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Abstract

Human Activity Recognition (HAR) plays a vital role in applications such as fitness
monitoring, rehabilitation, surveillance, and intelligent human-computer interaction sys-
tems. While recent deep learning approaches based on RGB video data have achieved high
accuracy, they are computationally expensive, require large-scale datasets, and are sensi-
tive to variations in background and illumination. To address these limitations, this thesis
explores lightweight and efficient pose-based approaches for human activity recognition
using skeletal representations. This work presents a comprehensive study of pose-based
HAR through two complementary approaches. A comparative analysis of classical ma-
chine learning models, including Support Vector Machine (SVM), Random Forest (RF),
K-Nearest Neighbors (KNN), Logistic Regression (LR), and XGBoost, is conducted us-
ing statistical features extracted from MediaPipe-based skeletal keypoints. Experiments
across benchmark datasets such as UCF101, PennAction, and HAAS500 demonstrate that
traditional machine learning models can achieve competitive performance with signifi-
cantly lower computational requirements and a lightweight deep learning framework is
proposed that leverages engineered skeletal features incorporating spatial joint coordi-
nates, temporal motion dynamics, joint angles, and limb distances. Temporal modeling
is performed using overlapping sliding windows, followed by dimensionality reduction
using Principal Component Analysis (PCA) to retain 95% variance while significantly re-
ducing feature dimensionality. A feed-forward neural network (FFNN) is employed for
classification. The proposed method achieves high recognition performance, with up to

96% window-level accuracy and 98% video-level accuracy on UCF101, and comparable

v
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results on PennAction.

The results demonstrate that well-designed skeletal feature representations combined with
efficient machine learning and dimensionality reduction techniques can serve as a pow-
erful alternative to computationally intensive deep learning models. This thesis high-
lights the potential of lightweight, pose-based HAR systems for real-time and resource-

constrained environments, while maintaining strong recognition performance.

Keywords: Human Activity Recoginition, Pose based Activity Recoginition, Sports Ac-

tivity Recoginition, MediaPipe, PCA
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CHAPTER 1
INTRODUCTION

Activity Recognition, a sub-domain of vision-related applications, is the ability to identify
and recognise the actions or goals of an agent. The agent can be any object or entity that
performs an action with end goals, operating either individually or as part of a group. One
such agent is the human being, and recognising the activities of humans is referred to as
Human Activity Recognition (HAR). The goal of activity recognition is to automatically
analyse ongoing activities from an unknown video or image sequence. In a simple case
where a video is segmented to contain only one execution of a human activity, the objective
of the system is to correctly classify the video into its activity category [19].

In recent years, HAR has gained significant momentum in the computer vision com-
munity, particularly for applications in intelligent fitness monitoring, sports performance
analysis, clinical rehabilitation, and human—computer interaction [20, 42]. While state-of-
the-art deep learning models such as TimeSformer [7] and Video Swin Transformer [32]
demonstrate impressive accuracy on large-scale video benchmarks, they operate directly
on raw RGB pixel data, making them computationally expensive, sensitive to illumination
and background variation, and unsuitable for deployment on resource-constrained edge
devices.

A potential approach is that of pose-based HAR, where human activity can be de-
scribed in terms of key joints in the skeleton form without using pixel information [30].
By disregarding visual details of the subjects, pose-based approaches inherently become
immune to irrelevant factors like occlusions, viewpoints, and changes in illumination. In
addition, the use of visual details for activity classification does not compromise the pri-
vacy of the subjects. Modern pose estimation algorithms such as MediaPipe BlazePose
[6], OpenPose [9], and AlphaPose [16] provide efficient ways to extract key skeletons in
real-time conditions.

This thesis presents two complementary contributions in the domain of pose-based
HAR for sports and exercise. First, a systematic comparative study of five classical ma-
chine learning classifiers Support Vector Machine (SVM), Random Forest (RF), K-Nearest
Neighbours (KNN), Logistic Regression (LR), and XGBoost is conducted on three bench-
mark datasets (UCF101, PennAction, HAAS500) using a unified 396-dimensional statisti-
cal pose descriptor. Second, a lightweight multi-class exercise recognition framework is
proposed that combines hybrid engineered skeletal features, PCA-based temporal com-
pression, and a shallow feed-forward neural network (FFNN) evaluated under a strict
video-level split to prevent data leakage. Together, these contributions demonstrate that
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Chapter 1. Introduction 2

well-designed, compact skeletal representations can deliver strong recognition perfor-
mance without the complexity of graph-based or transformer-based architectures.

1.1 Background

Activity recognition from images or videos is a challenging field with real-world impact,
drawing increasing attention from the research community. The goal of HAR is to auto-
matically analyse ongoing activities from an unknown video that is, a sequence of image
frames. In more general cases, continuous recognition of human activities requires de-
tecting starting and ending times of all occurring activities within an input video stream.
Activity recognition finds utility in surveillance systems, patient monitoring, sports ana-
lytics, and human—computer interaction.

Due to significant variation in high-dimensional video data, cluttered backgrounds,
partial occlusion, and varying motion speed, explicit action detection and recognition re-
main a major challenge [63]. Efficient solutions to these problems enable useful applica-
tions in monitoring, visual surveillance, human-robot cooperation, and medical monitor-
ing systems. The intensity of these challenges varies depending on the category of activity
under consideration.

Depending on their complexity and duration [20], human activities are conceptually
categorised into four levels: gestures, actions, interactions, and group activities.

Gesture: A gesture is a basic movement of human body parts that carries seman-
tic meaning. Head shaking, hand waving, and facial expressions are common examples.
Gestures are typically brief and represent the lowest level of complexity.

Action: An action is an activity performed by a single person, composed of mul-
tiple gestures (atomic actions). Walking, running, jogging, squatting, and push-ups are
examples. In the context of this thesis, structured exercise actions jumping jacks, pull-ups,
push-ups, squats, lunges, and bench press constitute the primary recognition targets.

Interaction: An interaction is an activity involving two actors, at least one of whom
is human. Human-human interactions include handshaking and fighting human—object
interactions include a person using a computer or lifting a weight.

Group Activity: The most complex category, involving more than two humans and
potentially multiple objects. A team performing a coordinated warm-up drill or two teams
competing in a sport are examples of group activities.

1.2 Pipeline of Human Activity Recognition

Typically, an HAR system consists of five stages as illustrated in Figure 1.1: (1) input
data capture, (2) data pre-processing, (3) model building and training, (4) activity recog-
nition, and (5) result output or user interface. Each stage admits multiple implementation
strategies, and the choice of application domain, data acquisition device, and Al algorithm
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makes the design space both rich and challenging.
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Figure 1.1: Workflow diagram for a Human Activity Recognition system

1.2.1 Data Acquisition

The input to an HAR system can originate from RGB cameras, depth sensors (RGB-
D), inertial measurement units (IMUs), or combinations thereof. In this thesis, standard
monocular RGB video is used as input across all three benchmark datasets (UCF101,
PennAction, HAAS500). MediaPipe BlazePose [6] is applied frame-by-frame to extract
33 body landmark keypoints per frame, producing a compact skeletal representation that
serves as the sole input to all downstream models.

1.2.2 Data Pre-processing

Raw pose keypoints are subject to noise from detection failures, camera placement dif-
ferences, and inter-subject size variation. Two normalisation steps ensure spatial consis-
tency. Translation normalisation relocates all joint coordinates so that the neck joint (mid-
point of the shoulders) serves as the origin, eliminating camera-position-induced spatial
bias. Scale normalisation divides all coordinates by the average torso length (neck-to-hip
distance), removing the effect of subject-to-camera distance and subject scale variation.
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Frames with unreliable pose detections (missing keypoints) are discarded this affected
fewer than 5% of clips across all datasets and did not materially affect results.

1.2.3 Feature Extraction

Two complementary feature representations are employed in this thesis.

For the comparative ML study (Chapter 3), temporal statistical descriptors mean,
standard deviation, minimum, and maximum are computed over all frames for each of
the 33 landmark coordinates (z, y, z), yielding a fixed-length 396-dimensional vector per
video clip (33 x 3 x 4 = 396). This representation captures the temporal envelope of each
joint trajectory without requiring explicit sequence modelling.

For the lightweight FFNN framework (Chapter 4), a hybrid frame-level feature vec-
tor of 68 dimensions is constructed by combining: (i) 26 normalised spatial joint co-
ordinates, (i1) 26 frame-to-frame joint velocity features, (ii1) 8 biomechanical joint angle
features, and (iv) 8 limb distance features. Overlapping sliding windows (30 frames, stride
15) then flatten these into 2040-dimensional temporal vectors, which are compressed to
120 (UCF101) or 91 (PennAction) dimensions via Principal Component Analysis retain-
ing 95% of the variance.

1.2.4 Activity Classification

In the comparative study, five classical ML classifiers (SVM, RF, KNN, LR, XGBoost)
are evaluated using 5-fold stratified cross-validation. In the lightweight framework, a
shallow three-hidden-layer FFNN (256—128-64 neurons, ReLLU activations, dropout 0.3)
is trained with the Adam optimiser under a strict video-level 80/20 split. Majority voting
over window-level predictions yields final video-level decisions [25].

1.3 Classification of Activity Recognition Approaches

Vision-based HAR approaches are broadly classified into three categories: (i) handcrafted
feature-based, (ii) deep learning representation-based, and (iii) hybrid representation-based
approaches, as depicted in Figure 1.2.

1.3.1 Handcrafted Feature-Based Approaches

Handcrafted feature-based methods represent the conventional paradigm for action recog-

nition. These methods analyse video sequences or frames to extract descriptive features
and construct a representation vector that is passed to a classifier. They rely on domain

Z'l—.l turnltln Page 27 of 85 - Integrity Submission Submission ID  trn:oid:::27535:140031585



z"-.l turnitin‘. Page 28 of 85 - Integrity Submission Submission ID  trn:oid:::27535:140031585

Chapter 1. Introduction 5

(J
(;" Human Activity Recognitioq
[ i ]

m Hand-crafted Features
o Based

Deep Learning ‘ :‘:A:": Hybrid Representation
Based L:'_w;:s' Based

Space Time Appearance Generative Discriminative
Based Based Models Based Models Based

Figure 1.2: Hierarchy of vision-based HAR approaches

knowledge and human ingenuity, and are categorised as space-time based or appearance
based.

Space-Time Based Approaches

Space-time approaches characterise actions using spatiotemporal features extracted at Space-
Time Interest Points (STIPs). Both dense and sparse STIP detectors are employed dense
detectors cover the entire video content, while sparse detectors use subsets to identify in-
terest points. Descriptors such as HOG, HOF, and MBH capture local or global spatial
and motion information from these points [63].

Appearance-Based Approaches

Appearance-based methods exploit shape, motion, or both for action representation. Shape-
based approaches use contour and silhouette features motion-based approaches rely on
optical flow or its variants. Examples include Shape Histogram, Body Skeleton represen-
tations, Motion History Volume, and Optical Flow [63]. The pose-based feature repre-
sentations used in this thesis can be viewed as a principled evolution of skeletal appear-
ance representations, replacing handcrafted pixel-level descriptors with structured, body-
centric keypoint features.

1.3.2 Deep Learning-Based Approaches

Deep learning has substantially transformed HAR by enabling end-to-end feature learning
directly from raw data, removing the need for handcrafted descriptors. These models
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automatically discover hierarchical representations through multiple non-linear layers, and
are categorised as generative, discriminative, or hybrid.

Generative Model-Based Approaches

Generative models learn the distribution of activity data in an unsupervised or semi-
supervised manner. Deep Belief Networks (DBNs), Autoencoders, and Generative Ad-
versarial Networks (GANs) are commonly used to learn compact, class-conditional latent
representations of activity sequences.

Discriminative Model-Based Approaches

Discriminative models use supervised deep hierarchies to map raw inputs to activity labels.
CNNs learn spatial features from individual frames, while RNNs and LSTM networks
model temporal dependencies across frames [30, 42]. Graph Convolutional Networks
such as ST-GCN [56] and CTR-GCN [12] extend convolution to the skeletal graph topol-
ogy, jointly learning spatial and temporal dependencies. The ablation study in Chapter 4
shows that a lightweight FFNN with PCA-compressed temporal features (96.0% accu-
racy on UCF101) outperforms an LSTM baseline (93.5%), demonstrating that recurrent
complexity is not always necessary for well-structured exercise classes.

1.3.3 Hybrid Representation-Based Approaches

Hybrid methods involve manual and deep learning-based representations, each having
their own advantage that is leveraged by the combination. For example, the combination
of HOG or optical flow descriptors along with CNN based features has proven to pro-
vide better results for tasks under partial occlusions and low resolutions. The lightweight
method suggested in Chapter 4 can be classified as an optimal hybrid in which biomechan-
ical features are used with PCA dimensionality reduction and a shallow neural classifier.
1.4 Activity Recognition Challenges

Even with advancements made, HAR in natural scenarios is still an open problem. Some
of these are depicted in Figure 1.3.

1.4.1 Occlusion

It must be possible to see an activity that needs to be recognized through a video sequence.
Practically, depending on whether the scene is a surveillance or a gym, it is likely that parts
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Figure 1.3: Key challenges and problems in activity recognition

of the body would be occluded either by the person itself or by other factors. This makes
it impossible to detect joints which leads to poor pose estimation results and hence classi-
fication. In the proposed thesis, such frames will be filtered out during the preprocessing
stage.

1.4.2 Viewpoint Variation

A given exercise might have different appearances depending on the perspective in which
the scene is shot. From different perspectives such as frontal, lateral, or overhead, a given
exercise would have varying joint coordinates. Translation normalization partially tackles
this problem.

1.4.3 Dynamic Environments

Varying lighting conditions, moving backgrounds, and non-stationary cameras introduce
noise into both the pose estimation step and the resulting skeletal features. Pose-based
methods are inherently more robust to environmental dynamics than RGB-based methods,
since they abstract away pixel-level appearance variation.
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1.4.4 Cluttered Background

Cluttered backgrounds introduce ambiguous motion information that can confuse optical
flow-based descriptors and appearance-based detectors. By operating on skeleton key-
points rather than raw frames, the proposed systems in this thesis are largely insensitive to

background clutter a key advantage over pixel-level approaches.

1.4.5 Inter- and Intra-Class Variation

Structurally similar exercises such as squats and lunges, or push-ups and bench press share
overlapping joint motion patterns, making them challenging to discriminate.

1.5 Applications

Applications of
Human Activity Recognition (HAR)

Video Surveillance

Healthcare and
Rehabilitation

Sports Performance
Analysis

Human-Computer
Interaction

<

oE"

Ex¥

Squats Push-ups Pull-ups
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Lunges  Jumping Jacks Bench Press

N
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Figure 1.4: Applications of Human Activity Recognition

1.5.1 Video Surveillance

HAR enables intelligent surveillance systems capable of automatically detecting anoma-
lous or suspicious behaviours in public spaces, reducing the burden on human operators
and enabling faster incident response.
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1.5.2 Healthcare and Rehabilitation

In clinical and home-based rehabilitation settings, automated exercise recognition can pro-
vide real-time feedback on form, count repetitions, and monitor patient progress over time.
Pose-based systems are particularly attractive here due to their privacy-preserving nature
no identifiable RGB imagery needs to be stored or transmitted.

1.5.3 Sports Performance Analysis

Automated recognition and quantitative analysis of athletic movements enables objective
performance monitoring, biomechanical assessment, injury risk detection, and person-
alised coaching feedback [8, 10]. The exercise activities targeted in this thesis squats,
push-ups, pull-ups, lunges, jumping jacks, and bench press are representative of this do-
main.

1.5.4 Human-Computer Interaction
Gesture and action recognition underpins touchless interfaces, augmented reality, and
robotic control via natural body movement. Lightweight pose-based pipelines are well-

suited for real-time interaction on edge devices such as smart glasses or embedded micro-
controllers.

1.6 Motivation and Scope

- e There are many compelling applications of activity recognition systems. HAR plays a key

role in healthcare, sports analytics, surveillance, human—computer interaction, and smart
environments. One of the central challenges is that the same activity can be performed
differently by different individuals, or even by the same individual on different occasions.
Finding a discriminative representation that separates distinct activities while grouping
together varied executions of the same action remains a fundamental research problem
[63].

The key motivations for this thesis are:

* The rapid expansion of fitness monitoring devices, smart gymnasium infrastruc-
ture, and telehealth platforms creates an urgent demand for accurate, real-time exer-
cise recognition systems deployable on resource-constrained hardware. RGB-based
deep models are impractical in these settings due to their computational demands
and privacy concerns hence deploying real-time multi-spectral sensor fusion on
edge microcontrollers and mobile devices remains a critical priority for modern,
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lightweight skeleton-based frameworks[27, 60].

* Despite the growing body of work on pose-based HAR, few studies provide system-
atic, controlled comparisons of classical machine learning classifiers across multi-
ple sports-oriented datasets under a consistent feature representation and evaluation
protocol.

* In the current existing state, many lightweight HAR techniques have been pro-
posed, but most are not supported by biomechanically motivated feature engineer-
ing, leakage-free and robust evaluation, or statistical rigor. These limitations are
addressed in this thesis.

* Activity recognition technology has the potential to make a significant societal im-
pact by enabling applications such as assisted living for the elderly, early detection
of abnormal behaviours, and personalised home-based rehabilitation.

The scope of this thesis is restricted to single-person, structured exercise activities
under semi-controlled recording conditions, evaluated on publicly available benchmark
datasets. Extensions to multi-person scenarios, in-the-wild settings, and 3D pose repre-
sentations are identified as future research directions.

1.7 Major Contributions of the Thesis

The major contributions of this thesis are:

1. Comparative ML Study for Sports Pose-Based HAR. A comprehensive com-
parative evaluation of five classical ML classifiers using a unified 396-dimensional
statistical pose descriptor on UCF101, PennAction, and HAAS500 under 5-fold strat-
ified cross-validation. SVM (RBF) achieves the best overall performance (98.1%
on UCF101, 93.0% on HAAS500) XGBoost and LR are jointly best on PennAction
(95.4%).

2. Hybrid Skeletal Feature Representation. A 68-dimensional frame-level feature
vector integrating spatial joint coordinates, temporal motion, biomechanical joint
angles, and limb distances that captures complementary kinematic information be-
yond raw coordinate data alone.

3. PCA-Compressed Temporal Modelling. A sliding-window scheme (30 frames,
stride 15) combined with PCA compression (2040 — 120/91 dimensions, 95%
variance retained), achieving over 94% dimensionality reduction without measur-
able loss of discriminative information.
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4. Lightweight FFNN with Leakage-Free Evaluation. A shallow three-hidden-layer
FFNN trained under strict video-level splitting achieves 96.0% window-level and
98.25% video-level accuracy on UCF101, and 95.5% and 95.0% on PennAction,
demonstrating that complex graph-based architectures are unnecessary for struc-
tured exercise recognition.

5. Statistical Reliability Analysis. Multi-seed evaluation yields window-level accu-
racy of 96.77% =+ 0.22% (95% CI: [96.50%, 97.03%]) and video-level accuracy of
98.09% =+ 0.85% (95% CI: [97.03%, 99.14%]). Bootstrap resampling further con-
firms the robustness of the reported results.

1.8 Organisation of the Thesis

The remainder of the thesis is organised as follows.

Chapter 2 provides a comprehensive literature review of human pose estimation,
skeleton-based HAR, classical ML for action recognition, and deep learning architectures
for pose-based activity classification, along with a review of relevant benchmark datasets.

Chapter 3 presents the comparative analysis of ML models for sports pose-based
HAR, detailing the pipeline, feature representation, ML models, datasets, and evaluation
methodology, followed by experimental results on UCF101, PennAction, and HAAS500.

Chapter 4 presents the lightweight pose-based multi-class exercise recognition frame-
work, covering hybrid skeletal feature engineering, sliding-window temporal modelling,
PCA compression, and the lightweight FENN classifier, including ablation studies, window-
level and video-level performance, and statistical reliability analysis.

Chapter S concludes the thesis by summarising findings, discussing implications
and limitations, and outlining future research directions including 3D pose representations,
large-scale dataset evaluation, and lightweight temporal attention mechanisms.
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CHAPTER 2
LITERATURE REVIEW

The recognition of human activities from visual data has been an active research area for
several decades, evolving from rule-based and handcrafted-feature methods to sophisti-
cated deep learning architectures. This chapter presents a structured review of prior work
organised around the key topics that underpin the contributions of this thesis: human pose
estimation, skeleton-based HAR, classical machine learning for action recognition, deep
learning architectures for HAR, sports and exercise recognition, and lightweight deploy-
able HAR systems. Within each topic, works are reviewed in broadly chronological order
to trace the evolution of ideas. The chapter concludes with a comparative summary table
and a discussion of the gaps identified in the literature.

2.1 Human Pose Estimation

Human pose estimation is the foundational prerequisite of any skeleton-based HAR sys-
tem. The objective is to localise anatomical body joints shoulders, elbows, wrists, hips,
knees, and ankles in image or video data and represent their configuration as a structured
skeleton.

Early approaches formulated pose estimation as inference in pictorial structure mod-
els. Fischler and Elschlager [18] introduced the deformable part model concept, rep-
resenting the body as a collection of parts connected by spring-like constraints. Lateer
on Felzenszwalb and Huttenlocher [17] demonstrated efficient inference in these models
utilising dynamic programming. While these methods were elegant but struggled with
complex poses and multiple persons due to their reliance on hand-designed part detectors.

The introduction of deep convolutional networks transformed pose estimation. To-
shev and Szegedy [48] proposed DeepPose, which regressed joint coordinates directly
from image patches using a cascade of CNN regressors, which significantly outperformed
the prior art on benchmark datasets. Stacked hourglass network was introduced by Newell
et al. [35], which applied a symmetric encoder-decoder architecture with intermediate su-
pervision to produce joint heatmaps at multiple scales, which became one of the most
widely adopted baselines in the field.

Multi-person pose estimation was advanced by Cao et al. [9], whose OpenPose
framework introduced Part Affinity Fields (PAFs) to associate detected joints with in-
dividual subjects in a bottom-up fashion, which enabled real-time multi-person estimation
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without the requirement of any person detectors. In the 2019 Sun et al. [46] proposed HR-
Net, which maintains a high-resolution representations throughout the network rather than
recovering resolution from a low-resolution bottleneck, achieving state-of-the-art single-
person pose estimation accuracy on COCO.

For on-device and real-time applications, Bazarevsky et al. [6] developed MediaPipe
BlazePose, a two-stage pipeline that first detects the subject with a lightweight detector
and then regresses 33 body landmarks using a single forward pass. BlazePose achieves
real-time performance on mobile and embedded hardware, making it the pose extraction
backbone of choice for the systems proposed in this thesis. Each keypoint is provided with
normalised (z,y) coordinates and a relative depth offset z, which, although not a true 3D
metric depth, encodes useful relative limb depth information estimated from monocular
RGB input.

2.2 Skeleton-Based Human Activity Recognition

Skeleton-based HAR represents human motion as a temporal sequence of body joint coor-
dinates, abstracting away appearance information and enabling recognition that is robust
to changes in clothing, illumination, and background. The field has progressed from hand-
crafted skeletal descriptors to graph convolutional and transformer-based architectures.

2.2.1 Handcrafted Skeletal Descriptors

Early skeleton-based methods manually engineered features from joint trajectories to cap-
ture discriminative motion patterns. Ofli et al. [36] proposed the Sequence of the Most
Informative Joints (SMLJ), selecting the most discriminative joints for each activity and
computing statistics over their trajectories. Vemulapalli et al. [49] represented skeleton
sequences as curves in a Lie group of rigid-body transformations, capturing both joint
angles and limb lengths in a geometrically principled way, and achieved strong results on
action recognition benchmarks using dynamic time warping and Fourier temporal pyramid
matching.

Zanfir et al. [58] introduced the Moving Pose descriptor, which combines joint po-
sition, velocity, and acceleration into a per-frame descriptor and uses a modified nearest-
neighbour classifier for recognition. The importance of temporal dynamics particularly
velocity and acceleration features noted in these early works is reflected in the hybrid fea-
ture representation proposed in this thesis, where frame-to-frame joint velocity features
form a key component of the 68-dimensional frame-level descriptor.
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2.2.2 Recurrent Neural Networks for Skeleton HAR

The sequential nature of skeleton data makes recurrent architectures a natural fit. Shahroudy
et al. [41] introduced the NTU RGB+D dataset and proposed a part-aware LSTM that pro-
cesses different body parts through separate memory cells, capturing part-level temporal
dynamics independently. Liu et al. [30] extended this with a spatio-temporal LSTM ar-
chitecture incorporating trust gates that adaptively weight the contribution of noisy joints,
achieving strong performance on both NTU RGB+D and smaller benchmarks.

Sharma and Singh [42] proposed ConvST-LSTM-Net, which combines convolu-
tional spatial feature extraction with spatiotemporal LSTM layers to jointly model spatial
and temporal dependencies in skeleton sequences. Singh and Sharma [44] further intro-
duced STAD-ConvBi-LSTM, a spatio-temporal attention mechanism within a deep con-
volutional bidirectional LSTM framework for abnormal activity detection, demonstrating
strong generalisation across diverse action categories.

2.2.3 Graph Convolutional Networks

Graph Convolutional Networks (GCNs) are inherently able to model the skeletal topology
in the form of a graph, where joints serve as nodes, and physical connectivity serves as
edges, hence facilitating joint modelling of spatial and temporal aspects.

ST-GCN is the first trainable GCN proposed by Yan et al. [56] for skeleton-based
HAR and defines spatial graph convolutions over the joint adjacency matrix as well as
temporal convolutions across the time axis. Even with using the fixed and physically-
defined graph topology, ST-GCN proved its efficiency significantly surpassing previous
handcrafted techniques on NTU RGB+D and Kinetics-Skeleton datasets. Shi et al. [43]
improved the ST-GCN architecture introducing a two-stream adaptive graph convolutional
network (AAGCN) that learns data-driven graph structures along with the physically-
defined one, hence capturing the long-range dependencies between joints not present in the
fixed graph structure. Chen et al. [12] proposed an improvement to this idea by introducing
CTR-GCN and refining the connectivity structure in a channel-wise manner, therefore al-
lowing each feature channel to model different joint relations, resulting in state-of-the-art
performance on NTU RGB+D 60 and 120.

Efforts toward efficient GCN models involve efficient temporal convolutions [3],
depthwise separable attention to reduce the quadratic complexity [26]. Furthermore, the
topological issues are tackled by differentiating central and edge nodes to prevent over-
smoothing [51], refining the adjacency matrix to prevent bone connectivity degradation
[65], and applying heuristic initializations of the model [53]. Finally, improvements can
be made on the skeletal topology representation via contrastive information bottlenecks
[13] as well as from the prototypical perspective [29].

Although efficient, GCN-based models come with huge parameter costs and com-
plexity which make them inapplicable in constrained deployments, being a disadvantage
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specifically tackled by the lightweight framework of this thesis.

2.2.4 Transformer-Based Approaches

Transformer architectures have recently been adapted for skeleton-based HAR to model
long-range temporal dependencies through self-attention. Plizzari et al. [37] proposed spa-
tial and temporal transformer networks that apply self-attention within each frame across
joints (spatial) and across frames for each joint (temporal), capturing both intra-frame joint
relationships and inter-frame motion patterns.

For video-level HAR from RGB frames, Bertasius et al. [7] proposed TimeSformer,
applying divided space-time attention that separately attends over spatial patches and tem-
poral positions. Liu et al. [32] proposed the Video Swin Transformer, adapting shifted
window attention from the image domain to spatio-temporal video volumes. While these
models achieve top accuracy on large-scale benchmarks, they require high GPU memory
and are unsuitable for on-device deployment.

2.3 Classical Machine Learning for HAR

Classical machine learning classifiers occupied the dominant position in HAR before the
deep learning era and have experienced a resurgence of interest for lightweight, deploy-
able systems. Their computational efficiency, interpretability, and strong performance on
compact feature representations make them well-suited to pose-based exercise recogni-
tion.

Support Vector Machines (SVMs) have been extensively applied to HAR because
of their ability to find maximum-margin decision boundaries in high-dimensional fea-
ture spaces. Schuldt et al. [40] demonstrated the effectiveness of the SVMs with spatial-
temporal video features for action recognition, establishing SVMs as a strong baseline in
the field and subsequent work confirmed that SVMs with RBF kernels consistently out-
perform other classical classifiers when paired with skeletal or pose-based features [64].

Several works have applied Random Forests to body-sensor-based and pose-based
HAR, and reporting competitive accuracy with lower training time compared to SVMs in
certain settings [10]. Ensemble boosting methods such as the AdaBoost and more recently,
XGBoost [11] have further advanced ensemble-based classification by iteratively focusing
on misclassified samples and applying gradient-based loss minimisation.

K-Nearest Neighbours (KNN) provides a non-parametric baseline that requires no
training phase but it suffers from the curse of dimensionality and the high inference latency
for large feature spaces.

Logistic Regression with /5 regularisation serves as a strong linear baseline and is
particularly informative for assessing the feature separability that is if LR achieves high
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accuracy, the feature distributions are largely linearly separable, which simplifies the clas-
sification problem.

Zhao and Zhang [64] conducted a comprehensive comparative study of SVM, RF,
KNN, and LR for pose-based HAR, concluding that SVM (RBF) is the most reliable
classifier across datasets and feature dimensionalities. Cai et al. [8] applied SVM and RF
to the MediaPipe-extracted skeletal features for fitness activity recognition, confirming
that pose-based statistical descriptors combined with classical classifiers are competitive
with the deep learning approaches for structured exercise classes. These findings motivate
the comparative study presented in Chapter 3 of this thesis.

2.4 Dimensionality Reduction in HAR

The high dimensionality of raw skeletal feature vectors particularly those derived from
sliding-window temporal modelling motivates the use of dimensionality reduction to re-
move redundancy and improve classifier generalisation.

Principal Component Analysis (PCA) is the most widely adopted linear dimension-
ality reduction technique in machine learning. By projecting data onto the directions of
maximum variance, PCA removes correlated and low-variance dimensions while preserv-
ing the dominant structure of the data. In the context of HAR, PCA has been applied to
joint trajectory features [36], optical flow descriptors, and temporal feature aggregates to
reduce computational overhead without degrading recognition accuracy.

In this thesis lightweight framework, the use of PCA reduces the sliding-window
temporal feature vector size from 2040-dimensions to 120 dimensions (UCF101) and 91
dimensions (PennAction), which accounts for 95% of the variance while achieving a com-
pression ratio of 17:1. From the discussion in Chapter 4, the use of dimensionality reduc-
tion in this case helps in lowering inference costs and enhancing generalisation by reducing
noisy dimensions, thus resulting in a model that outperforms the model trained without it.

PCA can still prove useful beyond the scope of transforming spatial coordinates. For
example, some federated learning models such as CF-STGAT [57] employ PCA to trans-
form attention descriptors and stabilise client drifts. Moreover, studies concerning manual
material handling apply PCA-transformed inputs for highly accurate motion sequence de-
tection [24]. PCA can also be used in other fields to compress word embeddings while
preserving action-related semantics [1].

t-SNE and UMAP are examples of non-linear dimensionality reduction methods
that could be employed in visualisation but cannot be applied to inference data since their
solutions depend heavily on context. Autoencoders have been applied in HAR for di-
mensionality reduction but require more resources due to the need for an encoder, which
does not necessarily generalise across datasets. PCA provides a closed form solution and
deterministic results, thus making it more preferable for the task at hand.
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2.5 Activity Recognition in Sports and Exercises

Activity recognition in the domain of sports and exercises has received increasing attention
due to its potential applications in performance monitoring, coaching, and rehabilitation
assessment.

Initially, activity recognition involved the use of body-worn sensors. For example,
Bao and Intille [5] were able to accurately recognize exercise and daily activities through
a combination of accelerometry features and nearest neighbor and decision tree classifiers.
The research into various other sensing modalities including gyroscopes, insole pressure
sensors, and electromyography showed the advantages of sensor fusion and multimodal
sensing even though the complexity of the required hardware increases.

The vision-based activity recognition has evolved from traditional RGB frame clas-
sification towards pose-based solutions as efficient pose estimation became available. For
example, Chen et al. [10] used pose keypoints extracted by MediaPipe algorithm to accu-
rately classify push-ups, squats, and sit-ups using simple classifiers. Similarly, the SVM
and Random Forest algorithms have been successfully employed by Cai et al. [8] for rec-
ognizing gym exercises based on pose data, achieving over 90% accuracy in classification.

Several recent frameworks have been developed specifically for various sports. For
example, SportPoseNet combines MediaPipe pose detection with a refined ResNet-200
architecture to classify sports actions with very high accuracy [34]. Hybrid CNN and
RNN architectures combined with the key body landmarks also proved to be effective
for more complex activity classification [47]. Architectures like ASTM-Net utilize multi-
branch graph convolution and dynamic modeling of Activity-Aware Adjacency Graphs
(3A-Graphs) to accommodate different speeds and durations of various sports actions [52].

Some works focused specifically on exercise repetition counting and quality assess-
ment rather than classification. The pose-based activity representation is especially advan-
tageous in this setting since joint angles and velocities provide a natural representation of
movement quality. For example, the knee flexion angle in a squat or the elbow extension
angle in a push-up represent the exercise form directly. The proposed hybrid representa-
tion explicitly includes the joint angles and limb distances among the body landmarks.

Benchmark datasets for sports and exercise HAR include UCF101 [45], which con-
tains 101 action classes including sports activities PennAction [61], which provides frame-
level joint annotations for 15 classes and HAAS00 [14], a human-centric atomic action
dataset with 500 fine-grained activity categories. The comparative study in Chapter 3
evaluates all three datasets using five sports-oriented activity classes selected from each.

2.6 Lightweight and Deployable HAR Systems
The deployment of HAR systems on edge devices smartphones, smart glasses, gymnasium

- e sensors, and rehabilitation wearables imposes strict constraints on model size, inference
latency, and memory footprint. This has motivated a growing body of work on lightweight

Z'l—.l turnltln Page 40 of 85 - Integrity Submission Submission ID  trn:oid:::27535:140031585



Z'l_.l turnitin Page 41 of 85 - Integrity Submission Submission ID trn:0id:::27535:140031585

Chapter 2. Literature Review 18

HAR architectures.

MobileNet [21] introduced depthwise separable convolutions to reduce the param-
eter count and FLOPs of image classification networks by an order of magnitude. Sub-
sequent lightweight video architectures such as MobileNetV3 and EfficientDet adapted
similar principles for temporal modelling. However, even lightweight video CNNs oper-
ate on raw RGB frames and impose higher computational demands than skeleton-based
methods operating on compact keypoint sequences.

For skeleton-based HAR, Zhang et al. [63] identified that graph-based and transformer-
based architectures, despite their high accuracy, are overparameterised for structured exer-
cise activities with limited class sets and distinctive biomechanical patterns. Lighter alter-
natives including simple MLPs on flattened skeleton sequences and CNN-based methods
on skeleton image representations have been explored, with competitive results on con-
strained activity sets.

The work of Plizzari et al. [37] proposed efficient transformer variants for skeleton
HAR with reduced attention complexity, but the overall model still requires GPU infer-
ence. In contrast, the lightweight FFNN proposed in this thesis requires only CPU in-
ference and achieves 96.0% window-level and 98.25% video-level accuracy on UCF101,
operating on 120-dimensional PCA-compressed features derived from a 13-joint skeletal
representation. This positions the proposed framework as one of the most computationally
efficient competitive methods for exercise-specific HAR in the literature.

2.7 Benchmark Datasets

A brief review of the benchmark datasets used in this thesis is presented below.
UCF101 [45] contains 13,320 video clips across 101 human action classes collected
from YouTube. The dataset covers a wide range of activities including sports, daily life,
and exercise movements. For this thesis, five exercise classes are selected: Body Weight
Squats, Jumping Jacks, Lunges, Pull-Ups, and Push-Ups, comprising 564 videos. UCF101
is challenging due to wide variation in camera angles, background clutter, and performer
styles.

PennAction [61] contains 2,326 video clips of 15 sport and exercise categories with
per-frame joint annotations. The dataset includes fine-grained temporal annotations at the
sub-action (acteme) level. For this thesis, five classes are selected: Jumping Jacks, Pull-
Up, Push-Up, Squat, and Bench Press, comprising 853 samples. PennAction poses inter-
class confusion challenges due to the structural similarity between upper-body exercises
(push-up vs. bench press) and between lower-body exercises.

HAASO00 [14] is a recently introduced human-centric atomic action dataset contain-
ing 500 fine-grained activity categories, each with 20 curated high-quality video clips.
For this thesis, five classes are selected: Jumping Jack, Pull-Ups, Push-Ups, Sit-Up, and
Lunge, comprising 100 videos. HAAS500 is the most challenging of the three datasets due
to its small per-class sample count and fine-grained activity distinctions.

Z'l—.l turnltln Page 41 of 85 - Integrity Submission Submission ID  trn:oid:::27535:140031585



7) turnitin

g'r—.| turnitin

Page 42 of 85 - Integrity Submission

Chapter 2. Literature Review

Submission ID trn:oid:::27535:140031585

19

Table 2.1: Summary of representative pose-based and skeleton-based HAR methods

Method Classifier / Dataset(s) Accuracy Year
Architecture (%)

Vemulapalli et SVM on Lie MSR-Action3D, 88.2 / 2014

al. [49] group features G3D 92.0

Shahroudy et al. [41] Part-aware NTU RGB+D 62.9 2016
LSTM

Yan et al. [56] ST-GCN NTU RGB+D, Ki- 81.5 / 2018

netics 30.7

Liu et al. [30] Spatio- NTU RGB+D 69.2 2020
temporal
LSTM

Shi et al. [43] Two-stream NTU RGB+D 60  88.0 2019
AAGCN

Chen et al. [12] CTR-GCN NTU RGB+D 924 / 2021

60/120 88.9

Plizzari et al. [37] Spatial- NTU RGB+D 60 89.9 2022
temporal
Transformer

Sharma & ConvST- NTU RGB+D 90.1 2023

Singh [42] LSTM-Net

Cai et al. [8] SVM / RF on Custom fitness >90.0 2022
MediaPipe
features

Zhao & Zhang [64] SVM, RF, Multiple pose Upto94.0 2022
KNN, LR datasets

Yadav & Sharma SVM, RF, UCF101, PennAc- 98.1 / 2024

(This thesis, Ch. 3) KNN, LR, tion, HAAS500 95.4 /
XGBoost 93.0

Yadav & Sharma FFNN + PCA UCF101, PennAc- 98.25 / 2024

(This thesis, Ch. 4) tion 95.0
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2.8 Summary and Comparative Analysis

Table 2.1 summarises representative works in pose-based and skeleton-based HAR, in-
cluding their methodology, datasets, and reported accuracy, to contextualise the contribu-
tions of this thesis.

The review reveals several consistent trends. First, deep learning architectures par-
ticularly GCNs and transformers achieve the highest accuracy on large-scale general ac-
tion benchmarks such as NTU RGB+D and Kinetics, but their computational demands and
large model sizes make them unsuitable for deployment on edge devices. Second, clas-
sical machine learning classifiers combined with well-engineered pose descriptors deliver
competitive accuracy on structured activity sets particularly exercise and sports classes at
a fraction of the computational cost. Third, rigorous evaluation protocols are essential:
many reported results in the literature are inflated by data leakage arising from window-

L @ level splits that allow frames from the same video to appear in both training and test sets.

The contributions of this thesis directly address these observations by demonstrat-
ing that: (i) a unified statistical pose descriptor combined with five classical classifiers
achieves up to 98.1% accuracy on sports-specific benchmarks and (ii) a hybrid engineered
feature representation with PCA compression and a shallow FENN achieves 98.25% video-
level accuracy on UCF101 under a strict leakage-free evaluation protocol results that are
competitive with GCN-based methods at substantially lower complexity.

2.9 Research Gaps

Drawing on the review above, the following specific gaps in the existing literature directly
motivate the contributions of this thesis:

1. While several comparative studies of classical ML classifiers for HAR exist, none
provides a controlled, multi-dataset comparison specifically targeting sports and ex-
ercise activities under a unified pose descriptor and consistent 5-fold stratified cross-
validation protocol.

2. The integration of biomechanically motivated features joint angles, limb distances,
and temporal motion within a PCA-compressed sliding-window representation for
lightweight exercise recognition has not been previously explored.

3. Most sliding window HAR studies fail to ensure video-level separation between
training and test data, leading to data leakage. The use of video-level separation in
this thesis is thus essential.

4. Evaluation across multiple benchmark datasets with varying recording conditions
(UCF101, PennAction, HAA500) under identical feature extraction and classifica-
tion pipelines is largely absent from the sports HAR literature.
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5. Statistical reliability analysis through multi-seed evaluation and bootstrap confi-
dence intervals is rarely reported in lightweight HAR works, making it difficult to
assess the stability and reproducibility of reported results.
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CHAPTER 3

COMPARATIVE ANALYSIS OF MACHINE LEARNING MODELS
FOR SPORTS POSE-BASED HUMAN ACTIVITY RECOGNITION

This chapter presents a comparative study of five classical machine learning models SVM,
Random Forest, KNN, Logistic Regression, and X GBoost for sports-based Human Activ-
ity Recognition using MediaPipe extracted skeletal keypoints. A compact 396-dimensional
statistical feature representation is derived from 33 body landmarks and evaluated across
three benchmark datasets: UCF101, PennAction, and HAAS500. The study demonstrates
that SVM with RBF kernel consistently achieves the best performance, while confirm-
ing that lightweight pose-based descriptors combined with classical ML models offer an
efficient and privacy-preserving alternative to computationally expensive deep learning
approaches.

3.1 Introduction

HAR is very crucial in developing intelligent systems in the area of sports analytics, fit-
ness monitoring, and rehabilitation assessment. Vision based motion analysis on whole
videos is a very popular approach, and it works quite well under varying circumstances.
However, but it has disadvantages of high computational cost and immense data require-
ments. Considering this, we study pose-based Human Activity Recognition, which deals
with classifying skeletons key points into poses. This approach captures the structural
movement of the human body using a set of joint coordinates, thus enabling robust and
efficient activity recognition. It also significantly reduces computational load and data re-
quirements. Additionally, this paradigm ensures privacy. Human motion can be analyzed
using keypoints, without storing any identifiable visual data. This ability of recognition
and classification of various athletic motions, such as pushups, pullups, squats, and jump-
ing jacks, etc, is very critical in monitoring and analyzing the performance of athletes[10].
The ability to classify various motions enables automated coaching, performance analysis,
form analysis, and injury prevention. As mentioned, traditional HAR systems based on
CNNss trained on full-frame videos require high computational resources, thus impractical
for edge deployment in wearable devices or gym-based sensors, where the analysis based
on keypoint can work with ease.

The 2D human pose estimation frameworks, such as MediaPipe [33, 6], OpenPose[9],
and AlphaPose [16], are very efficient for extracting 2D human skeletons in real time on
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even low-end hardware. The Pose representations generated by these models result in a
structured form that depicts human body dynamics in a very concise manner, due to which
they are preferred when developing lightweight pose estimation systems. Building upon
the efficiency of such works, there have been various efforts on both Machine Learning
algorithms and lightweight Deep Learning architectures for recognition based on poses.
Though ML models such as SVM, RF, and KNN are computationally efficient and per-
form well on small datasets, recent DL models are more capable of learning non-linear
spatial temporal patterns in movement data [28, 42, 44].

There are still modern approaches other than MediaPipe BlazePose such as , RTM-
Pose which can break through the established academic bias that top-down approaches
must sacrifice speed. Top-down approaches can have both high accuracy and real-time
speeds [23]. Following this trajectory, YOLOVS8-Pose has emerged as a highly accurate
convolutional neural network architecture that unifies object bounding box detection with
keypoint estimation [54]. This unified architecture has drastically improved computational
efficiency by reducing the number of model parameters by 13.63% and floating-point op-
erations by 14.03% compared to previous baseline models [31].

Although several works focus on the HAR problem, only a few provide a side-
by-side comparison between various machine learning algorithms. Most previous works
either focused on large-scale general activities or used complex architectures that are un-
suitable for deployment in low-power or wearable [oT devices. Few works investigated the
trade-off between model complexity and performance across several datasets in the sports
domain. To fill these gaps, this work presents a comparative analysis of machine learning
approaches leveraging MediaPipe extracted pose keypoints. Evaluations have been carried
out on three benchmark datasets: UCF101, PennAction, and HAAS50O.

3.2 Related Work

HAR has greatly advanced thanks to advances in computer vision and machine learning.
Traditional methods of HAR used hand-crafted motion features computed from RGB or
depth videos (dense trajectories, optical flows). Deep Learning models such as 2D/3D
Convolutional Neural Networks (CNNs), RNNs, have proven successful in video HAR,
howeyver, they usually require large-scale annotated datasets, high computational cost, and
time-consuming training procedures. As a result, deep learning models are not suitable for
resource-constrained sports applications or edge devices. Also, using DL models trained
on RGB video can be an issue regarding privacy as well as dealing with complex back-
grounds and lighting conditions

[38]. Pose-based HAR has become increasingly popular due to its efficiency and
privacy protection. The main idea of pose-based action recognition is to represent human
motions not by the whole video frame but through a set of 2D or 3D keypoints, represent-
ing coordinates of certain body joints. Nowadays, frameworks such as MediaPipe[33, 6],
OpenPose[9] and AlphaPose [16] provide real-time and accurate skeleton estimation on
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commodity hardware. It makes it possible to apply ML algorithms to classify actions
using interpretive pose features instead of raw images [59].

3.2.1 HARn Sports

In sports, HAR is indispensable when assessing exercise quality, recognizing bad posture,
and helping train athletes. Early studies mostly employed wearable sensors or RGB mo-
tion tracking, but nowadays, pose-based approaches are becoming more prevalent due to
their efficiency and privacy concerns. It was proven that pose representation makes the
algorithm more robust to changes in background and enables focusing only on body kine-
matics. Squats, push-ups, lunges, and jumping jacks are examples of sports actions that
are well suited for pose representation since they have specific kinematic characteristics
[10].

Apart from classification, modern systems tend to monitor exercises in real time
and provide biomechanical feedback. Recently, it became possible to perform real-time
repetition counting and exercise form recognition through the combination of MediaPipe
and OpenCV [39, 50]. In addition, SmartFit makes use of this approach to help users
exercise better [4]. All this work is based on the foundations laid by the algorithms like
POGARS and Skeletor, where the superior robustness of pose-only representations was
first proven [2, 22, 55].

Nevertheless, all the current research mainly deals with single sports datasets or
exercise types, lacking evaluation across multiple sports datasets [8].

3.2.2 Machine Learning for Pose-based HAR

There has been a considerable success in using ML classifiers for skeleton-based HAR
owing to the simplicity, interpretability, and efficiency of such models [64]. SVMs are
popular because of their capacity to deal with high-dimensional data and obtain accurate
discrimination between different classes of activities. The RF model is known for its
noise resistance and good performance in cases of heterogeneous features. KNN works
well when solving small-scale problems where there are clearly defined clusters. The LR
model provides a good benchmarking result in terms of linear classification. The ensemble
methods like XGBoost are superior performers because of their ability to capture non-
linear relations and reduce overfitting through gradient boosting [11].

3.3 Methodology

This section discusses the architecture used for the training and evaluation processes of
our various ML models selected in our comparative research. The overall architecture
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Figure 3.1: Overview of the proposed pose-based HAR pipeline including MediaPipe pose
extraction, feature engineering, and ML-based classification

can be described in various phases which are: pose estimation using MediaPipe, feature
engineering and normalization, and classification using Machine Learning. The overall ar-
chitecture is shown in Fig. 3.1. It was uniformly applied to all three datasets UCF101 [45],
PennAction [62], and HAAS500 [14] and was limited to five classes of activity related to
sports or exercise in each dataset.

3.3.1 Preprocessing

The preprocessing is divided into various stages as explained below. Here, each video
sample undergoes the following stages:

Stage 1- Pose Estimation: Individual frames were processed using MediaPipe Pose [33,
6], which detects 33 body keypoints (X, y, z coordinates) as shown in Fig. 4.1. The model
estimates joint positions such as the shoulders, elbows, hips, knees, ankles, and other
anatomical points essential for describing athletic movements. The HAAS00 dataset con-
tains videos instead of frames so we directly processed the videos at their native frame rate
with approx. 25-30 FPS, which also helped in maintaining temporal consistency, allowing
the model to capture detailed motion patterns without downsampling. Frames where pose
detection was not reliable i.e., missing keypoints were discarded for ensuring consistent
skeleton information across clips. This affected less than 5% clips so overall it didn’t had
any major impact on the result.
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Figure 3.2: MediaPipe 33-Keypoint Skeleton Representation

Stage 2- Feature Construction: For each video sequence, the 2D pose coordinates (x, y),
and relative depth (2) were aggregated across all frames. Since temporal sequence model-
ing was not utilized, we used some statistical descriptors such as mean, standard deviation,
minimum, and maximum, which were computed for each joint coordinate, resulting in a
feature representation of 396 dimensions (33 keypoints x 3 coordinates x 4 descriptors).
Stage 3- Feature Normalization: All features were normalized using StandardScaler to
ensure uniform scaling and reduce inter-subject variation due to differences in camera
position or participant size or distance of camera from subject.

Stage 4- Model Training and Evaluation: The normalized features and their correspond-
ing activity labels were used to train all ML models. A 5-fold stratified cross-validation
scheme per dataset was used for model evaluation, ensuring balanced class distribution
in each fold. All models were trained using fixed hyperparameters to ensure a fair and
consistent comparison.

3.3.2 Datasets and Selected Sports Classes
Three benchmark datasets available in public domain were considered for training and

testing purposes, namely, UCF101 [45], PennAction [62], and HAAS500 [14]. From each
dataset, five sports-related action classes were chosen so as to keep uniformity in the nature
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of actions involved. The classes were chosen in such a way that each dataset offers well-
balanced representation of sports. The selected classes details are shown in Table 3.1.

Table 3.1: Selected sports activity classes from benchmark datasets

Dataset Selected Classes Samples
Body Weight Squats (112), Jumping Jack (123),
UCF101 Lunges (127), PullUps (100), PushUps (102) 564
. Jumping Jacks (112), PullUp (199), PushUp
PennAction ;1 'SitUp (100), Squat (231) 853
HAA500 Jumping_Jack (20), PullUps (20), PushUps 100

(20), SitUp (20), Lunge (20)

3.3.3 Pose Estimation and Feature Representation

MediaPipe Pose [33, 6] was used to extract human skeletal keypoints due to its accuracy

and real-time performance. For each frame ¢, MediaPipe provides 33 pose landmarks, and
each landmark 7 is represented as a 3-dimensional vector:

p = (@, 4", =) 3.1

where (z,y) denote normalized 2D coordinates, z is a relative depth offset (2.5D

representation). Since z is estimated from monocular RGB input, these values do not

represent true 3D world coordinates. Given a video clip with T frames, the raw pose

sequence is:
P {p

To obtain a compact, temporally invariant representation, we compute four statistical de-
scriptors over time for each landmark attribute: mean, standard deviation, minimum, and
maximum. For each landmark 7 and each attribute k£ € {z,y, z}, these statistics are de-
fined as follows:

¢=1,“3&t=L”wT}. 3.2)

T
1
. _ } : (t)
Mean: Hik = T — Pk (33)
L~ (.0 2
.o . o t .
Standard deviation: 0, = E ;:1 (piyk — ul’k> (3.4)

These descriptors are concatenated to construct the final feature vector, and each of
the 33 landmarks contributes 3 attributes and 4 statistical operations. Thus, the resulting
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feature dimensionality is:

f = [ﬂi,ka Ok, mini,ka maxi,k] (3.5)

i=1..33, ke{z,y,z} *

dim(f) = 33 x 3 x 4 = 396 (3.6)

Thus, each video clip is represented as a fixed-length, 396-dimensional pose-based de-
scriptor that captures key spatial and motion characteristics without requiring recurrent or
sequence-based temporal models.

3.3.4 Machine Learning Models

We used five ML models in this work to classify sports activities according to pose fea-
tures.

1. Support Vector Machines (SVM): Employed with the Radial Basis Function kernel
in order to achieve the ability to capture non-linear boundaries between classes of
activity allowing a balance of separation in the pose feature space.

2. Random Forest (RF): An ensemble consisting of two hundred decision trees, useful
for understanding the importance of features, and helping to limit the consequence
of overfitting through randomization from multiple weak learners.

3. K-Nearest Neighbors (KNN): A non-parametric baseline classifier that defines a
class label based on majority vote within the k-nearest neighbors.

4. Logistic Regression (LR): Introduced with L2 regularization as a lightweight linear
baseline to understand the separability of the pose-based feature distributions.

5. XGBoost: An ensemble boosting algorithm that builds on top of previously weaker
learners is efficient in its design to minimize classification error sequentially [11].
Within the pose features, it allowed a capture of non-linear relationships while lim-
iting overfitting.

3.3.5 Evaluation Metrics

The model performance was quantified using four metrics: Accuracy (Acc), Precision (P),
Recall (R), and F1-Score (F1). Each model was evaluated using 5-fold stratified cross-
validation, and the metrics (Accuracy, Precision, Recall, and F1-score) were averaged
across the five folds.
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L] @ 3.3.6 Implementation Details
All experiments were implemented in Python 3.12 using Scikit-learn for ML models. Me-
diaPipe Pose was used for keypoint detection, and NumPy along with Pandas handled data
preprocessing. The training was done on Google Colab with a standard GPU runtime.

- @ 3.4 Results Analysis
This section presents a comparative evaluation of five ML models on three sports-oriented

datasets: UCF101, PennAction, and HAAS500. Each experiment used the same 396-
L] @ dimensional pose-based feature representation described in Section 3.3 .

3.4.1 Results on UCF101
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Figure 3.3: Performance comparison on UCF101 dataset

SVM (RBF) achieved the best performance on UCF101 with 98.1% accuracy and
the highest precision/recall, showing strong generalization on the pose features. LR and
XGBoost also performed competitively above 96%, while KNN remained the weakest due
to its sensitivity to feature-scale variations. The detailed results are presented in Table 3.2
and Fig. 3.3 illustrates the accuracy and training-time comparison of the models.
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Figure 3.4: Performance comparison on PennAction dataset

3.4.2 Results on PennAction

As shown in Fig. 3.4, the performance of the ML models varies across the PennAc-
tion dataset. Both XGBoost and Logistic Regression achieved the highest accuracy of
95.4%, with XGBoost showing slightly higher recall. Random Forest also performed well
(95.2%), while SVM and KNN lagged slightly behind. Table 3.2 summarizes the complete
evaluation.

3.4.3 Results on HAAS00

HAASO00 proved to be the most challenging dataset, yet SVM (RBF) still achieved the
highest accuracy (93%) and F1-score. Logistic Regression and XGBoost also performed
strongly, while Random Forest and KNN showed comparatively lower performance. The
full results are shown in Table 3.2 and Fig. 3.5 shows the model comparison on HAAS500.
3.4.4 Opverall Performance Analysis

As shown in Fig. 3.6 the comparative study reveals that SVM (RBF) provides the most

reliable performance across heterogeneous sports datasets, achieving top accuracy on
UCF101 (98.1%) and HAAS00 (93%). Logistic Regression and XGBoost also showed
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Figure 3.5: Performance comparison on HAA500 dataset

Table 3.2: Performance of ML models across all datasets (5-fold CV)

Dataset Model Accuracy Precision Recall F1-Score Train Time (s)
KNN 0.894 0.900 0.894 0.895 0.001
Logistic Regression 0.972 0.974 0.971 0.972 0.953
UCF101 Random Forest 0.966 0.967 0.967 0.967 1.403
SVM (RBF) 0.981 0.981 0.981 0.980 0.020
XGBoost 0.968 0.972 0.968 0.969 20.425
KNN 0.920 0.925 0914 0.916 0.001
Logistic Regression 0.954 0.955 0.949 0.950 0.387
PennAction Random Forest 0.952 0.950 0.949 0.947 1.430
SVM (RBF) 0.938 0.939 0.937 0.934 0.018
XGBoost 0.954 0.953 0.951 0.950 13.761
KNN 0.82 0.860 0.82 0.812 0.001
Logistic Regression 0.91 0.929 0.91 0.909 0.100
HAAS500 XGBoost 0.90 0914 0.90 0.900 1.700
Random Forest 0.88 0.902 0.88 0.881 0.609
SVM (RBF) 0.93 0.949 0.93 0.931 0.005

competitive results, particularly on PennAction, where both reached 95.4% accuracy. En-
semble methods demonstrated strong recall due to their ability to capture non-linear vari-
ations in pose features. KNN performed the weakest, reflecting its sensitivity to high-
dimensional spaces. Since inference only relies on precomputed 396-dimensional pose
features and MediaPipe runs in real time on CPU/GPU, the entire pipeline can operate
close to real-time on standard edge hardware.
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Figure 3.6: Performance comparison of the best ML models across the datasets

3.5 Summary

On the three sports-oriented benchmarks: UCF101, PennAction, and HAA500 , com-
paring the performances it clearly shows that SVM (RBF) offers the best performance
with reliable overall performance for pose-based action recognition, reaching the highest
accuracy on both UCF101 (98.1%) and HAAS00 (93%), while Logistic Regression and
XGBoost performed comparably, especially on PennAction. where both reached 95.4%.
All models had more than 80% average accuracy, thereby confirming that skeletal descrip-
tors alone contain sufficiently rich motion cues for distinguishing sports actions. Despite
the strong results, the approach has certain limitations: temporal dynamics are reduced
to simple statistical summaries, pose only inputs lack contextual information from RGB
frames, and MediaPipe provides only 2.5D joint estimates. These factors may restrict per-
formance in highly complex or ambiguous actions, especially when multiple sub-actions
overlap temporally or when transitions between exercises occur without clear pose bound-
aries.

Further research will involve the use of LSTMs for enhancing temporal modelling
as seen in the recent spatiotemporal LSTM-based HAR systems [42, 44]. Whether GRUs
or transformer models are used, they will be able to detect more precise motion dynamics
within consecutive frames. Other future areas of improvement could include 3D pose
estimation and multi-modal data fusion in more difficult applications such as multi-person
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pose estimation in team sports. The use of wearable IMUs and inertial units is another way
to enhance performance in occluded scenes and complex body interactions in athletics.

The proposed pose-based approach supports privacy preserving activity monitoring
by avoiding the use of identifiable RGB video data. Its lightweight computation makes
realtime feedback feasible on low cost devices, enabling accessible fitness guidance and
home-based rehabilitation. These aspects demonstrate practical value and potential social
benefit in applications in sports, healthcare, and wellness.
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CHAPTER 4

LIGHTWEIGHT POSE-BASED MULTI-CLASS EXERCISE
RECOGNITION USING PCA-COMPRESSED SKELETAL
FEATURES

This Chapter presents a lightweight pose-based exercise recognition method using PCA-
compressed skeletal features instead of RGB data. It combines engineered motion fea-
tures with a simple neural network to achieve high accuracy while reducing computational
complexity. The approach demonstrates efficient and reliable performance on benchmark
datasets, making it suitable for real-time applications.

4.1 Introduction

Human Activity Recognition (HAR) has become a fundamental problem in the computer
vision field because it can be employed in tasks such as smart surveillance, fitness mon-
itoring, rehabilitation, and human-computer interfaces [19, 20, 42]. The latest advance-
ments in deep learning have also demonstrated very high performance based on RGB con-
volutional and transformer networks such as TimeSformer and Video Swin Transformer
[7, 32]. Despite this success, these models are very computationally intensive, require
large-scale data sets as well as prone to background clutter, change of illumination, and
point of view. Skeleton-based HAR addressing these limitations is based on the concept
of modeling motion with human pose keypoints rather than uncoded pixel values [30].
Graph Convolutional Networks (GCNs) form the basis for spatial-temporal dependence
on joint graphs, including CTR-GCN and PoseC3D [12, 43, 15, 56]. However, they usu-
ally need complicated graph representation and a large amount of parameters [63], which
may be unnecessary with organized and biomechanically different processes such as ex-
ercise movements. Recent HAR research has explored efficient transformer variants and
lightweight graph-based models to reduce computational burden. However, many such
methods still require complex architectures, large-scale training data, or specialized op-
timization. In contrast, the proposed method relies on interpretable engineered skeletal
dynamics and dimensionality reduction, making it suitable for resource-constrained de-
ployment scenarios.

Pose-based pipelines have gotten smaller and are now of interest with an increasing
interest in deployable and lightweight systems [37]. It is possible to effectively carry out
on-device keypoint detection with BlazePose [6] frameworks that detect pose keypoint
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in real time. The former article conjectures that engineered skeleton attributes as well
as shallow classifier and dimensionality shrinkage, can produce competitive performance
and reduce the complexity of the model [62, 37]. In addition, sliding-window HAR may
be susceptible to inappropriate window-level segmentation that introduces data leakage
and inflated accuracy, which explains why there is a need to have rigorous video-level
assessment procedures [63].

The work will describe an uncomplicated pose-based multi-class exercise recog-
nition system, using skeletal movements compressed with PCA. It takes into account a
five-class subset of the UCF101 dataset, who are JumpingJack, PullUp, PushUp, Body-
WeightSquats and Lunges [45]. Further, a five-category subset of PennAction dataset
[62] is also considered and they are squat, pushup, pullUp, JumpingJack and BenchPress.
Human poses are extracted using BlazePose [6] and a small 13-joint configuration is em-
ployed to make a significant tradeoff between discriminative power and a tradeoff between
computational efficiency.

Frame-level features are hybrid representations constructed by combining spatial
joint coordinates, temporal motion features, joint angles, and limb distances. Sliding win-
dows (30 frames with a stride of 15) are tallied to form a 2040 dimensional presentation
which is subsequently reduced to 120 dimensions by Principal Component Analysis (95%
of the variance preserved). The neural network (FFNN) classifier is trained under a rigid
protocol of video-level division in an attempt to prevent data leakage.

On the UCF101 subset, the proposed model achieves 96.0% window-level accuracy
and 98.25% video-level accuracy using majority voting. On the PennAction dataset, the
model achieves 95.5% window-level accuracy and 95.0% video-level accuracy. Such re-
sults suggest that powerful multi-class exercise recognition can be achieved through the
well-designed and compressed skeletal models, with only fractions of the architectural
complexity of graph-based heavy models.

The key novelty of this work lies in demonstrating that compact skeletal representa-
tions combined with PCA-based temporal compression and a shallow feed-forward classi-
fier can provide competitive recognition performance without requiring heavy graph con-
volutional or transformer architectures.

4.2 Methodology (Pipeline and Skeleton Representation)
4.2.1 Skeleton Generation

MediaPipe BlazePose was used to detect human poses in every single frame of each video
and offers 2D keypoint detection in real-time. The BlazePose [6] produces 33 body land-
marks, but to cut down on redundancy, a 13-joint body part set was used, but still provides
discriminative motion information.

Joints that have been chosen are: neck (calculated as the mid point of the shoulders),
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Figure 4.1: Selected 13-joint skeleton configuration

®0 left and right shoulders, elbows, wrists. hips, knees and ankles. This arrangement is able to

capture the necessary upper- and lower-body dynamics, and leave out facial and fine-scale
hand landmarks, which are less informative to exercise recognition.

The selected 13-joint subset covers the principal upper-body and lower-body artic-
ulations involved in the considered exercises, including shoulders, elbows, wrists, hips,
knees, and ankles. These joints capture the dominant motion patterns of push-ups, pull-
ups, squats, lunges, and jumping jacks, while excluding facial and fine-grained landmarks
that contribute limited discriminative value and increase feature dimensionality.

Each frame is represented as:

13 joints x 2 coordinates = 26 spatial features 4.1)

4.2.2 Skeleton Preprocessing

The normalization was done in two phases to guarantee the invariance to camera transla-
tion and subject-scale.

Translation normalization: The coordinates of all the joints were transformed in a way
that the neck joint was the origin. This eliminates unintentional spatial imbalances due to
the position of the camera.

Scale normalization: The average length of torso (between neck and hips) was calculated
as a scaling factor. They divided all the coordinates by this factor in order to normalize the
size of the subject and the distance of the camera. This preprocessing guarantees spatial
consistency in the videos shot with different viewpoints and proportions of the subject.
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Figure 4.2: Overview of the proposed pose-based exercise recognition pipeline

4.2.3 Feature Extraction

A hybrid feature vector was generated using spatial, temporal, and biomechanical data of
every normalized frame.

 Spatial Coordinates: 26 variables of normalized joint positions.

* Motion Features: Frrame-to-frame velocity computed from joint coordinate differ-
ences. This adds 26 motion features.

* Joint Angles: Angles of eight biomechanically relevant joints (elbows, knees, shoul-
ders, hips) were calculated with vectors to determine an angle.

* Limb Distances: Structural relationships were represented by computing eight dis-
tance features between anatomically joined joints.

The total frame-level feature dimension is:

26 (spatial) + 26 (motion) + 8 (angles) + 8 (distances) = 68 features 4.2)

4.2.4 Temporal Modeling
In order to model short-term dynamics of the motion, overlapping sliding windows were

used with the window length equal to 30 frames and the stride length equal to 15 frames.
Each window is a feature vector of:
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30 x 68 = 2040 features 4.3)

This approach captures temporal context as well as maintains lower computational
cost.

4.2.5 Dimensionality Reduction

In order to eliminate the redundancy within the 2040-dimensional window representation,
the Principal Component Analysis (PCA) was employed. PCA was only conducted on
the training data with a 95% variance retention value. The reason for selecting 95% vari-
ance retention was to achieve a good compromise between retaining informative motion
structures and eliminating redundancies. Through the experiments, the dimensionality re-
duction achieved through this configuration reduced the 2040-dimensional temporal rep-
resentation into 120 and 91 dimensions for UCF101 and PennAction respectively, without
significantly compromising recognition accuracy, suggesting that the technique achieved
good feature compaction. The same fitted PCA was then used for transforming the testing
data in order to avoid data leaking while significantly reducing computational power.

4.2.6 Classification Model

The final classifier was a lightweight FFNN. The network takes the feature vector of the
PCA-compression as input and has three fully connected hidden layers with 256, 128 and
64 neurons respectively. The activation of every hidden layer is that of ReL.U, dropout at
a rate of 0.3 is used to enhance regularisation and minimise overfitting. The last output
layer has five neurons that represent exercise classes. The remaining parameters that were
used to train the model were the CrossEntropy loss function and the Adam optimiser with
a learning rate of 0.001. The batch size was 64 and the maximum number of epochs was
30. To avoid overfitting, early stopping was used with the patience of five epochs, which
was decided upon using validation performance.

4.3 Experimental Results
4.3.1 Datasets

Two benchmark human action datasets were experimented to determine performance on
multiple datasets. The number of classes used was five out of the 101 in the UCF101, and it
included Lunges, PushUp, BodyWeightSquats, JumpingJack, and PullUp. A strict video-
level 80/20 split was used to prevent window-level data leakage, which resulted in 3040
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training windows, 850 test windows and 114 distinct test videos. The lightweight, pose-
based pipeline was loaded to a five-class subset of PennAction, composed of JumpingJack,
PullUp, PushUp, Squat, and BenchPress. The same 13-joint pose model, normalization,
hybrid feature extraction, windowing (30 frames, stride 15) and PCA compression (95%
variance retention) were used. Video-level 80/20 stratified cut was used strictly.

4.3.2 Implementation Details and Evaluation Metrics

The framerwork was implemented using PyTorch. To prevent data leakage PCA was fitted
exclusively on training data and applied to test data. The 2040-dimensional temporal
features were reduced to 120 dimensions for UCF101 and 91 dimensions for PennAction
while retaining 95% variance after using PCA. The model was trained using the Adam
optimizer (learning rate = 0.001), with a batch size of 64 and a maximum of 30 epochs.
Early stopping (patience = 5) based on validation performance was employed to prevent
overfitting. Performance was evaluated at both window-level and video-level. At the
window-level, standard classification metrics including Accuracy, Precision, Recall, F1-
score, confusion matrix, ROC, and PR curves were used. Majority Voting [25] was used
for final predictions for video level across all windows of that video.

4.4 Result Analysis

The proposed method works robustly on both data-sets, 96% acc (F1 = 0.96) on UCF101
and 95.5% (F1=0.95) on PennAction. For statistical evaluation, five random seeds are
tested for proposed framework. The window level acc is 96.77% + 0.22% and the video
level acc is 98.09% =+ 0.85%. Also the 95% confidence interval were [96.50%, 97.03%]
and [97.03%, 99.14%] respectively, which shows robustness and stability over various
runs.

Additionally, bootstrap resampling of the test predictions produced a window-level
95% confidence interval of [93.86%, 96.74%)], further supporting the robustness of the
reported results.

4.4.1 Ablation Study

To validate the contribution of individual components, an ablation study was conducted on
UCF101 dataset as presented in Table 4.1. The results show that PCA and temporal motion
features are key contributors to performance. Removing PCA reduces accuracy, while
excluding motion features causes the largest degradation, highlighting the importance of
temporal dynamics. The proposed FENN outperforms classical baselines and achieves
competitive performance with LSTM at lower computational cost.
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Table 4.1: Ablation and Baseline Comparison (UCF101)

Method Accuracy (%)
Proposed (Full Model) 96.0
w/o PCA 92.8
w/o Motion Features 90.5
w/o Joint Angles 91.7
w/o Limb Distances 923
SVM 88.6
Random Forest 90.2
LSTM 93.5

Table 4.2: Window-Level Classification Performance on UCF101 and PennAction

UCF101 PennAction
Class P R F1 Sup| P R F1 Sup
JumpingJack 098 1.00 099 102|1.00 1.00 1.00 10
PullUp 0.97 097 097 155|1.00 0.97 099 110
PushUp 091 0.99 095 79 [{0.97 0.90 093 62
Squats / BodyWeightSquats 0.97 0.90 0.93 170]0.92 0.97 0.94 226
Lunges / BenchPress 095 0.95 095 344 (091 0.86 0.89 103
Accuracy 0.96 (850) 0.95 (511)

4.4.2 Window-Level Performance

The model achieves high precision and recall across both datasets as shown in Table 4.2.
Minor confusion is observed between squats and lunges in UCF101 due to similar lower-
body motion patterns, while in PennAction, confusion primarily occurs between PushUp
and BenchPress, as well as among lower-body exercises due to similar pose configurations.

4.4.3 Video-Level Performance
Temporal aggregation via majority voting improves performance, achieving 98.25% (F1

=0.98) on UCF101 and 95.0% (F1 = 0.95) on PennAction. The gain over window-level
results indicates improved stability and reduced prediction noise as shown in Table 4.3.

Table 4.3: Video-Level Classification Performance on UCF101 and PennAction

UCF101 PennAction

Class P R F1 Sup| P R F1 Sup
JumpingJack 1.00 1.00 1.00 20 [1.00 1.00 1.00 10
PullUp 098 098 098 30 [1.00 097 0.99 39
PushUp 097 096 096 18 [1.00 0.89 0.94 35
Squats / BodyWeightSquats 0.97 0.95 0.96 25 |0.92 0.96 0.94 46
Lunges / BenchPress 098 0.98 098 21 [0.87 096 091 27
Accuracy 0.9825 0.95
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PCA Reduction Accuracy vs Dimensions
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Figure 4.3: (Left) PCA dimensionality reduction from 2040 to 120/91. (Right) Accuracy
vs. feature dimensions around 120 dimensions

4.4.4 Discussion

The robustness of the representation is verified by evaluations using two independent
datasets. Even though UCF101 and PennAction differ in terms of recording conditions
and performer variance, our framework is able to produce consistent results, demonstrat-
ing excellent generalization ability. As shown in Fig. 4.3, the use of PCA allows us to
reduce the dimensionality of the features from 2040 down to 120 (UCF101) and 91 (Penn-
Action), thus proving the presence of high redundancy in the temporal features. Moreover,
the trend in accuracy clearly indicates that removing redundant features leads to improved
results, achieving their maximum at around 120 dimensions and being stable afterwards,
which highlights the usefulness of PCA.

Furthermore, we can see that our lightweight FFNN model outperforms more so-
phisticated spatio-temporal approaches, such as CTR-GCN and PoseC3D, while being
computationally more efficient. Thus, the experiment shows that carefully crafted skeletal
features along with feature dimensionality reduction can be considered as a feasible alter-
native to sophisticated spatio-temporal networks. Finally, the rigorous video-level splitting
helps avoid data leakage in the experiments, resulting in reliable generalization ability.

4.5 Summary

This chapter presents a lightweight pose-based multi-class exercise recognition method us-
ing PCA-compressed skeletal dynamics. The method combines engineered spatial, tem-
poral, and biomechanical features with dimensionality reduction and a shallow FFNN,
avoiding computationally expensive graph-based architectures. It achieves 96% (window-
level) and 98.25% (video-level) accuracy on UCF101, and 95.5% and 95.0% on PennAc-
tion. These results confirm that compact skeletal representations with PCA can achieve
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strong recognition performance with low computational cost, making the approach suit-
able for real-time and resource-constrained environments. Future work will focus on scal-
ing to larger datasets (e.g., NTU RGB+D), using 3D pose representations, and exploring
lightweight temporal attention mechanisms for improved temporal modeling.
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CHAPTER 5

= © RESULTS AND ANALYSIS

This chapter presents a comprehensive evaluation and comparative analysis of the two
proposed approaches: (i) a machine learning-based pose classification framework using
statistical skeletal features, and (ii) a lightweight deep learning approach using PCA-
compressed skeletal dynamics. The first study is evaluated on 3 benchmark dataset UCF101,
PennAction, HAAS500 and the second study is evaluated on 2 benchmark datasets UCF101
and PennAction.

5.1 Overall Performance Comparison

Both methods illustrate the effectiveness of using pose representations in HAB with very
little computational cost. The machine learning method proves to be very effective for
many datasets, while the PCA method is almost equally accurate and more efficient.

Table 5.1: Overall Accuracy Comparison of Proposed Approaches

Dataset ML-Based (Best Model) | PCA-Based (Window) | PCA-Based (Video)
UCF101 98.1% (SVM) 96.0% 98.25%
PennAction 95.4% (LR/XGBoost) 95.5% 95.0%

5.2 Dataset-wise Analysis

The ML-based method gives the best peak accuracy when it is at its best, whereas the PCA-
based model has similar performances with less complex and a better temporal modeling.
Both of the methods get very high accuracy on the UCF101 dataset. PennAction per-
forms well in both approaches (with similar performance, around 95%), suggesting that
pose based features are discriminative enough, irrespective of different modeling strate-
gies. With higher variability and complexity of actions, performance is slightly reduced
on HAAS500. But SVM remains very effective, thus showing the robustness of statistical
pose features.
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5.3 Model Performance Comparison

Two performance metrics (accuracy, F1-score) were used to assess the performance of
different machine learning models on three benchmark datasets (UCF101, PennAction,
HAASO00). In general, Support Vector Machine (SVM) and Logistic Regression (LR) can
be seen to have strong performance across the sets with highest performance of SVM in
UCF101 and HAA500. LR and XG-Boost have similar and better performance on PennAc-
tion dataset. Random Forest (RF) and XGBoost are ensemble classifiers that perform well
and have stable results, effectively capturing non-linear patterns. In comparison, KNN
does not perform very well for any dataset, possibly because of its sensitivity to feature
scaling and high-dimensional data. The results reveal the usefulness of linear and margin
based classifiers in human pose based activity recognition tasks.

Table 5.2: Performance of ML Models Across Datasets

Dataset Model | Accuracy | F1-Score Remarks
SVM 98.1% 0.98 Best performer
LR 97.2% 0.97 Strong baseline
UCF101 RF 96.6% 0.96 Stable performance
XGBoost | 96.8% 0.96 Good non-linear modeling
KNN 89.4% 0.89 Sensitive to scaling
LR 95.4% 0.95 Best performer
XGBoost | 95.4% 0.95 Comparable to LR
PennAction RF 95.2% 0.94 Stable
SVM 93.8% 0.93 Slight drop
KNN 92.0% 0.91 Weakest
SVM 93.0% 0.93 Best performer
LR 91.0% 0.91 Strong baseline
HAAS500 | XGBoost | 90.0% 0.90 Competitive
RF 88.0% 0.88 Moderate
KNN 82.0% 0.81 Weakest

5.4

Window-Level vs Video-Level Performance

A key advantage of the PCA-based approach is the temporal modeling using sliding win-

dows and majority voting.
The results showcases that video-level aggregation improves stability and reduces

prediction noise, hence improving overall accuracy of the model.
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Table 5.3: Window-Level vs Video-Level Performance

Dataset Window-Level Accuracy | Video-Level Accuracy
UCF101 96.0% 98.25%
PennAction 95.5% 95.0%

5.5 Feature Effectiveness and Ablation Analysis

The PCA approach highlights the importance of feature design and dimensionality reduc-
tion. PCA is used to reduce the number of features from 2040 to almost 120 without losing
95% of the variance, thus improving the computational efficiency.

Table 5.4: Ablation Study on UCF101 (PCA-Based Model)

Configuration Accuracy
Full Model 96.0%
Without PCA 92.8%

Without Motion Features 90.5%
Without Joint Angles 91.7%
Without Limb Distances 92.3%

The results indicate that temporal motion features and PCA contribute positively
into performance of model.

5.6 Computational Efficiency

Both approaches are computationally efficient compared to deep learning methods:

* ML-based approach uses fixed 396-dimensional feature vectors with fast training
time.

* PCA-based approach reduces high-dimensional temporal features and uses a lightweight
FFNN.

These characteristics make both methods suitable for real-time deployment on edge
devices.

5.7 Key Observations

* The accuracy of Pose-based HAR is high and does not require RGB data.
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* In terms of consistency across datasets, SVM is the most consistent out of all the
ML models.

* The temporal modeling based on PCA enhances robustness and stability.

* In lightweight systems, feature engineering is a crucial component.

Both methods are applicable to several datasets and have a good generalization prop-
erty.

5.8 Conclusion of Analysis

The co-evaluation shows the efficiency and accuracy of both methodologies in the con-
text of pose-based activity recognition. The PCA-based approach is more robust and im-
proves the temporal modeling capabilities, whereas the ML models are easy to implement
and have a good baseline performance. These results validate the viability of using the
lightweight skeletal models to substitute for expensive deep learning models in real-world
HAR scenarios.

5.9 Statistical Reliability

The robustness of the PCA-based model was assessed by running the model several times
using different random seeds. The model showed a high mean accuracy of 96.77% with
SD (standard deviation) of £0.22% at window level, which means that the model has
stable performance. Furthermore, the consistency of results was further confirmed by
using confidence intervals and bootstrapping over various data splits, showing that the
proposed approach generalizes well across splits.

5.10 Comparative Discussion

The comparison makes it clear that there is a trade off between simplicity and temporal
modelling. The ML-based approach is easier to implement, is fast, and performs well
without a high degree of complexity. But there is no explicit temporal modelling. The
PCA-based approach, however, integrates temporal dynamics in the form of sliding win-
dows, and dimensionality reduction, which yields greater robustness and stability at the
video level.

In conclusion, both methods are successful, but the method based on PCA is more
suitable for real-world applications due to its superior performance and scalability.
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CHAPTER 6
CONCLUSION, FUTURE SCOPE AND SOCIETAL IMPACT

6.1 Conclusion

In this thesis, a detailed investigation of pose-based Human Activity Recognition (HAR)
approaches was conducted focusing on lightweight algorithms that could be implemented
in practice. The two approaches examined in this study include machine learning algo-
rithms using statistical skeletal features, as well as PCA with compressed skeletal dynam-
ics, which are modeled using a feed-forward neural network. The results of experiments
conducted on various benchmarks, including UCF101, PennAction, and HAAS500, showed
that pose-based representations could be highly accurate even without the implementation
of computationally expensive RGB models. Particularly, machine learning algorithms pro-
duced highly accurate results, and the most successful among those tested were Support
Vector Machines. Meanwhile, the PCA-based approach proved to be highly robust thanks
to temporal modeling and dimensionality reduction.

Thus, it is possible to state that pose-based approaches combined with light models
could efficiently recognize human activities. Besides, PCA allows for considerable di-
mensionality reduction in feature space without any loss of discriminative power, which
increases the efficiency of computations.

6.2 Future Scope

Despite the promising performance, there are certain aspects that could be improved in the
system:

* Temporal Deep Learning Models: Application of sequence-based models like
LSTM, GRU, and transformers would benefit from modeling temporal dependen-
cies.

* 3D Pose Estimation: The extension of the framework for the true 3D skeleton data
will improve accuracy and give more information regarding the position of body
parts. This would be particularly useful for difficult actions.

* Multi-Person Activity Recognition: Development of the approach towards recog-
nition of several people at once will be useful for practical application such as in
sports analysis and surveillance.
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* Multi-Modal Fusion: Using other types of modalities along with pose estimation
data like RGB images, depth, and IMUs will increase the robustness of the approach
in challenging environmnets.

* Real-Time Deployment: Optimization of the system for deployment in real-time
settings, including edge computing on devices like smartphones and embedded sys-
tems, and wearable devices such as fitness trackers.

* Scaling to Large Data: Evaluation of the proposed approaches on a large scale, for
instance on the NTU RGB+D dataset.

6.3 Societal Impact

Proposed pose-based HAR systems have great potential in terms of positive societal im-
pact:

* Healthcare and Rehabilitation: Monitoring of exercise using HAR can be helpful
in rehabilitating patients, allowing them to perform their exercises autonomously
without continuous supervision.

* Fitness and Wellness: Applications that provide intelligent guidance for perform-
ing exercises will help people avoid injuries and lead to improved health outcomes.

* Sport Performance Analysis: Athletes/trainers could make use of the system for
analysis of movements in their bodies and improve their performance and decrease
the probability of injury. Preserving

* Privacy: As opposed to prior systems that obtain visual features from RGB frames,
the developed method does not take any images that can identify people, so it can
be applied to privacy-aware application.

» Accessibility: Its light-weight design will allow powerful monitoring applications
to be carried out even in low resource environments.

However, there are several aspects to be taken care of:

* Generalization: small amount of data can lead to over-fitting, and then performance
on unseen data will deteriorate.

 Ethical Considerations in applications: the implementation of activities like mon-
itoring using HAR technologies must be handled carefully.

In summary, the HAR can be utilized for many health and fitness related applications and
will have a potential to help in building intelligent systems
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