the unseen test set (1187 samples), overall accuracy dropped sharply
to 0.5435. This discrepancy highlights significant overfitting, despite the inclusion
of dropout and a modest model size.

Compared to the baseline CNN and residual CNN, it was the only model able to
somewhat separate the carry and pocket classes, which were otherwise frequently
confused. The residual CNN showed more stable test performance overall, likely
due to skip connections that preserve transferable mid-level features. These find-
ings suggest that while attention mechanisms improve feature selectivity, they may
also increase the risk of memorization if not supported by stronger regularization
or data augmentation [15}[22].

The confusion matrices are shown in Figures[5.5] and
Comparison with other models is shown in Table
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Figure 5.6: Confusion matrix for the CNN with attention model on
the unseen test set.
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Chapter 6

Discussion

6.1 Comparison with Prior Work

Several studies have investigated radar-based human gait classification using micro-
Doppler signatures, often using Doppler spectrograms as the primary input rep-
resentation. A widely cited early study by Tivive, Bouzerdoum, and Amin [1]
proposed a pipeline based on handcrafted features extracted from Doppler spec-
trograms, followed by classification using algorithms like k-NN and SVM. While
their results were reasonable, the method relied heavily on manual preprocessing
such as noise filtering and dimensionality reduction. In contrast, our approach uses
convolutional neural networks that learn directly from RGB spectrogram slices,
removing the need for manual feature design.

Papanastasiou [2] explored the use of 1D CNNs on micro-Doppler time-series data
for gait identification. While it demonstrated the viability of deep learning for
radar-based tasks, it did not leverage time-frequency representations or exploit
spatial structure. By using 2D RGB spectrograms, our method captures both tem-
poral and frequency patterns, and incorporates spatial cues through body-region
slicing. This allows for better discrimination of subtle gait differences.

Kim and Moon [3| applied CNNs to classify broad activities such as walking and
running based on micro-Doppler data. Although effective, their task was coarser
than ours. We focus on more nuanced gait differences, such as walking with hands
in pockets or while carrying, which requires higher sensitivity to subtle variations.
Our results suggest that even simple CNN architectures can perform well on such
tasks, especially when combined with targeted preprocessing.

Lang et al. [18] used CNNs on grayscale spectrograms and showed promising results
on small datasets. However, they did not include motion-state filtering or body-
region separation. In our work, adaptive thresholding helps isolate steady-state
walking, and the RGB mapping reflects motion in different body regions, which
contributes to better localization of class-relevant features.

Mboyi, Oh, and Han [26] focused on clutter mitigation and transfer learning for
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radar-based people counting. Although we do not apply explicit background sup-
pression, we use adaptive thresholding and exclude transitional frames, which
serves a similar purpose by reducing signal clutter and improving input qual-
ity.

Other studies such as Han and Bhanu 4], Hofmann et al. [5], Zhang et al. [6],
and Gafurov et al. [7] have explored gait recognition using video, accelerometers,
or other sensors. While these modalities are effective, they often require direct
visibility or physical attachment. Our radar-based approach offers a contactless,
privacy-preserving alternative suitable for constrained indoor environments.

Traditional micro-Doppler studies by Harmanny, De Wit, and Cabic [10] focused
on handcrafted signal analysis. Our work moves beyond that by allowing the
model to learn features directly from the raw spectrograms. Additionally, stud-
ies addressing clutter removal [27530] highlight the importance of cleaning radar
data. Our use of motion-state filtering, although simpler, contributes to a similar
effect.

Lightweight and real-time models have also been explored in prior work [14}20,
21]. We further extend these ideas with our Residual CNN and CBAM-inspired
attention model [1522], applying them to our structured RGB spectrogram inputs.
Despite limited data, our models perform well on validation sets, although the
test performance shows some overfitting, consistent with the challenges outlined
by Zhang et al. [25].

Overall, our work combines several useful practices from existing literature—such
as time-frequency representation, deep learning, and adaptive preprocessing—into
a focused, reproducible pipeline for fine-grained gait classification using FMCW
radar.

6.2 Limitations

Although the proposed models show strong performance on training and validation
sets, there are notable limitations. Most significantly, test set accuracy drops
considerably compared to validation accuracy, particularly for the attention-based
model. This suggests potential overfitting due to the limited size and variability of
the dataset. While motion-state segmentation and adaptive thresholding improve
data quality, they may also discard ambiguous but informative frames that could
aid generalization.

The dataset is also inherently constrained by the experimental environment. Sub-
jects performed gait actions within a fixed room layout and radar positioning,
which may limit the diversity of Doppler signatures. This restriction likely im-
pacts the model’s ability to generalize to new scenes or unseen individuals. Future
work could explore data augmentation or domain adaptation strategies to mitigate
this.

In addition, we employed lightweight CNNs, this also limits the depth and capacity
of the models. A deeper network or pretrained backbone may capture more com-
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plex spatiotemporal features, but would require larger datasets and more robust
regularization strategies to avoid overfitting.

6.2.1 Lack of Data for CNN

One of the biggest challenges for this thesis is having a rather small quantity of self-
collected data. CNN'’s effectiveness is highly dependent on the availability of large
and diverse datasets. This requirement is rooted in several core principles:

First, CNN architectures inherently possess a large number of parameters dis-
tributed across multiple convolutional and fully connected layers. The learning of
these parameters is data-driven, demanding significant volumes of quality training
data to accurately capture the underlying patterns without overfitting to noise.
Inadequate data leads to poor generalization, where the model performs well on
training samples but fails on unseen data.

Secondly, the hierarchical structure of CNN allows for the automatic extraction
of features—ranging from low-level edges and textures to high-level object parts.
This multi-layered learning process benefits from diverse data to comprehensively
understand different variations and nuances present in the input data. As CNN at-
tempts to learn invariant features, the necessity for large datasets becomes evident
to prevent the model from misrepresenting unseen variations.

6.2.2 Sliding Window Length

The sliding window length is the horizontal length of a spectrogram, namely, the
length of a recording snippet. We have also trained and tested on different sliding
window sizes. First, we tried using a smaller window, training the model with a
20-frame (2-second) snippet and a stride of 5 frames, then decided to train with a
slightly bigger window, 50-frame (5-second) since we noticed that using a shorter
snippet, the test accuracy for each class decreased by about 20%.

Suggesting that training based on a larger sliding window yields to better perfor-
mance in testing, which is intuitive because it will contain more gait information
than a shorter recording snippet would have. However, this does not necessarily
mean that the longer window will always yield higher test accuracy, and the op-
timal length of the sliding window for this specific classification task should be
further studied.

Note that, if one wishes to deploy the model on a device that does classification
in a real-time system manner, one should avoid using long sliding windows due to
the fact that this will result in longer time delay when performing classification,
which defeats the purpose of real-time. This could be conquered by, again, having
a lot more training data so that it allows the sliding window to be smaller, which
at the same time does not affect the performance much.
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Figure 6.1: Images of a per- Figure 6.2: Frames dropped,
son walking in a spacious which created a delay in
court. The individual was time between the actual
walking away from the frame. When it started
radar. to catch up with the next

frame, the individual has
already started walking
towards the radar.

6.2.3 Frame Drop

Another issue that we faced was frame drop during the recording sessions. Frame
drops can occur when a system is unable to process fast enough, this might hap-
pen for several reasons: Overload the CPU with too many background processes
running; limited CPU or GPU resources.

Since we are using a laptop instead of a personal computer with more resources
while recording gait data, frame drops are inevitable. This will also cut down on
the amount of some data that contains certain information from the classes we
aim to classify.

For example, in Fig6.1] [6.2 show two consecutive frames. In Figb.1] the individual
was walking away from the radar and will only turn and walk back when he reaches
the center of the court; thus the next frame, the individual should still be facing
away from the radar. However, the system froze at this moment, resulting to a
frame drop. Lost some gait radar data, shown in Fig6.2] as the person had already
started walking towards the radar in the next frame.

6.2.4 Background Clutter, Thresholding and Data Volume

During data inspection, several spectrograms revealed persistent background clut-
ter, often appearing as low-level horizontal lines across Doppler bins (see Fig-
ure . These artifacts, while stationary or near-stationary in Doppler space,
are not associated with the classes of interest. Rather, they result from static or
reflective objects in the room such as walls, furniture, or the radar housing itself,
a common issue in indoor radar deployments [26]29].

To mitigate this, we employed an adaptive thresholding technique based on the
distribution of dominant Doppler bins across frames. This helped remove not only
the background clutter but also frames that represented ambiguous or transitional
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Figure 6.3: Sample spectrogram of jogging showing horizontal bands
of background clutter highlighted by red boxes.

motion states, such as acceleration, turning, or minor hand gestures unrelated
to the defined gait classes. An example of a spectrogram containing only such
filtered-out frames is shown in Figure This spectrogram corresponds to a
single subject recording, highlighting how nearly half the recorded frames were
discarded after thresholding.

While effective in increasing the purity of training data, this process significantly
reduced the total dataset size. Frame statistics across recordings showed that for
many sessions, less than 55% of the original frames were retained as clean steady-
state walking. This drop directly impacts the training volume, especially for mod-
els requiring large sample sizes to generalize well. It also illustrates the trade-off
between data quality and quantity in real-world radar classification tasks.

Several studies have noted that clutter mitigation improves classification accuracy
but often at the expense of reduced signal availability [27,28.[30]. Our work sup-
ports this, demonstrating that clutter suppression is not merely a preprocessing
choice but a design constraint that affects the learning dynamics and must be
balanced accordingly.

6.2.5 Lower Range-Resolution

In this study, we did not explore the effect of lower range-resolution in a systematic
way. Our pipeline was based on sectioning the range axis into three horizontal
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Figure 6.4: Filtered spectrogram segment containing only clutter
and transitional motion frames, excluded from final dataset.

regions, which were then mapped onto the RGB channels. A natural baseline
to compare against would have been to collapse the range dimension entirely by
averaging over all range bins, producing a single-channel spectrogram. This could
help assess whether the additional structure introduced by slicing is actually useful
for classification. While this remains a possible direction for future work, we can
only speculate on the impact such a simplification would have had. It might have
reduced spatial redundancy, but also risked losing discriminative features related
to body-region-specific motion [3].
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Conclusion

In this thesis, a CNN-based classification pipeline was proposed for human gait
on radar spectrogram slices. It is capable of both finding the individual moving
from the range-Doppler image in various environments and further classify their
gait into three classes: walking, walking while carrying an object and walking
with hands in pocket. The model was then evaluated based on an unseen outdoor
environment, suggesting that the model was trained properly and generalized well
with good performance.

The proposed model is able to classify the two categories: walking and walking
with hands in pocket adequately. However, for class walking while carrying an
object seems to have lower accuracy. This could be due to the confusion between
the two other classes. We believe there are three potential reasons combined why
this happened. First, with limited number of spectrogram slices, the network
failed to learn generalizable features and had a hard time distinguishing classes
with subtle arm movements. Second, class walking while carrying simply does not
have enough or any robust features for the model to perform classification task
satisfactorily. Lastly, the slices from the carrying class highly resembles the other
two classes thus the higher misclassifications rate.

If provided with a larger and more diverse dataset, we believe the CNN model
will improve significantly and become more than reliable in classifying various
human gaits. With this, it can be deployed in security surveillance and biomedical
domains where tracking a person’s gait is necessary without violating one’s privacy
or collecting one’s personal information and data.

The results of this work indicate that radar-based human gait classification is
not only feasible, but also promising under realistic conditions. The system had
trouble with generalization, as test accuracy was much lower. This suggests that
the model is sensitive to changes in the environment and that the dataset was likely
too limited. While challenges remain—especially in distinguishing visually similar
motion types—the pipeline developed in this thesis provides a strong foundation
for future improvements. Further work could explore larger datasets, more robust
feature extraction methods, and real-time deployment, ultimately contributing to

o1



52 Conclusion

privacy-respecting sensing solutions in real-world settings.
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