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ABSTRACT

This thesis aims to develop robust and adaptive methods for activity recognition
in challenging environments involving occlusions, low visibility, complex motion pat-
terns, and dynamic backgrounds. While conventional methods have shown promise
using handcrafted features or template-based models, their performance significantly
degrades under real-world conditions due to limitations in generalization, sensitivity
to noise, and dependency on clean, well-labeled datasets. To address these issues,
the work explores multiple directions, including skeleton-based recognition, spatial-
temporal modeling, attention mechanisms, low-light enhancement, and multimodal
fusion. The proposed methods are designed to enhance both the accuracy and robust-
ness of recognition systems in real-world settings.

Initially, the thesis outlines a systematic literature review that analyzes 88 key pub-
lications from 2014 to 2024, selected from over 8,664 research papers. This review cat-
egorizes state-of-the-art HAR techniques based on their architectures, datasets, evalu-
ation strategies, and challenges, highlighting the research gaps in handling real-time,
noisy, and occluded scenarios. Based on these insights, a set of machine learning and
deep learning frameworks, models and algorithms are proposed.

The second work introduced a ConvST-LSTM-Net for skeleton-based activity recog-
nition. This model identifies and processes only the most informative skeletal keyjoints
in each frame, leveraging convolutional and spatiotemporal LSTM layers for effec-
tive long-term sequence modeling. To capture subtle spatial-temporal variations in
video clips, a spatial-temporal attention-based, i.e., STAD-ConvBi-LSTM model is
developed in the third work. This architecture integrates a dual attention mechanism
with convolutional and bi-directional LSTM networks to extract discriminative human-
centric features. The method demonstrates exceptional performance across various
datasets and a custom synthetic dataset, achieving recognition accuracies exceeding
96%. For recognizing the challenge of occlusion in skeleton-based data, a Multi-
Stream Part-Aware Spatial-Temporal Graph Convolutional Network as MSPAST-GCN
is proposed. This model uses a part-aware inhibition strategy and a graph convolution-
based architecture to effectively model keyjoint relationships, even in the presence
of missing or noisy data. It outperforms prior methods with a 6% accuracy gain on
occlusion-affected datasets. For video-based activity classification, a hybrid model
named MV-DBiLSTM is presented, which combines MobileNetV2 for spatial feature
extraction with a Deep Bi-LSTM network for learning temporal dependencies. This
framework balances computational efficiency and deep temporal reasoning, making it

vi



suitable for deployment in smart systems. In visually challenging conditions like low-
light environments, where traditional recognition systems face challenges. This thesis
proposes a low-light enhancement pipeline integrated with HAR models. A combina-
tion of local enhancement modules and transformer-based global adjustment is used
to improve visibility without distorting critical features. This significantly improves
activity detection in surveillance scenarios under poor lighting.

All proposed models are rigorously validated across benchmark and synthetic datasets
using both quantitative and qualitative assessments. The analysis demonstrates that
all the presented methods outperform contemporary approaches in terms of recogni-
tion accuracy, temporal consistency, and adaptability to diverse real-world conditions.
Overall, this thesis contributes multiple novel activity recognition architectures tai-
lored for different challenges: occlusion, temporal complexity, lighting conditions,
and data constraints. These contributions enable the development of more smart, intel-
ligent, reliable, and context-aware recognition systems, with impactful applications in
surveillance, healthcare, smart homes, and assistive technologies.
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Chapter 1

INTRODUCTION

Activity Recognition (AR), a subfield of computer vision, focuses on identifying and
interpreting the actions, behaviors, or intentions of an agent, whether it is an individual,
group, or object, engaged in some specific goal. When the agent is human, this process
is specifically termed as Human Activity Recognition (HAR), which aims to analyze,
detect, and classify activities of humans through interaction with their environment or
other individuals. It involves developing algorithms capable of processing multimodal
inputs, i.e., RGB, depth, and infrared, to classify, detect, and understand both coarse
and fine-grained human activities within a given temporal and spatial context. This
chapter provides a comprehensive background on activity recognition, including fun-
damental concepts, system architecture, and core terminology. It also outlines preva-
lent challenges in sensor-based analysis, video-based analysis and highlights a wide
range of real-world applications. Further, this chapter discusses the research problem
statement, key contributions, scope, and motivation behind the study, its significance,
and the systematic organization of this thesis.

1.1 Activity Recognition

The rapid advancement and integration of computer vision technologies into real-world
applications have significantly increased the demand for accurate and efficient algo-
rithms capable of understanding complex human visual patterns. These extend their
capability by interpreting dynamic, temporal patterns associated with human activities
or behavior. These systems must not only detect and classify the normal or abnormal
activities but also model motion trajectories, temporal dependencies, and contextual
interactions, making it a highly challenging yet essential task in computer vision. It
focuses on the automatic detection and classification of human activities using visual
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1.1. Activity Recognition

data, such as images and video sequences. As a fundamental task in computer vision,
AR underpins a wide range of applications in the real world, including surveillance,
healthcare monitoring, assistive technologies, human-computer interaction, and smart
environment systems. By enabling machines to understand human behavior in con-
text, these systems serve as a cornerstone for developing adaptive and smart systems
across diverse domains. Despite significant advancements, some challenges still exist,
especially in real-world, unconstrained environments. It involves recognizing a single
activity within a pre-segmented video clip and assigning it to the correct class label.
Recognizing complex human activities from video data is essential for developing a
wide range of practical applications. In public environments, individuals engage in
various routine activities such as walking, jogging, talking, placing objects, cycling,
jumping, fighting, and playing [1, 2]. Precise recognition of human activities is critical
for enhancing systems in areas such as public safety, behavioral analysis, coal mines,
underwater activities, and intelligent monitoring. However, these systems remain a
challenging task due to several inherent complexities, including the high dimensional-
ity of video data, variability in human motion dynamics, cluttered and dynamic back-
grounds, illumination changes within the environments, and frequent occurrences of
partial or full occlusion. These challenges hinder the precise recognition and classi-
fication of human activities in real-world environments. Effectively addressing these
issues can unlock numerous practical applications, such as advanced surveillance sys-
tems, human-robot collaboration, sports and fitness, automatic driver monitoring sys-
tems, and real-time medical monitoring. The difficulty of AR largely depends on the
nature and complexity of the activity being performed. Human activities can be cat-
egorized into four hierarchical levels based on temporal duration and structural com-
plexity: gestures, actions, interactions, and group activities. This taxonomy is often
used to illustrate the increasing levels of recognition difficulty, as depicted in Figure
1.1. Each level introduces unique challenges, particularly as interactions become more
dynamic and involve multiple entities or coordination among several individuals.

Gestures: These are fine-grained, atomic movements typically involving a single body
part, such as hand waving, nodding, or facial expressions. They are brief and often
serve as components of more complex activities, playing a significant role in non-
verbal communication.

Actions: Actions consist of a sequence of gestures performed by an individual. They
are more structured and recognizable, such as walking, sitting, or throwing. Actions
often serve as the building blocks for more complex behaviors.

2



1.2. Pipeline Architecture for Activity Recognition

Fig. 1.1: Levels of Activity with complexity, including gesture, action, human-object
interaction, human-human interaction, group activity

Interactions: These involve coordinated activities between two entities, either human-
human or human-object. Examples include handshakes, hugging, using smartphones,
or driving. Recognition of interactions requires understanding not only the actions of a
single subject but also the spatial and temporal relationships among subjects or objects.

Group Activities: These represent the most complex category, involving coordinated
activities among multiple individuals, often across dynamic environments. These ac-
tivities usually involve a combination of gestures, individual actions, and interactions
with people or objects. Examples team sports, protests, or group discussions.

The growing deployment of video monitoring systems in public spaces and the in-
creasing demand for responsive, context-aware intelligent systems have made AR a
central topic in vision-based Artificial Intelligence (AI) research. As such, the devel-
opment of robust, real-time, and generalizable HAR models has become essential for
addressing key societal challenges in various domains.

1.2 Pipeline Architecture for Activity Recognition

Activity Recognition systems typically follow a structured pipeline composed of multi-
ple stages that process raw data into meaningful activity classifications. The efficiency
and accuracy depend heavily on how well each stage in the pipeline is designed and
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Fig. 1.2: Applications of Activity Recognition in Real World

optimized. The various applications of activity recognition in the real-world are shown
in Fig. 1.2. Typically, AR consists of six stages, including: (1) Data acquisition for
collecting data input (2) Data pre-processing, (3) Feature extraction, (4) Feature repre-
sentation, (5) Activity modeling & classification, and (6) Postprocessing and Output.
Each stage can be implemented using several techniques, providing the AR system
with multiple choices. Consequently, selecting the appropriate application domain,
data acquisition device, and machine learning models for recognition adds to the com-
plexity of system design [3, 4]. Figure 1.3 illustrates the general workflow of an AR
system. The pipeline generally includes the following key stages:

1. Data Acquisition: This stage involves collecting raw input data that captures
human motion, which is essential for training and evaluating recognition models
from various sources such as RGB cameras, depth sensors, Inertial Measurement
Unit (IMU), or skeletal tracking systems [5].

2. Preprocessing: The collected data often contains noise or inconsistencies. Thus,
pre-processing aims to enhance the quality of input video sequences for more
effective feature extraction. It includes background subtraction, normalization,
frame resizing, and noise filtering to enhance data quality. Techniques such as
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Fig. 1.3: Work Flow Diagram for Activity Recognition.

background segmentation, silhouette extraction, histogram equalization, and op-
tical flow estimation are commonly used to improve visual clarity and motion
representation [6].

3. Feature Extraction: This is the process of identifying meaningful features from
raw data to recognize human activities effectively. At this stage, important spa-
tial or temporal features are extracted using techniques like optical flow, keypoint
detection, joint coordinates, or Convolutional Neural Network (CNN)-based fea-
ture maps [7], [8], [9], [10].

4. Feature Representation: Feature representation involves transforming raw in-
put data into structured formats such as vectors, sequences, or graphs that are
suitable for Machine Learning (ML) or Deep Learning (DL) models. Depend-
ing on the data type, i.e., RGB, depth, skeleton, features are extracted using
handcrafted methods or learned via CNN, Recurrent Neural Network (RNN),
or Graph Convolutional Network (GCN). These representations capture spatial,
temporal, or relational patterns critical for accurate activity classification. The
representation enhances model performance by ensuring meaningful, discrimi-
native, and efficient input for learning.

5. Activity Modeling and Classification: Classification is the final and crucial
step in AR pipeline, as its accuracy is highly dependent on the quality of features
extracted from the input data. This stage involves using ML such as Support Vec-
tor Machine (SVM), Random Forest, or DL techniques such as Long Short-Term
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Fig. 1.4: Hierarchy of vision-based HAR approaches

Memory (LSTM), CNN, GCN, to learn patterns from extracted features and ac-
curately recognize and categorize human activities. These models capture spatial
and temporal dependencies within the data, enabling the system to distinguish
between complex and similar activity classes, even under varying environmental
conditions [11], [12], [13], [14], [15].

6. Postprocessing and Output: In some systems, postprocessing refines the pre-
dictions through smoothing or ensemble methods. The final output includes ac-
tivity labels or alerts based on detected behavior.

1.3 Classification of Activity Recognition Approaches

HAR-based approaches are classified into three categories. These include (i) hand-
crafted features based, (ii) DL representation-based, and (iii) hybrid representation-
based approaches, as shown in Fig. 1.4.
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1.3.1 Handcrafted Features Based Approaches

Handcrafted features-based action representation is the conventional way of recog-
nizing any action. These methods analyze the video sequences or frames to extract
the inclusive features and then build the descriptor. Any of the typical classifiers is
then used to perform the classification task. The methods based on handmade fea-
ture design heavily rely on human inventiveness and prior knowledge. There are two
kinds: space-time-based approaches and appearance-based approaches. The space-
time-based approaches extract spatiotemporal features, whereas appearance-based ap-
proaches extract spatial features such as shape and motion to represent any action.
The next sub-subsection discusses the various State-Of-The-Art (SOTA) approaches
to HAR based on the space-time factor.

1.3.1.1 Space Time Based Approaches

Space time-based approaches characterize action representation using spatiotemporal
features. They use Space Time Interest Point (STIP) detectors [7], feature descriptors,
vocabulary builders, and classification modules for action representation. These de-
tectors can be both dense and sparse. The dense STIP detector detects interest points
by covering the entire video content, while the sparse detector uses subsets of the con-
tent to get interest points. The descriptors used can represent local or global features.
Local Binary Patterns (LBP) [16] and E-SURF [17] use local information from an
image, while Histogram of Optical Flow (HOF) [8] and Histogram of Oriented Gradi-
ent (HOG) [9] descriptors use global information for feature evaluation.

1.3.1.2 Appearance Based Approaches

Appearance-based approaches utilize visual cues derived from either shape, motion,
or a combination of both to represent human activities. Shape-based methods typi-
cally rely on the contours and silhouettes of the human body to characterize actions,
whereas motion-based techniques employ features like optical flow to capture move-
ment dynamics. Some hybrid methods integrate both shape and motion features to
improve recognition accuracy by leveraging complementary information. Examples
include Shape Histograms [18], Body Skeleton representations [19], Motion History
Volumes [20], and Optical Flow-based descriptors [21], each offering distinct perspec-
tives on capturing and modeling human activity from visual data.
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1.3.2 Deep Representation Based Approaches

Deep learning-based AR has gained significant momentum due to its outstanding per-
formance and ability to extract meaningful features from complex, multi-dimensional
data automatically. Unlike traditional ML methods, which rely heavily on handcrafted
features designed manually for specific tasks, DL models are capable of learning intri-
cate patterns directly from raw input through multiple hierarchical layers. These mod-
els require large volumes of data and substantial computational resources, particularly
during training. The primary goal is to develop robust feature representations that fa-
cilitate accurate and efficient classification. Broadly, these methods can be categorized
into three types: generative models, discriminative models, and hybrid approaches,
each offering unique strengths in modeling human actions.

1.3.2.1 Generative Model Based Approaches

Generative models are unsupervised learning based models that represent unlabeled
data distribution. Such kind of models are useful when target vectors are unavailable.
It understands the data distribution with features belonging to each class and creates
a new representation with compact dimensionality. Deep Belief Network (DBN) [7],
Auto-encoders [22], and Generative Adversarial Network (GAN) [23] are the most
commonly used generative models.

1.3.2.2 Discriminative Models-Based Approaches

Discriminatory models are supervised learning-based models that use deep hierarchies
with a set of hidden layers to categorize raw inputs into related outputs. CNN or
ConvNet [24] and RNN [13] are often used to perform the activity classification task.

1.3.3 Hybrid Representation Based Approaches

Some researchers show that DL architectures combined with feature-based techniques
for AR. A combination of handcrafted features and deep learning approaches, includ-
ing color and depth maps, as well as data, can improve the identification performance.
Some approaches like HOG [9], HOF [8], Speeded-Up Robust Feature [10] etc.
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1.4 Challenges in Activity Recognition

The advancements in computer vision have led to the emergence of numerous inno-
vative recognition techniques applied to both 2D images and 3D video data. Despite
this progress, accurately recognizing specific object activities remains a complex and
challenging task, primarily due to factors such as variations in viewpoint, lighting con-
ditions, partial occlusions, and intra-class diversity. While many effective approaches
have been successfully adapted from image analysis to video-based AR, they often
fall short in handling the complexities of real-world video content. Scenarios such
as dynamic backgrounds, diverse human postures and clothing styles, and frequent
occlusions continue to pose significant obstacles, highlighting the need for further im-
provement in recognition models for practical, real-world applications.

To address these challenges, many researchers have turned to part-based approaches,
which aim to analyze only the most relevant segments of a video rather than processing
it in its entirety. These segments often include trajectories, motion vectors, or spatio-
temporal interest points that are indicative of meaningful activity. While part-based
methods have shown promise in enhancing recognition accuracy and computational
efficiency, they still face limitations. Figure 1.5 highlights some of the key issues that
remain unresolved in this area. The following are some challenges in AR:

Fig. 1.5: Some existing challenges and problems faced by researchers in AR.
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1.4.1 Occlusion

Occlusion occurs when parts of a subject’s body are blocked either by external ob-
jects, environmental structures, or their own body movements. This issue significantly
impairs the visibility of discriminative features required for accurate recognition. In
dynamic scenes, such as crowded environments or cluttered indoor spaces, occlusion
can cause frame-wise information loss, leading to broken pose estimations or mis-
classification. For effective recognition, an activity must be clearly visible throughout
the video sequence. Below are the detailed sub-categories of occlusion and how they
impact HAR systems:

• Self-occlusion: Self-occlusion occurs when different parts of a person’s own
body block each other from the camera’s line of sight during complex actions or
postures. For example: In yoga poses, the arms may fold over the torso or legs;
Dancing or acrobatic movements where the limbs twist or cross frequently, etc.

• Object occlusion: Object occlusion occurs when external elements in the envi-
ronment partially block the human subject from view. Items like chairs, desks,
or doors partially obscure actions.

• Multi-person occlusion: This form of occlusion arises when multiple people
interact or are present in a crowded scene, leading to overlapping body parts that
are hard to distinguish.

1.4.2 Viewpoint Variation

Viewpoint variation refers to changes in the camera’s position or angle relative to the
subject performing an activity. The action view captured in the action dataset is the pri-
mary concern in identifying human action. Even minor shifts in viewpoint can drasti-
cally alter the visual representation of human motion, leading to inconsistencies in fea-
ture extraction, pose estimation, and classification. Below are the key sub-challenges
that complicate AR under viewpoint variation:

• Viewpoint Dependency: Most AR models, especially those based on 2D vision,
are highly sensitive to the angle at which an activity is observed. They often
perform well on same viewpoint seen during training, but fail to generalize to
unseen or novel perspectives. For example, a model trained on a front-facing
view of a person walking may fail when tested on side or overhead views.
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• Lack of Multi-View Data: Many public datasets used in this research area con-
tain limited camera viewpoints, typically a single static angle. Multi-view or
synchronized multi-camera datasets are scarce due to the complexity of data
collection and synchronization.

• Projection Distortions: When 3D human motion is projected onto a 2D plane,
as in standard RGB videos, significant spatial distortions occur. This affects the
perceived scale, position, and relationship between body parts.

1.4.3 Environmental Conditions

The environmental condition can change the perspective of the scene. Due to the
light sources that generate shadows on the object, a variation in illumination occurs.
Weather and daytime circumstances have a tremendous impact on the scene and the
artifacts formed, such as an action captured during rain, which varies radically from
the identical movement taken in broad daylight or sunset. The sub-challenges are:

• Low Illumination: In dimly lit environments such as nighttime surveillance, in-
door scenes with minimal lighting, or poorly illuminated hallways, camera sen-
sors capture images with low contrast and higher noise. This affects the visibility
of fine details are essential for activity classification.

• Dynamic Lighting: Environments with changing lighting conditions such as
flashing lights, rotating beacons, headlights, or sudden shadows, result in frame-
wise inconsistencies in pixel values. This disrupts both spatial and temporal
coherence needed for motion recognition in activity sequence videos.

• Weather Conditions: Natural weather elements such as rain, fog, snow, or dust
degrade image quality by introducing blur, occlusion, or irregular noise patterns.
These artifacts mask human silhouettes and interfere with motion detection.

1.4.4 Cluttered Background

A cluttered background poses a significant challenge in vision-based action recogni-
tion, as it introduces distracting and ambiguous visual information that can interfere
with the accurate interpretation of actions. In real-world applications, background
scenes are rarely static or clean. They often include a wide variety of moving objects,
structural patterns, or unrelated human activities. The critical sub-challenges are:
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• Visual Distraction: Backgrounds with repetitive textures, moving elements, or
other humans performing unrelated activities can visually distract models from
the target subject. This reduces the clarity of motion patterns and increases the
false positive rate.

• Foreground-Background Separation: In highly dynamic scenes, accurately
separating the human subject from the background becomes difficult. The ab-
sence of static or distinguishable contrast between moving subjects and the en-
vironment impairs feature representation For example: An athlete blending into
a similarly colored crowd or stadium.

• Domain Mismatch: Most ML-DL based HAR models are trained on curated,
clean, or synthetic datasets where the background is static or simplified. When
deployed in cluttered or real-world environments, these models often underper-
form due to domain discrepancies.

1.4.5 Inter-and Intra-Class Variability

Activities that appear visually similar can have subtle temporal differences, while the
same activity performed by different individuals can look very different. This makes
it hard for models to differentiate or generalize. These challenges are rooted in the
diversity of human motion and the contextual similarity across different activities.

• Intra-Class Variation: Intra-class variation refers to the differences in how the
same activity is performed by different individuals or under different conditions.
These variations may include differences in body shape, speed, style, orientation,
and execution dynamics, even for the same labeled action.

• Inter-Class Similarity: Inter-class similarity occurs when different activities
exhibit overlapping motion patterns, visual appearances, or joint trajectories,
leading to confusion among classes. This is especially challenging when actions
share common sub-actions or involve similar limbs and motions.

1.4.6 Temporal Ambiguity and Activity Overlap

A critical challenge in HAR, especially in real-world or surveillance applications, is
accurately determining when an activity starts and ends within continuous, untrimmed
video streams. Temporal uncertainty can significantly degrade the model’s ability to
identify actions precisely and consistently.
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• Ambiguous Boundaries: In many real-world scenarios, the exact start and end
points of an activity are not clearly defined, leading to vague or overlapping
transitions between consecutive actions.

• Overlapping Actions: In natural settings, individuals may perform multiple
actions simultaneously or in quick succession, making it difficult to isolate and
label each distinct activity.

• Untrimmed Video Processing: Untrimmed videos are long, continuous record-
ings where relevant activities occur sporadically. Models must automatically
detect and classify actions without manual pre-segmentation.

1.4.7 Real-Time Constraints and Computational Limitations

With the growing demand for deploying HAR systems in real-time environments such
as smart surveillance, autonomous vehicles, healthcare monitoring, and wearable de-
vices, there is an urgent need to ensure that recognition models operate efficiently un-
der stringent hardware and latency constraints. While DL has improved recognition ac-
curacy, many of these models are computationally intensive and resource-demanding.
Sub-challenges include:

• Real-Time Processing: Most models especially those involving CNN, RNN, or
Transformers, are designed for accuracy but not necessarily for speed. In real-
time HAR, the system must detect and classify activities with minimal delay or
low inference time.

• Hardware Limitations: Unlike cloud servers with high-performance GPUs,
edge devices like Raspberry Pi, NVIDIA Jetson Nano, smartphones, or embed-
ded boards have limited memory, compute power, and thermal capacity.

1.4.8 Data Limitations and Annotation Complexity

High-quality, labeled datasets are scarce and expensive to create, particularly for com-
plex or rare actions. Annotating long video sequences with frame-level precision is
time-consuming and error-prone. These data-related challenges become especially
pronounced in real-world applications, where HAR models are expected to handle
variations in demographics, behaviors, attire, and environmental conditions that are
often underrepresented in benchmark datasets. The sub-challenges include:
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• Lack of Diverse Datasets: Most publicly available HAR datasets lack diversity
in terms of age groups, body types, skin tones, cultural behavior, clothing styles,
and interaction contexts. As a result, models trained on such datasets often fail
to generalize to unseen user groups or atypical behaviors.

• Noisy Labels: Inconsistent, ambiguous, or erroneous annotations in training
datasets often due to human labeling errors result in label noise, which hampers
model training and leads to incorrect feature learning.

• Insufficient Synthetic Data: While synthetic data generation using tools like
motion capture systems or simulation engines helps address data scarcity, there
is still a significant domain gap between synthetic and real-world video data.
This gap arises from discrepancies in texture, motion dynamics, background
complexity, and lighting conditions.

This comprehensive set of challenges highlights the complexity and multidisci-
plinary nature of AR. Thus, addressing these issues requires innovative approaches
that balance accuracy, efficiency, and ethical responsibility.

1.5 Motivation & Scope

With the exponential growth in visual data generated through ubiquitous camera de-
vices, smartphones, and surveillance systems, understanding human activities from
video has become increasingly vital. AR has evolved into a prominent research do-
main, intersecting with areas such as human motion analysis, semantic segmentation,
object detection, and domain adaptation. The ability to automatically analyze and
interpret human activities in video streams is crucial for a range of real-world ap-
plications. The rapid proliferation of user-generated video content on platforms like
YouTube, Instagram, LinkedIn, and Twitter highlights the demand for automated, scal-
able, and accurate systems capable of indexing, retrieving, and understanding human
behaviors in unconstrained settings. Despite the growing utility in this field, numerous
challenges hinder its effectiveness. Variability in activity execution across individu-
als, background noise, occlusion, camera perspective shifts, and changes in lighting
and appearance pose significant obstacles to accurate recognition. Furthermore, subtle
activities such as gestures or complex group interactions demand context-aware and
temporally consistent modeling approaches. Designing discriminative and generaliz-
able feature representations remains a core difficulty in current AR systems.
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This research is motivated by the need to develop scalable and reliable HAR mod-
els that address these challenges. By leveraging DL techniques and enhancing fea-
ture extraction mechanisms, the proposed work aims to improve the robustness and
adaptability of these systems in complex real-world scenarios. The ultimate goal is to
contribute toward smart systems that can perceive and respond to human behaviors in
diverse settings, ranging from smart surveillance and interactive robotics to healthcare
diagnostics and entertainment applications. The key motivations are as follows:

• The primary motivation behind AR lies in its wide range of real-world applica-
tions, especially in domains where human safety, security, and behavioral under-
standing are critical.

• Research in applications such as healthcare monitoring, intelligent surveillance,
sports performance analysis, human-computer interaction, and smart environ-
ments contributes to the development of smart systems capable of understanding
and responding to human behaviors in dynamic and complex scenarios.

• Offering significant societal impact by powering applications like assisted living
for the elderly, early detection of abnormal or emergency behaviors, real-time
threat detection in surveillance systems, and personalized, data-driven healthcare
interventions.

• With the increasing availability of large-scale video data and sensor streams,
there is a pressing need for scalable, accurate, and robust models capable of
operating in real-time under diverse environmental conditions.

• Continued research in AR is essential to address challenges such as intra-class
variability, occlusion, cluttered scenes, and temporal dependencies, enabling the
deployment of generalizable models in unconstrained real-world settings.

1.6 Research Gaps

Despite the rapid advancements in AR under computer vision, current methodologies
continue to face significant limitations when applied to real-world, unconstrained envi-
ronments. These limitations hinder the development of systems that are both accurate
and adaptive across varying conditions. A comprehensive literature review reveals the
following critical research gaps:

• Limited Viewpoint Generalization: Most existing AR models are trained on
single-viewpoint data and tend to perform poorly when activities are captured
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from different or dynamic camera angles, limiting their applicability in multi-
camera or real-world surveillance setups.

• Vulnerability to Occlusion: Current models encounter limitations in accurately
recognize human activities when body parts or subjects are partially or com-
pletely occluded. This makes them less effective in crowded environments or
complex scenes with object interferences.

• Sensitivity to Illumination Variations: Sudden changes in lighting conditions
due to weather, time of day, or indoor/outdoor transitions adversely affect recog-
nition performance. Many HAR systems lack robustness to such natural envi-
ronmental fluctuations.

• Challenges in Crowded Scenes: Accurately identifying individual activities in
crowded spaces remains a significant challenge. Existing models often misclas-
sify or overlook actions due to overlapping subjects and cluttered backgrounds.

These gaps emphasize the need for recognition systems that are not only accurate
and efficient but also robust against occlusion, lighting variance, crowd density, and
viewpoint changes. They also reveal shortcomings in multi-modal data integration and
generalizability across synthesized and real-world datasets highlighting areas where
further research is essential.

1.7 Problem Statement

This research addresses the persistent limitations in existing activity recognition sys-
tems, including challenges such as intra-class variability, occlusion, scale and view-
point changes, low illumination, and real-time performance constraints. These factors
hinder the accuracy, robustness, and applicability of AR models in dynamic and un-
constrained environments. Hence, the research’s problem statement is:

“To design and develop robust and scalable methodologies for Activity Recogni-
tion that overcome the limitations of current systems, enhance classification accu-
racy, and enable real-time processing through advanced feature extraction, machine-
learning and deep-learning-based spatio-temporal modeling.”
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1.8 Research Objectives

The research gaps identified in the domain of AR highlight the need for comprehen-
sive solutions that address the complex challenges of recognition accuracy, real-time
performance, robustness to occlusion and viewpoint variation, generalizability across
environments, and adaptability to diverse activity types. To address these concerns,
a thorough study and experimental evaluation of the available vision-based methods
across multiple modalities, such as RGB, depth, and skeleton data, are crucial. Such
an analysis, conducted on consistent and diverse benchmark datasets, can provide valu-
able insights into the strengths and limitations of existing approaches, paving the way
for the development of more reliable and effective recognition models. This neces-
sitates the exploration of innovative, lightweight architectures that can achieve a bal-
anced trade-off between recognition capability and efficiency without compromising
robustness. In response to these identified gaps, research objectives are formulated to
drive progress in the field of vision-based AR. These objectives aim to foster the cre-
ation of models that are not only accurate and efficient but also scalable and adaptable
to real-world conditions. The research objectives are defined as follows:

• Objective 1: To design a framework that can more precisely detect and classify
daily living activities from existing datasets.

• Objective 2: To perform an extensive study to investigate the behavior of exist-
ing literature on the evaluation of synthesized datasets for activity recognition.

• Objective 3: To propose a multi-level feature fusion-based framework for iden-
tifying different activities in a partially occluded environment.

• Objective 4: To develop an adaptive and dynamic model(s) that can handle
changes in environment itself.

1.9 Major Contributions of the Thesis

The major contributions include the development of a robust and scalable AR frame-
work that effectively addresses the above-mentioned key challenges. The proposed ap-
proach integrates spatial-temporal features through DL architectures to enhance recog-
nition accuracy and generalization.

• The core contributions of this thesis lie in the development of a novel spatio-
temporal DL-architecture, ConvST-LSTM-Net, tailored for skeleton-based HAR.
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This model leverages key-joint coordinates extracted from skeletal data in RGB
videos, utilizing convolutional layers to capture spatial-temporal features, which
are then processed through a spatio-temporal LSTM (Spatio-Temporal Long
Short-Term Memory (ST-LSTM)) and time-distributed dense layers for final
classification. By selectively using 17 out of 25 key joints and 21 coordinate
features, the model emphasizes informative key joints, thereby enhancing recog-
nition accuracy. The integration of CNN, Convolutional Long-Short Term Mem-
ory (ConvLSTM), and ST-LSTM paradigms forms a unified and efficient frame-
work.

• Also, this thesis presents a novel DL-based framework for abnormal HAR us-
ing unprocessed RGB video streams as STAD-ConvBi-LSTM. The proposed
model integrates a CNN for discriminative spatial feature extraction, a 6-layer bi-
directional LSTM for effective long-term temporal modeling, and a dual-channel
attention mechanism combining RGB and spatio-temporal cues. The channel-
wise attention is strategically applied after every two convolutional layers to em-
phasize critical activity regions across spatial and temporal dimensions.

• This thesis presents a novel Occluded Skeleton-Based Multi-Stream Part-Aware
Spatial-Temporal Graph Convolutional Network (MSPAST-GCN) for human ac-
tivity recognition using skeleton input sequences. To enhance feature representa-
tion under occlusion, an inhibition strategy is introduced, enabling the model to
focus on informative key points while suppressing noisy or missing joints. The
core architecture, termed Part-Aware Spatial-Temporal GCN, decouples spatial
and temporal modeling by applying dedicated graph convolutions to capture dis-
criminative spatial joint correlations and dynamic temporal dependencies.

• This research introduces a Low-Light Enhancement (LLE) technique that im-
proves illumination intensity, contrast, and color consistency in low-light envi-
ronments while preserving spatial details of input images. The proposed model
is rigorously evaluated on three challenging datasets SCIE, LOLO-V1, and ARID
demonstrating robust prediction performance under both normal and adverse
lighting conditions. Comprehensive quantitative and qualitative analyses con-
firm that the framework significantly outperforms existing methods in activity
recognition under low-illumination scenarios.

• This research presents the MV-DBiLSTM model, which combines MobileNetV2
and Deep Bidirectional LSTM for robust human activity classification. Mo-
bileNetV2 is employed for lightweight yet effective spatial feature extraction,
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while Deep Bi-LSTM captures both short- and long-term temporal dependen-
cies by processing sequences bidirectionally. This dual-stage framework en-
hances recognition accuracy in complex and dynamic activity scenarios. Exten-
sive evaluations on benchmark datasets HMDB51, UCF Sports, JHMDB, and
a synthesized dataset demonstrate the model’s superior performance and adapt-
ability across diverse HAR conditions.

• Finally, this thesis concludes by outlining future research directions, including
real-time processing, multimodal feature fusion, and the adoption of edge-based
devices to further improve the performance. Together, the proposed methods and
insights establish a solid foundation for advancing AR in complex, real-world
scenarios.

1.10 Organization of Thesis

• Chapter 1: Introduction to Activity Recognition

This chapter provides an overview of AR, a crucial area in computer vision that
focuses on identifying and understanding human actions from visual data. With
applications in surveillance, healthcare, smart homes, and human-computer in-
teraction, and has become increasingly important in building intelligent and re-
sponsive systems. This chapter also discusses key challenges, including varia-
tions in lighting, background, occlusions, and the complexity of real-time recog-
nition. It also traces the evolution of recognition techniques from traditional
handcrafted features to advanced DL models, which offer improved accuracy
and automation. The motivation and scope of the chosen research area have
been discussed, followed by the formulation of a research problem statement.
The unified research objectives have been identified, and the significance is fur-
ther discussed.

• Chapter 2: Literature Review

This chapter presents a Systematic Literature Review (SLR) of 88 selected Hu-
man Activity Recognition studies from 2014 to 2024, offering an updated overview
of AR advancements using ML-DL. The studies are categorized by data modal-
ity, activity complexity, model architecture, and application area. A standard
HAR system architecture is described, along with key challenges such as dataset
bias, generalization issues, sensor variability, computational limits, and privacy
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concerns. By critically analyzing these areas, the chapter identifies current lim-
itations and research gaps, and the unified Reserach Question (RQ) has been
divided into sub-questions leading towards certain research objectives, and the
significance is further discussed. Thus, it establishes a strong foundation for the
proposed work in this thesis.

• Chapters 3: ConvST-LSTM-Net: Convolutional Spatiotemporal LSTM net-
works for Skeleton-based Human Action Recognition

This chapter presents a new class of spatio-temporal LSTM approaches named
as ConvST-LSTM-Net (convolutional spatiotemporal long short-term memory
network) for skeleton-based AR. The prime focus is to identify the informative
key joints in each frame. The result of extensive experimental analysis exhibits
that ConvST-LSTM-Net outperforms the SOTA models on various benchmark
datasets for skeleton sequence data. The chapter also highlights the key contri-
butions, including robust spatiotemporal feature extraction, end-to-end training,
and the model’s adaptability to challenging real-world scenarios.

• Chapter 4: STAD-ConvBi-LSTM: Spatio-Temporal Attention-based Deep
Convolutional Bi-LSTM Framework for Abnormal Activity Recognition

This chapter introduced an efficient novel spatial-temporal attention-based deep
convolutional bi-directional long short-term memory framework (STAD-ConvBi-
LSTM) that exploits human activity’s prominent discriminative channel-wise
spatio-temporal features. This framework also proposes a dual attentional con-
volutional neural network that combines a CNN model for extracting the spatial
feature vector, a Bidirectional Long Short-Term Memory (Bi-LSTM) for cap-
turing temporal dependencies, and a spatial-temporal attention mechanism for
long-term modelling to extract human-centric prominent features representation
in video clips. The result of extensive experimental analysis exhibits that the pro-
posed model performs better than the SOTA in various datasets and generalizes
across diverse activity scenarios.

• Chapter 5 Occluded Skeleton-based Multi-Stream Model using Part-Aware
Spatial-Temporal Graph Convolutional Network for Human Activity Recog-
nition

This chapter presents a skeleton-based AR model designed to effectively handle
occlusions in surveillance scenarios, where incomplete or noisy skeleton data is
common. A multi-stream part-aware occluded skeleton-based GCN is designed
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to improve predictions in the presence of occlusions. The model consists of
three key modules: Input Inhibition Module for Skeleton Sequences, which han-
dles incomplete or occluded skeleton data; Part-Aware Spatial-Temporal Graph
Convolutional Network, which captures spatial-temporal dependencies among
human body key joints; and the Predicted Score Inhibition, which refines the
output by mitigating the effects of noisy data. By integrating these components,
the model enhances robustness in occluded scenarios. The experiments demon-
strate that the proposed method outperforms SOTA models on several bench-
mark datasets, achieving a 6% improvement in recognition accuracy compared
to previous approaches. Additionally, the introduction of a synthesized dataset
is one of the major contributions of this chapter, simulating various occlusion
scenarios to enhance model training and evaluation while extracting the multi-
modal features to construct more discriminative features, such as key-joint coor-
dinates, relative coordinates, and temporal differences.

• Chapter 6 Activity Recognition in Dynamic Environments Using Image En-
hancement and Vision Transformers with DETR

This chapter introduces a robust and view-invariant framework for HAR in low
illumination images or videos, posing challenges for human image recognition
and personnel detection accuracy for detecting human abnormal activity. To ad-
dress this, a Low-Light Image Enhancement (LLIE) technique for human safety
and security is proposed. They utilize the local image enhancement module maps
for low-light to normal light of the images at the pixel level while conserving the
spatial specifics. As well, a transformer-based global adjustment module is used
to refine the improved images, preventing over-brightening, under-illumination,
and color distortions. Additionally, a feature similarity loss constrains target
features to minimize adverse effects on detection.

• Chapter 7 MV-DBiLSTM: An Enhanced Human Activity Recognition for
Smart Surveillance Systems Using a Deep BiLSTM

This chapter introduces a HAR technique called MV-DBiLSTM for video datasets
using a deep bi-directional LSTM combined with a CNN-based pre-trained model,
MobileNetV2, for feature extraction. The process starts with using MobileNetV2
(MV) to extract deeper-level features of the video frames. After that, the features
are input into an optimized DBiLSTM network to capture dependencies and pro-
cess data for optimal predictions. This chapter presents an iterative procedure
applied during testing that engages in fine-tuning which learned model parame-
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ters, allowing us to adapt the trained model to a new environment with conditions
different from those seen during training. The results demonstrate that the pro-
posed method surpasses SOTA methods and achieves exceptional performance
while delivering accurate and consistent AR in smart systems.

• Chapter 8: Conclusion, Future Work and Social Impact:

This chapter provides a comprehensive summary of the proposed research, key
findings, and major contributions, while also acknowledging the limitations of
the study. It includes an in-depth discussion on future research directions, such
as real-time deployment, edge devices for optimization, and the integration of
multimodal data. Furthermore, the chapter highlights the social impact of the
study, particularly its potential to enhance public safety through improved surveil-
lance, support healthcare monitoring, and advance human-computer interaction.
The chapter concludes by formally closing the thesis and reinforcing its overall
significance within the field of Activity Recognition.
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Chapter 2

LITERATURE REVIEW

This chapter presents an extensive SLR providing a comprehensive and up-to-date
overview of HAR advancements using ML-DL techniques. The reviewed works are
categorized by data modality, activity complexity, model architectures, and application
domains, offering a structured understanding of activity recognition landscape. The
chapter also details the architectural framework of these systems, outlining its core
components and their interactions. The key challenges identified include dataset bias,
limited generalizability, sensor variability, computational constraints, and privacy is-
sues, particularly in real-world applications. Finally, this classification not only sheds
light on technological progress but also reveals existing gaps in current methodolo-
gies, thereby laying the foundation for the research objectives that this thesis seeks to
address.

2.1 Background

HAR systems focus on identifying, classifying, interpreting, and detecting human ac-
tivities using raw data collected from various sources, such as smart devices, ambient
sensors, and cameras [25, 26]. Comprehensive analysis of motion trajectories, patterns,
and behavioral cues enables precise interpretation of human activities in diverse set-
tings and environments, supporting innovation in healthcare technologies, intelligent
surveillance, autonomous robotics, object tracking algorithms, and adaptive human-
computer interfaces. [27, 28, 29]. Over time, it has evolved significantly, expanding
its applications from healthcare to assistive technologies in smart surveillance, public
safety, and crime prevention [30, 31]. In medical, motion analysis facilitates contin-
uous patient monitoring and early detection of movement disorders like Parkinson’s
or Alzheimer’s [32, 33, 34]. These systems enhance public safety in security and
surveillance systems by recognizing suspicious behavior and potential threats in real-
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2.1. Background

time. In smart home automation by improving human-computer interaction through
gesture-based or vision-based control systems. It also contributes to industrial safety
by ensuring compliance with safety protocols and preventing workplace accidents
through movement analysis. Technological advancements have transformed HAR sys-
tems from basic motion-sensing mechanisms to advanced DL-based frameworks capa-
ble of real-time data processing and complex pattern recognition [35, 36, 37]. The
HAR can be divided into three approaches: sensor-based, vision-based, and deep
learning-based. Early systems relied on wearable sensors equipped with accelerom-
eters and gyroscopes to capture human movement [38, 39]. Later, vision-based tech-
niques emerged for applications like pose estimation, optical flow analysis, and skeletal
tracking [26, 40, 41, 42, 27, 31, 43]. More recently, DL models have applied neural
networks such as CNN, RNN, LSTM networks, and Transformers to extract feature
input and then classify human activities with high accuracy automatically [44, 45, 46].
Researchers in this field focus on various activities, including daily actions such as
walking, brisk walking, running, jogging, jumping, sitting, and standing; sports ac-
tivities like basketball, soccer, cricket, and tennis; and exercise-related movements
such as gym, yoga, and aerobics. Other activities include interpersonal interactions
such as high-fives, handshakes, and hugs; artistic expressions like dancing and playing
musical instruments; and household tasks like dusting, chopping vegetables, cook-
ing, and cleaning. While this is not an exhaustive list, different studies emphasize
specific activity types based on their research objectives. Figure 2.1 illustrates the
percentage distribution of human activities studied over the past decade. Based on
the complexity of human movements, activities are generally categorized into four
types: atomic-level activities, human-object interactions, interactions between individ-
uals, and group-based activities. This review focuses on these activity types, whether
performed individually or collectively, and gives an in-depth analysis of key challenges
with potential improvements. Also, we discuss practical issues and provide research
directions in this field.

Despite these advancements, several challenges remain, such as the inconsistency
in human motion, where individual differences, environmental conditions, background
cluttering, and occlusions impact model performance. Also, the lack of diverse and
unbiased datasets limits the generalization capabilities of recognition models. Many
existing datasets fail to represent a broad demographic spectrum. Computational com-
plexity also presents a challenge, especially for real-time applications requiring high-
speed processing on resource-limited edge devices. Furthermore, ethical concerns such
as data privacy, security risks, and the potential misuse of surveillance technologies
raise important questions about responsible AI deployment [47, 48, 49, 50, 51, 52]. To
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2.1. Background

Fig. 2.1: Analysis of Studied Human Activity Types Over the Past Decade

address these issues, ongoing research focuses on improving model robustness through
self-supervised learning, multi-modal data fusion, and lightweight DL architectures
optimized for edge computing [53, 54, 55, 56]. The combination of emerging technolo-
gies such as Augmented Reality and Virtual Reality is further expanding the worth of
recognition systems, creating more immersive and interactive applications [57, 58, 59].
Privacy-preserving AI techniques are also being developed to alleviate ethical concerns
and ensure secure implementation in real-world scenarios [60, 61]. Table 2.1 shows
the taxonomy of HAR categorizations based on conventional, Deep learning, unimodal
data modality, and multimodal data modalities approaches, respectively. The scope of
this review provides a comprehensive exploration of HAR, covering:

• The paper presents an extensive SLR of 88 selected studies from an initial pool of
8,664 articles published between 2014-2024, offering an up-to-date perspective
on the evolution of HAR using Machine and Deep Learning.

• Categorization of HAR approaches based on data modality, activity complexity,
ML-DL model architecture, and application domain, offering readers a struc-
tured and clear understanding of the field’s landscape.

• The architectural framework of a standard HAR system, detailing key techno-
logical components and their interactions.

• The SLR highlights ongoing obstacles in research, such as dataset bias, lack of
generalizability, sensor variability, computational limitations, and privacy con-
cerns, especially in real-world deployment scenarios.

• It offers actionable research directions like domain adaptation, lightweight archi-
tectures for edge deployment, synthetic data generation, and privacy-preserving
AI, encouraging innovation and guiding future studies.
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2.1. Background

Table 2.1: A Comparative Overview of Recent Surveys in HAR

Category Ref. Main focus

Conventional-
based

[62] Categorizing deep approaches into 2-stream, 3D-CNN, &
LSTM groups.

[63] Reviewing extracted features in action presentation, analysis,
applications, & challenges.

[64] Categorizing deep approaches into CNN, RNN, & hybrid
groups.

[18] Grouping architectures into CNN, 3D CNN, RNN, & LSTM
for sports video analysis.

[65] Grouping the methods into template, generative, & discrimi-
native models.

[66] Overview of human actions feature representation using DL
approaches.

[4] Investigating methods for abnormal action recognition.

Deep-
Learning

[67] IMU-based ZS-HAR model can recognize activities by provid-
ing skeleton videos to explain its decision-making process.

[68] Zero-shot video-based action recognition methods.
[69] combines information from two different GANs to generate

visual representations of unseen classes.
[70] Vision Transformer and temporal modeling.
[71] Survey of CNNs based on input devices.
[72] Studying GCN.
[73] Two-stream architecture utilizing spatial-temporal networks to

capture appearance and motion information.
[74] Focus on CNN-based techniques.
[75] HAR in video surveillance and crowd analysis.

Specific
unimodal
modality

[76] semi-supervised cross-domain NN utilizing an 8×8 low-
resolution infrared sensor in varying indoor environments.

[77] a survey of DL-methods applied to sensor-based HAR.
[78] Power-aware HAR using mobile and wearable sensors.

Continued on next page
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Table 2.1 – continued from previous page

Category Ref. Main focus

[79] multitask DNN designed to address activity segmentation and
recognition using sensor data.

[80] Pipeline analysis for vision- and sensor-based methods.
[81] Vision-based HAR by feature and input type.
[82] Evaluation of visual (Kinect-based) HAR.
[83] Deep-based motion recognition on RGB, depth, skeleton, hy-

brid.

Multimodal
modality

[60] Dual stream spatio-temporal using channel-wise attention net-
work for multi-view activity recognition.

[62] HAR methods via RGB, wearables, and fusion approaches.
[84] RGB, depth, and RGB & depth modalities.
[85] Visual and non-visual modalities with fusion approaches.
[86] RGB & inertial, depth & inertial, and full fusion HAR models.
[87] Group activity recognition using vision, RF, and hybrids.
[88] Fusion strategies in C3D for RGB & depth.
[89] Deep and traditional methods using depth, skeleton, hybrid

features.

2.2 Research Methodology

This section presents the methodological framework for conducting an SLR on HAR
systems. The objective of this structured approach is to achieve thorough coverage and
rigorous evaluation of relevant research within the study’s scope.

2.2.1 Planning

During the initial planning phase, relevant research databases were identified, key RQ
were developed, and HAR-related research articles were systematically collected. This
phase established a structured approach to ensure comprehensive literature retrieval for
subsequent analysis.
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2.2. Research Methodology

2.2.2 Research Questions (RQ)

The objective is to explore various human activities, actions, and patterns and then
analyze their prediction. Table 2.2 summarizes the RQs formulated for this systematic
survey.

2.2.3 Search Strategy

A systematic search strategy was designed to collect relevant articles comprehensively.
The process involved defining appropriate search terms, establishing criteria for select-
ing relevant research articles and search methods, and finding credible sources to ob-
tain. This ensured a comprehensive and unbiased selection of literature for the studies.

2.2.3.1 Proper Search Term

A systematic approach was used to identify the appropriate search terms as follows:

1. Identification of Keywords: The RQ were analyzed regarding popular terms,
interventions, comparisons, and outcomes. The population focused on human
activities, actions, motion, and movement patterns across various environments,
ensuring a broad yet precise scope of research. The intervention included a vari-
ety of ML-DL methods, algorithms, data types, and datasets considered for iden-
tifying, detecting, recognizing, and predicting human activities with high accu-
racy. Comparisons included the year-wise review comparison based on datasets,
devices used, and approaches. Finally, the outcome aimed at precisely classi-
fying human actions using advanced DL models, data types, and standardized
valuation metrics to measure the effectiveness of the recognition systems.

2. Substitute Words, Abbreviations, and Synonyms: Various terminologies, words,
and combinations of key terms were explored:

• Human Activity: “human activity recognition” OR “activity recognition”
OR “human action recognition” OR “action recognition” OR “gesture recog-
nition” OR “motion detection” OR “human pose detection” OR “pose de-
tection” OR “daily life activities” OR “behavior analysis”.

• Model Learning/Deep Learning “Machine Learning” OR “ML” OR “Deep
Learning” OR “DL” OR “Artificial Neural Networks” OR “ANN” OR “Con-
volutional Neural Networks” OR “CNN” OR “Graphical Neural Network”
OR “GNN” OR “Recurrent Neural Networks” OR “RNN” OR “LSTM”
OR “Transformers” OR “Attention Mechanism”.
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2.2. Research Methodology

• Prediction: “recognition” OR “prediction” OR “classification” OR “iden-
tification” OR “localization” OR “detection” OR “estimation” OR “model”
OR “pattern recognition”.

• Data Type: “wearable sensors” OR “IMU sensors” OR “vision data” OR
“RGB cameras” OR “Skeleton-based” OR “depth sensors” OR “radar sen-
sors” OR “multimodal data”.

3. Keyword Fine-tuning: The pertinent keywords were carefully examined in re-
lated research papers, and those dissimilar to HAR were excluded. Keywords
that did not directly contribute to human action, motion or movement, activity
classification, or recognition models were removed to ensure a focused and pre-
cise search etc.

4. Boolean Operators: For the conjunction of related words, AND and OR were
used to refine the search strategy. The OR operator combined alternative words,
short forms, and synonyms of key terms. AND operator was applied to link
major terms, ensuring that the retrieved literature addressed the intersection of
HAR, technologies, and ML-DL methodologies.

5. Final Search String: The refined search string used for gathering literature was:
(Human Activity Recognition OR HAR OR Action Recognition OR Motion
Detection OR Behavior Analysis OR Human Pose Estimation) AND (Machine
Learning OR Deep Learning OR ML OR CNN OR RNN OR GRU OR LSTM
OR Transformers OR Attention Mechanism) AND (Recognition OR Identifica-
tion OR Classification OR Detection OR Localization) AND (Wearable Sensors
OR RGB OR Multimodal Data OR Daily life Activities OR Skeleton Data) AND
(Tool OR Method OR Frameworks OR Technique OR Methodology).

2.2.4 Databases Sources

The crucial aspect of SLR is selecting the most suitable resources to identify relevant
studies. To ensure comprehensive coverage of the research landscape, this review uti-
lized well-established databases, including Springer Link, Web of Science, Scopus,
IEEE Xplore, Wiley, ACM, Elsevier, arXiv, and Engineering Village.
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2.3. Article Selection Process

2.3 Article Selection Process

A systematic approach was used to filter the most significant studies to ensure a fo-
cused and relevant analysis. The process used to select primary studies is illustrated
in Figure 2.2 and further elaborated in the following subsections. This selection pro-
cedure ensured that only high-quality, relevant, and methodologically sound research
contributions were included in the review.

Fig. 2.2: Overview of the Article Selection Process for HAR: The step-by-step pro-
cedure followed in identifying, screening, and selecting relevant research publications
for systematic literature review.

2.3.1 Databases and Search Terms Cast-off

The selection process was tangled with six filter stages to ensure that only high-quality
and relevant studies were useful for defining the RQs. Prime research articles were
collected using the refined search terms across multiple digital libraries, without time
restrictions to ensure comprehensive coverage. The results are summarized in Table
2.3. The process of filtering is explained below:

1. In 1st filtering stage, keyword-based searches as shown in Fig. 2.3 combined
with citation tracking produced an initial dataset of 8,664 journal articles.

2. In 2nd filtering stage, irrelevant papers were eliminated through assessing their
relevance and research contributions.
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2.3. Article Selection Process

3. The 3rd stage focused on selecting studies published after year 2014, Fig. 2.4
illustrating yearly publication trends.

4. The 4th stage applied exclusion criteria, systematically discarding papers based
on title, abstract, & keywords.

5. The 5th stage applied inclusion criteria, retaining only studies aligned with the
research objectives.

6. In 6th stage, the duplicate & irrelevant publications were verified and removed,
with both authors collaboratively selecting 343 relevant articles approx. 0.6% of
initial dataset.

7. To ensure completeness, 54 conferences & 124 journals were manually screened.
Papers outside the defined scope were excluded, refining the selection to 178.

8. A final quality assessment validated the relevance and credibility of the selected
papers, resulting in 88 publications meeting the criteria.

Fig. 2.3: Associated Keywords for Search

2.3.2 Inclusion and Exclusion Criteria

The inclusion & exclusion criteria were precisely defined to select studies that signifi-
cantly contributed to HAR research as depicted in Table 2.4.

32



2.3. Article Selection Process

Fig. 2.4: Year-wise Publication in Last Decades (2014-2024)

2.3.3 Quality Assessment

The quality of the chosen studies was systematically assessed after the final phase. This
evaluation ensured the integrity, rigor, and reliability of the selected publications. Each
paper was reviewed based on predefined criteria, with responses categorized as “Yes,”

“Partially,” or “No” for each question outlined in Table 2.5. A study was deemed
insufficient if its methodological components could only be inferred but were not ex-
plicitly stated. To maintain accuracy, all two research authors independently evaluated
each source using the quality assessment criteria. The assessment process was con-
ducted in multiple rounds, each followed by iterative refinement. If inconsistencies
emerged, the authors justified their evaluations before proceeding to the next round.
This process continued until a unanimous agreement was reached, ensuring that only
high-quality research studies were considered for the final analysis.

2.3.4 Data Extraction

A standardized form was used to extract data to maintain consistency and objectivity
throughout the review. This form includes various details such as the authors, publi-
cation year, methodologies employed, datasets used, evaluation metrics, and principal
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2.4. Key Observations with Analysis

Table 2.3: Layer-wise Publication Filter Selection Process

Database Sources Filter1 Filter2 Filter3 Filter4 Filter5 Filter6 Final
Springer 1833 839 457 117 75 29 20
Engineering Village 2508 1012 624 110 62 32 19
ACM 1655 724 406 211 46 18 11
Elsevier 2023 1205 548 128 78 41 15
IEEE 318 202 113 73 48 25 12
aiXver 185 85 58 31 24 27 9
Wiley 142 59 37 19 10 6 2
Total 8664 3854 2239 689 343 178 88

Table 2.4: Inclusion and Exclusion Criteria

Inclusion Criteria Exclusion Criteria
Studies published in English from
2014 to 2024.

Non-English publications.

Research focusing on HAR within the
context of Activities of Daily Living.

Duplicate studies within the databases.

Studies based on pattern data, skeleton
data, or vision data.

Review articles and meta-analyses
(used only for background context).

Articles published in peer-reviewed
journals or conference proceedings.

Studies with inaccessible full text or
published in low-quality venues.

Studies with accessible full text. Studies with inaccessible full text or
restricted access.

findings. A mixed-methods approach was then applied to synthesize the extracted
data, allowing for the identification of prevailing trends, SOTA techniques, and per-
sistent challenges. After selecting the final publications for inclusion, relevant data
were extracted to address the RQs. To ensure a comprehensive understanding of past
research, an additional column was included to document research gaps. This allowed
new studies to identify the limitations of previous work. However, all authors collabo-
ratively reviewed each manuscript to refine the identified limitations before finalizing
the data extraction form.

2.4 Key Observations with Analysis

This section highlights the key conclusions, covering HAR system architecture, appli-
cations, datasets, techniques, and challenges identified in SLR process.
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2.4. Key Observations with Analysis

Table 2.5: Parameter Criteria for Quality Assessment Checking

Parameter Criteria Questions Yes No Partially
Objective Is the study’s objective well-defined

and aligned with HAR research?
✓ X

State-of-the-Art Did the researcher evaluate their re-
sults compared to existing state-of-
the-art HAR techniques?

✓ X X

Benchmark Dataset Are the datasets utilized in the study
openly available to support repro-
ducibility?

✓ X

Accuracy Does the proposed method effec-
tively and accurately classify hu-
man activities?

X X

Variables Are the dependent and independent
variables for human activity recog-
nition specified?

X X

Techniques Is the DL/ML model or classifier
definition clearly explained?

✓ X

Performance Metrics Are the evaluation metrics and per-
formance measures explicitly dis-
closed?

✓ X X

Enhancement Are the enhancements in accuracy,
robustness, or generalizability spec-
ified?

✓ X X

Limitations Are the limitations of the study
clearly outlined and discussed?

✓ X X

2.4.1 HAR System Architecture

HAR systems analyze raw data to interpret human actions. The process begins with
collecting multimodal data from sensors [90, 64, 91] like cameras, IMUs, and smart-
bands, followed by pre-processing steps such as labeling, noise removal, and normal-
ization. Features extracted from this data are then classified using ML-DL models like
CNNs and RNNs [92, 44, 45, 46, 59]. This framework addresses challenges like high-
dimensional data, feature consistency, and classification accuracy. Figure 2.5 gives an
overview of the HAR architecture. Figure 2.6 presents a taxonomy summarizing the
existing approaches within these observations. [93, 94]
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2.4. Key Observations with Analysis

Fig. 2.5: Overview of the HAR Pipeline from Data Collection to Classification

Fig. 2.6: Types of Human Activity Recognition Approaches

2.4.2 Application Areas

This section outlines the diverse areas in which these systems are applied, focusing on
their significant contributions to daily living activities, surveillance, security, Human-
Computer Interaction (HCI), sports, education, and robotics.

2.4.2.1 Healthcare and Daily Assisted Living

HAR is helpful in real-time applications such as monitoring patient activities, fall de-
tection, tracking systems, tracking rehabilitation progress, and assisting the elderly
healthcare centers [63, 95]. Wearable and ambient sensors are commonly used to
gather movement data and identify irregular patterns that may indicate health risks.
Some challenges still exist in these areas, like low-lighting environments, occlusions,
camera angles, and recognizing individual activities in intricate multi-person scenar-
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2.4. Key Observations with Analysis

ios, which can affect system accuracy by up to 25%. Recent studies have shown that
advanced detection and recognition models improve recognition accuracy by approx-
imately 15%, addressing the semantic gap [90, 63, 26, 29]. The future work aims to
improve data quality, model adaptability, and efficiency for seamless AR in daily life.

2.4.2.2 Human-Computer Interaction (HCI)

HAR significantly contributes to HCI by enabling gesture control in gaming, Virtual
Reality (VR). It also allows for hands-free interaction with smart devices, which is par-
ticularly beneficial for disabled users [28, 96, 95]. However, real-time systems in HCI
faces challenges such as fine-grained gesture recognition, latency issues, and the lack
of standardized datasets for training models. Multi-modal learning, which integrates
vision-based and sensor-based inputs, improves gesture recognition accuracy. Opti-
mized DL models help in reducing processing delays. Moreover, developing bench-
mark datasets ensures better model generalization across diverse gestures. For future
scope, integrating HAR with AR/VR technologies provides more immersive and in-
teractive experiences. It also reduces user interaction latency while enhancing original
interface.

2.4.2.3 Sports and Fitness

HAR is used to track physical performance, monitor workouts, and prevent injuries.
Smart wearable gadgets like fitness bands, smartwatches, and motion sensor devices
enable personalized fitness training and give motion analysis results [36, 27, 39, 97].
However, HAR models in this field often face challenges with user generalization, as
individual differences in body and motion posture impact recognition accuracy. An-
other issue is battery life constraints in wearable devices. To overcome these issues,
transfer learning allows models to adapt to different users, while pose estimation tech-
niques enhance motion tracking. Integrating these energy-efficient AI chips in wear-
ables also helps extend battery life without compromising performance. Challenges
such as environmental factors like adverse weather conditions can reduce data relia-
bility by up to 10%, while the complexity of athlete movements and sports equipment
can further affect accuracy.

2.4.2.4 Surveillance and Security

HAR is widely used in security and surveillance to detect anomalies, analyze crowd
behavior, and identify suspicious activities in public spaces [98, 99, 100]. Intelligent
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surveillance systems use DL models to detect theft, violence, and unauthorized access
in real-time, but raise privacy concerns due to continuous monitoring. Other challenges
include low accuracy in occluded environments and high false positives. Privacy-aware
approaches like skeleton or depth-based models address privacy concerns, while in-
frared and depth cameras improve low-light recognition. Recent advancements demon-
strate a 25% improvement in detecting subtle activities, such as distinguishing routine
behaviors from emergencies, a critical capability in settings like elder care, where accu-
rate interpretation directly impacts safety [71, 27, 101]. However, challenges continue
in outdoor security environments, where unpredictable weather conditions can reduce
activity detection accuracy by up to 20% [99, 102, 103]. As HAR advances, its col-
laboration with AI will enable smarter surveillance systems, enhancing both activity
detection and contextual awareness to meet real-world demands.

2.4.2.5 Smart Environments (Smart Homes, Smart Cities, IoT)

HAR is a key component in smart environments, facilitating smart home automation,
smart city traffic management, and intelligent IoT applications [98, 101, 104]. In smart
homes, these systems automatically adjust lighting, security, and climate control based
on human presence. In smart cities, it aids in pedestrian safety and traffic monitor-
ing. However, in smart environments must overcome challenges such as real-time
adaptability, optimal sensor placement, and high energy consumption. Adaptive learn-
ing algorithms help these models continuously learn and adapt to new environments,
while optimized wireless sensor networks improve data collection. The integration
of energy-efficient IoT communication protocols ensures that HAR-based automation
does not drain power resources excessively.

2.4.2.6 Robotics and Industrial Applications

In industrial settings, HAR enables human-robot collaboration, improving automation
and safety in manufacturing processes [102, 103]. Robots equipped with HAR models
recognize worker movements, assisting in tasks such as assembly and quality inspec-
tion. However, industrial HAR faces challenges related to complex movement differ-
entiation, limited labeled datasets, and the need for high precision to ensure worker
safety. GNNs are emerging as a powerful tool for recognizing structured movement
data, while synthetic data generation techniques help augment datasets for training
models. Explainable AI is also being explored to make these models more transparent,
ensuring safe human-robot interactions in industrial environments.
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2.5 Human Activity Recognition Datasets

Although the widespread use of publicly available and utilized datasets in HAR, smart
living applications often demand specialized data that these datasets do not fully pro-
vide. One critical factor in choosing the correct dataset for human daily living is
the relevance of activities. These datasets reflect activities pertinent to daily human
routines and tasks performed in homes, workplaces, or urban settings, ensuring that
adaptive intelligent systems are finely tuned to the contextual and operational needs of
smart living environments. Another important factor in dataset construction is subject
diversity, including participants across ages, genders, and physical abilities, which en-
sures a more comprehensive representation of human behavior or activities. Moreover,
factors such as data quality, placement of sensor devices, and the duration of recorded
activities significantly influence the performance and reliability of these models. When
choosing a dataset for daily smart living applications, these aspects must be carefully
evaluated. Table 2.6 shows the commonly used datasets in HAR areas with activity
descriptions. Each dataset offers unique features suited to specific contexts but has
limitations that require careful evaluation relative to the operational constraints and
objectives of the intended application.

Table 2.6: Common Publicly Available HAR Datasets

Dataset Samples Activities Description

UCI HAR
[105]

Total 10,299
(7,352 train +
2,947 test)

Walking+Upstairs-
Downstairs, Sitting,
Standing, Laying

Accelerometer and gyroscope
sensors. Environment: In-
door, supervised setting.

Kinetics-700
[106]

650,000
video-clips

700 action classes
(human-object
& human-human
interactions)

Kinetics series (Kinetics-400,
600,700), especially with 3D
CNNs & Transformers.

DAHLIA
[107]

Long videos
(40 min
avg/subj)

Activities for smart
home services (e.g.,
user assistance)

DAily Human Life Activ-
ity dataset recorded with
KinectV2 sensors in realistic
conditions with minimal
instructions.

Continued on next page
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Continued from previous page

Dataset Samples Activities Description

Volleyball AR
[108]

4830 anno-
tated frames

Nine player actions
and eight team ac-
tivities

Focused on group and indi-
vidual volleyball actions in
sports contexts.

HHAR
Dataset [109]

43,930,257 in-
stances

Biking, Sitting,
Standing, Walk-
ing, Stair-Up,
Stair-Down

Data collected via smart-
phones & smartwatches to
study sensor heterogeneities.

UTD Multi-
modal [110]

0.4 hours (6
participants)

Gestures and daily
activities

Recorded using KinectV2
sensors for multimodal HAR
tasks.

UCI-AAL
[97]

5,744 sample Sitting, Standing,
Walking, Lying
Down, Moving,
Falling Down

Sensor data collected to im-
prove HAR algorithms for
Ambient Assisted Living ap-
plications.

SBHAR
Dataset [111]

10,929 sam-
ples

Walking, Walking-
Upstairs, Walking-
Downstairs, Sitting,
Standing, Laying

Updated version of UCI HAR
dataset with inertial sensor
data from smartphones.

Opportunity
[112]

20 hours of
recordings

Get-up, groom,
relax, pre-
pare/consume
food, clean-up,
open/close: doors,
drawers, fridge,
dishwasher; turn
lights on-off, drink

Multimodal dataset for ac-
tivity recognition in con-
trolled environments using
body-worn sensors.

NTU RGB+D
[113]

56,880 video
samples

60 action classes
(e.g., daily actions,
mutual actions,
medical conditions)

Multimodal dataset with
RGB videos, depth maps,
infrared videos, and 3D
skeletal data.

Continued on next page
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Continued from previous page

Dataset Samples Activities Description

NTU RGB+D
120 [89]

114,480 video
samples

120 action classes
(extension of NTU
RGB+D)

Expanded version of NTU
RGB+D with additional ac-
tions and samples captured by
KinectV2 cameras.

PRECIS HAR
[114]

800 videos 16 activities (Stand-
up, Sit-down, Sit-
still, Read, Write,
cheer-up, Walk,
Throw, Drink-
bottle/mug, Move
hands front/close,
Raise one hand-up,
Raise one leg-up,
Fall-bed)

RGB-D dataset captured us-
ing the Orbbec Astra Pro
camera for activity recogni-
tion in controlled environ-
ments.

CAPTURE-24
[115]

3,883 hours
of accelerom-
eter data
(2,562 hours
annotated)

Free-living ac-
tivities (Sleep,
Light-Activity,
Moderate-to-
Vigorous Activ-
ity, Sedentary-
Behavior, Trans-
port, Personal Care,
Eating/Drinking,
Social/Leisure,
Unknown/Other)

Large-scale wrist-worn ac-
celerometer dataset collected
in the wild from 151 partici-
pants with wearable cameras.

KU-HAR
[116]

1,945 raw
samples;
20,750 sub-
samples

18 activities (stand,
sit, Lay, walking,
running, sitting,
jumping, table
tennis)

Khulna University-
Smartphone-based HAR
dataset collected from 90 par-
ticipants using accelerometer
and gyroscope sensors.

Continued on next page
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Continued from previous page

Dataset Samples Activities Description

MPOSE2021
[100]

5,429 se-
quences

20 actions (e.g.,
walking, running,
jumping)

Pose-based dataset created
via OpenPose and PoseNet
applied to popular RGB
datasets.

ARID Dataset
[117]

3,780 video
clips

11 action categories
(e.g., walking,
drinking, waving)

AR in Dark, aims at human
actions in low-light condi-
tions to improve recognition
in challenging environments.

HARTH [118] 6,461,328 in-
stances

12 distinct such as
Walking, Running,
Shuffling, Stairs,
Sitting, Lying

Human Activity Recognition
Trondheim, Professionally-
annotated dataset with
accelerometer data collected
in free-living settings.

SisFall [119] 4,505 samples 19: Daily Living
Activity & 15:
types of falls

Variety of activities, catego-
rized into Daily Living Activ-
ities & simulated falls.

LARa [120] 3,287 anno-
tated activity
segments

Standing, Walk-
ing, Using-cart,
Handling objects,
Synchronization
tasks

Logistic Activity Recogni-
tion Challenge taken in lo-
gistics environment from Op-
tical marker-based Motion
Capture, IMUs, RGB camera.

UT complex
[121]

1,060 labeled
samples, 10
participants

3 distinct activities
such as walking,
jogging, biking,
walking, sitting etc.

This facilitates the recogni-
tion of both simple and com-
plex human activities using
motion sensors.

UP-fall detec-
tion [65]

296,364 sam-
ples (raw sen-
sor signals &
images)

17 participants, 11
distinct activities of
daily living & simu-
lated falls

Developed to address the
challenges of fair comparison
between fall detection sys-
tems, it provides a rich collec-
tion of data from various sen-
sors and devices.

Continued on next page
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Continued from previous page

Dataset Samples Activities Description

WISDM [122] 36 subjects
(for v1.1)

Walking, Jogging,
Upstairs, Down-
stairs, Sitting,
Standing

Wireless Sensor Data Min-
ing; Accelerometer & gyro-
scope readings (x, y, z axes),
Sliding window techniques to
create time segments.

KTH [123] 600 sequence;
25 people

Walking, Jogging,
Running, Boxing,
Hand Waving,
Hand Clapping

Video-based HAR; Resolu-
tion 160×120 pixels, Frame
Rate:25 FPS.

ActivityNet
[124]

20,000 videos
(849 hours
total); &
200 activity
categories;

Sports, Household,
Hobbies, Profession
and Daily activity of
Pet-Dog.

Classification: Predict activ-
ity class from a trimmed clip,
Temporal Localization: Pre-
dict action start/end times in
untrimmed video. Detection:
Multi-label action detection.

SHL [125] 4 subjects Static: Stand-
Sit-Lay; Motion:
Walk-Run-Climb;
Transport: Bus-
Car-Subway-
Train-Bike; Phone
Context: In-hand,
Pocket, Backpack,
Not-on-body.

Human locomotion/activity
recognition in real-world
mobile scenarios; Real-world
outdoor & indoor recordings,
Real phone orientation and
placement variance, Ideal for
multi-device, multi-location
HAR.

2.6 Result Analysis

2.6.1 Statistical Analysis

Appendix Table .1 presents the finalized selection of main publications analyzed in
this SLR, including details like Year, Publication Type, journals, conferences, and ci-
tations. The data indicates that all selected publications were published between 2014
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and 2024, with over 75% of these works emerging after 2020. This trend highlights the
growth of DL techniques. Also, most publications were journal articles supplemented
by conference papers and proceedings, indicating an increasing academic interest in
this domain. A closer examination of the authorship patterns reveals that approxi-
mately 60% of these studies were co-authored, although the contributing researchers
and groups varied. This analysis of key studies provides insights into the volume of
research conducted, the focus areas explored, and the gaps that still require further re-
search. Emerging researchers can leverage these findings to align their studies with the
evolving needs and trends in HAR research.

2.6.2 Analysis on Research Objectives (RQ1-RQ4)

This section offers a meticulous analysis of the key attributes of publications that suc-
cessfully met the inclusion, exclusion, and quality assessment criteria. It provides
insight into the selection process, ensuring transparency and a solid foundation for the
subsequent discussion of research trends and gaps.

RQ 1. Activities Explored: This section explores the most recent and least used
advances in HAR by identifying the types of activities effectively recognized using
ML-DL models.

RQ 1.1. What types of human activities are commonly detected by HAR systems?
Commonly recognized activities are basic daily living activities, which are often mon-
itored in sports, healthcare, and smart home applications to assess mobility and well-
being. Healthcare applications like detecting falls, monitoring rehabilitation exercises,
and identifying movement disorders. In security and surveillance, these systems recog-
nize suspicious or anomalous behaviors such as violation, fighting, loitering, trespass-
ing, or carrying suspicious objects, enhancing public safety through real-time alerts.
In sports & fitness, we analyze athletic performance and track activities like running,
jumping, or team sports actions such as passing or dribbling. Gesture-based actions
like hand waving, clapping, or pointing are commonly detected to improve human-
computer interaction in smart devices and VR applications. Also, these systems mon-
itor industrial and workplace activities to ensure compliance with safety protocols by
identifying improper lifting techniques or unsafe machinery operations. Furthermore,
HAR systems excel in real-time monitoring scenarios to detect abnormal events like
unconsciousness or crowd anomalies in public spaces. By leveraging sensor-based
data and vision-based data, these systems can provide accurate AR.
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RQ 1.2. How are different categories of human activities classified in HAR sys-
tems?
HAR systems classify human activities based on complexity, duration, interaction
level, application context, data modality, and movement type. Activities can be classi-
fied as atomic, such as walking, sitting, jogging, or running, which involve single-step
actions, or as composite, such as cooking or playing sports, which require multiple
steps or interactions with objects or people. Based on duration, activities are cat-
egorized into short-term actions like clapping or waving and long-term activities like
exercising or driving, which require models capable of handling sequential data. These
systems also distinguish between individual activities, interactive activities involving
interactions with objects or other people, and group activities. These systems are ap-
plied across various contexts, such as monitoring daily activities, healthcare tasks, se-
curity behaviors, and sports movements. Activities are typically classified by data
modality, such as sensor, vision, or multi-modal. They also distinguish between static
and dynamic actions. This structured classification helps select suitable datasets and
algorithms for accurate recognition across diverse environments and applications.

RQ 2. Machine Learning and Deep Learning Methods: HAR research mainly uses
ML-DL frameworks, focusing on variables affecting recognition, classifiers, datasets,
tools, and training methods.

RQ 2.1 Which independent and dependent variables, including input features,
contribute the most to accurate activity recognition?
In HAR systems, independent variables called input features & dependent variables
called activity labels critically affect accuracy. Independent variables include raw sen-
sor data and vision-based inputs. Engineered features like time and frequency-domain
characteristics further boost performance. Advanced techniques such as hybrid feature
extraction with CNNs, attention mechanisms, and temporal models and transform-
ers enhance sequential learning. The quality and granularity of dependent variables
also impact outcomes. Preprocessing techniques such as filtering, normalization, and
sliding window segmentation that align input data with activity durations, improving
reliability [25, 40, 115, 116]. Attention mechanisms further refine feature selection by
suppressing irrelevant patterns [100]. Challenges such as sensor variability, environ-
mental noise, and class imbalance can impact accuracy but can be mitigated through
techniques like multi-device training, synthetic data generation, and self-supervised
pre-training on diverse datasets.
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RQ 2.2 What data representation techniques are used for pre-processing human
activity data?
Pre-processing is a critical step as it transforms raw data into structured formats for
analysis and modeling. Several data representation techniques are employed to prepare
activity data for accurate prediction. Filtering methods, such as low-pass, high-pass &
band-pass filters, are used to eliminate noise and isolate relevant motion signals. Fea-
ture extraction derives meaningful attributes from raw data, and spatial features such
as optical flow or skeletal joint coordinates for vision-based HAR [26, 66]. Feature
selection refines the dataset by removing redundant features using methods like mu-
tual information or recursive feature elimination, improving model efficiency. Nor-
malization techniques, such as min-max scaling or z-score, ensure uniformity across
sensors and participants, while dimensionality reduction methods like Principal Com-
ponent Analysis (PCA) simplify high-dimensional datasets to reduce computational
costs [46]. Missing value imputation techniques address gaps in sensor data caused
by device malfunctions using interpolation or k-Nearest Neighbor (KNN) methods
to maintain continuity in time-series data [71, 126, 32]. Symbolic data representa-
tion techniques like symbolic aggregate approximation convert continuous time-series
data into symbolic sequences for lightweight analysis on resource-constrained devices
[54, 55]. Together, these pre-processing techniques ensure that human activity data is
clean, structured, and optimized for ML-DL models, significantly enhancing the accu-
racy and reliability of these systems across diverse applications.

RQ 2.3 Which ML-DL models are commonly used in HAR?
HAR systems use various ML-DL models to classify human activities from sensor
or video data. Classical ML models like Random Forest (RF), SVM, KNN, Hidden
Markov Model (HMM), and Decision Trees (DT) are commonly applied to simpler
tasks or smaller datasets. RF handles noisy, high-dimensional data well, SVM works
for linear/non-linear tasks with careful tuning, and KNN is accurate but computation-
ally expensive on large datasets. HMM capture sequential patterns, while DTs are
interpretable but prone to overfitting in complex cases [127, 58]. DL-models, though
more resource-intensive, automatically extract features, reducing the need for manual
engineering. CNNs are effective for spatial feature extraction in static activities, while
RNN, LSTM, and Gated Recurrent Unit (GRU) capture temporal dependencies in dy-
namic tasks. Hybrid models like CNN-LSTM and ConvST-LSTM combine spatial and
temporal learning, achieving SOTA results [33, 102]. Transformers further enhance
performance by capturing long-range dependencies. Advanced DL architectures opti-

46



2.6. Result Analysis

mize spatial-temporal feature extraction while addressing challenges like sensor vari-
ability and environmental noise. Overall, classical ML remains effective for simpler
HAR tasks, while DL models dominate due to their superior ability to handle complex
patterns and achieve high accuracy.

RQ 2.4 What tools and open-source modules are most frequently used in HAR
research?
HAR research relies on a variety of tools & open-source modules to support data
pre-processing, model development, and performance evaluation. For classical ML
tasks, libraries like Scikit-learn are widely used for feature engineering, model train-
ing, and evaluation, while XGBoost is preferred for its efficiency in boosting-based
ensemble methods [30, 128, 120]. In DL applications, TensorFlow and PyTorch are
the most popular frameworks and dynamic computation graphs, making them ideal
for implementing advanced HAR models [115, 109]. OpenCV plays a critical role
in vision-based tasks by providing tools for video processing, pose estimation, and
integration with pre-trained models like ResNet using its DNN module [129, 130].
Some pre-trained models like ResNet, OpenPose, Mediapipe with 3D kernels, or hy-
brid architectures like ConvBiLSTM are frequently utilized for spatiotemporal activity
recognition in both sensor and video-based HAR systems [98, 49, 44]. These tools
collectively simplify the development of these systems by offering robust libraries for
model implementation, efficient data processing modules.

RQ 2.5 What training approaches are implemented in HAR models?
HAR models utilize various training approaches to enhance accuracy, robustness, and
adaptability across diverse datasets and activity types. Supervised learning is used for
labeled datasets to train models such as CNNs, RNNs, and hybrid architectures to clas-
sify activities like walking, running, or sitting [98, 101, 130]. Hybrid models leverage
the strengths of different neural networks, with CNNs extracting spatial features and
LSTMs capturing temporal dependencies, while attention mechanisms further refine
feature selection by focusing on relevant patterns. Reinforcement learning is a growing
technology that enables models to learn optimal policies for recognition through trial-
and-error interactions with the environment for dynamic and real-time tasks [129, 128].
Transfer learning is frequently implemented by pre-training models like ResNet on
large, complex datasets and fine-tuning them on specific data, reducing training time
and improving performance on smaller datasets [97]. Synthetic data generation using
techniques like GAN addresses challenges such as class imbalance and intra-class vari-
ability by augmenting datasets and improving model generalization. Cross-validation
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techniques ensure robust evaluation by testing generalizability across individuals while
sliding window validation segments data into overlapping windows for better temporal
representation during training. Hyperparameter tuning plays a critical role in opti-
mizing learning rates, batch sizes, and epochs to improve model performance, with
strategies like learning rate annealing ensuring smooth convergence.

RQ 3 Evaluation Procedures: Explores the evaluation methods used for HAR mod-
els, focusing on the datasets employed in this domain and the performance metrics
used for result evaluation.

RQ 3.1. What benchmark datasets are cast-off to evaluate HAR models?
These models are evaluated using a variety of benchmark datasets that provide struc-
tured data for training and testing across different modalities and scenarios. Sensor-
based datasets like UCI HAR [105], WISDM [122], and OPPORTUNITY [112], are
widely used for wearable device applications. These datasets include accelerometer
and gyroscope data capturing activities like walking, running, sitting, and daily liv-
ing actions. Vision-based datasets like ARID [117], ActivityNet [124] rely on video
recordings to recognize human actions. Multi-modal datasets, such as SHL [125],
combine multiple sensing modalities like body-worn sensors, RGB-D cameras, and
smartphones to capture richer activity representations. Specialized datasets like NTU
RGB+D, NTU RGB+D 120 [113, 131] dataset focus on studying the impact of sensors
on model performance in controlled environments, while ARID [117] addresses chal-
lenges in low-light conditions. These benchmark datasets help evaluate HAR models
and improve their real-world performance.

RQ 3.2. What evaluation metrics are calculated to assess model performance?
HAR systems are evaluated using performance metrics like accuracy, precision, recall,
F1-score, and Area Under Curve (AUC) and Receiver Operating Characteristic (ROC)
to ensure robust and generalizable performance. Accuracy shows overall correctness
but may be misleading on imbalanced data. Precision reduces false alarms, while recall
ensures all positive instances are detected for crucial tasks like sudden fall. The F1-
score balances precision and recall for better handling of imbalance. AUC-ROC helps
assess binary classifications like anomaly detection. Validation methods like k-fold
cross-validation and sliding window techniques further enhance reliability, especially
for sensor-based, time-series data. For continuous activity prediction tasks, regres-
sion metrics like Mean Squared Error (MSE) and Mean Absolute Error (MAE) are
used to measure prediction accuracy. Also, domain-specific considerations such as ad-
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dressing class imbalance through under-sampling or synthetic data generation improve
F1-scores and enhance model reliability. Advanced techniques like feature importance
analysis using tools like SHAP provide insights into biases and feature selection strate-
gies. Together, these metrics and methodologies ensure a comprehensive evaluation of
HAR systems.

RQ 3.3. How well do HAR systems generalize across different environments and
user adaptability?
HAR systems exhibit limited generalization across environments and user populations
due to variations in sensor placement, environmental conditions, and inter-user move-
ment patterns. Sensor-based models are sensitive to device orientation, with positional
shifts reducing accuracy by up to 30% [118, 120, 132], while vision-based models de-
grade under lighting variations and occlusions. User diversity, including demographic
and behavioral differences, further impacts model reliability. Cross-dataset general-
ization is constrained by inconsistent data formats, sampling rates, and activity tax-
onomies. While basic activities generalize reasonably well, complex activities often
suffer from high intra-class variability. Techniques such as domain adaptation, trans-
fer learning, and synthetic data augmentation mitigate these issues. Pre-training on
large-scale datasets [89, 113] followed by domain-specific fine-tuning improves cross-
domain performance. Hybrid architectures combined with attention mechanisms cap-
ture spatial-temporal dependencies for improved robustness. Despite these advances,
overfitting to lab-controlled conditions remains a challenge, often inflating perfor-
mance estimates. Current efforts focus on dataset standardization, lightweight model
design for edge devices, and rigorous cross-domain validation to enhance real-world
adaptability. Robust generalization remains a key open challenge for practical HAR
deployment.

RQ 4. Performance Analysis in Depth: This provides insight into which approaches
deliver SOTA results, under what conditions, and what trade-offs exist between accu-
racy, computational cost, and real-world applicability.

RQ 4.1 How does feature mapping representation impact activity recognition ac-
curacy and represent the feature extracted?
Feature mapping representation crucial step in determining the accuracy by influenc-
ing how spatial-temporal patterns are extracted and utilized. Manual feature engineer-
ing relies on domain expertise to select attributes that work well for simple activities
but faces difficulties with complex actions due to its limited ability to capture intri-
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cate dependencies. Automated feature extraction significantly improves accuracy by
autonomously learning hierarchical features from raw data. Multi-scale feature extrac-
tion methods enhance performance by employing local-global patterns, reducing con-
fusion between similar activities like ”walking upstairs or downstairs”. Hybrid mod-
els combine hand-crafted features with DL representations, leveraging both domain
knowledge and learned patterns to improve recognition accuracy by 3–5% over stan-
dalone models. Feature selection techniques like Joint Mutual Information Maximiza-
tion optimize dimensionality by identifying the most discriminative features, reduc-
ing computational costs while maintaining high accuracy [61, 33]. Advanced methods
like depthwise separable convolutions reduce computational overhead for edge deploy-
ment, while spatial features, temporal patterns, and fused spatiotemporal embeddings
enable robust recognition of complex activities. Overall, automated and hybrid feature
mapping approaches outperform manual methods by capturing richer patterns and im-
proving generalization across diverse activities.

RQ 4.2 What are the key factors influencing the accuracy and robustness of HAR
models?
The accuracy and robustness of HAR models are influenced by multiple factors, in-
cluding validation methodologies, feature representation, model architecture, data pre-
processing, sensor variability, dataset quality, environmental conditions, computational
efficiency, and real-world variability. Traditional models are effective for simple ac-
tions [29, 95], while DL architectures capture spatial-temporal dependencies for com-
plex activities, achieving accuracies above 95% [98, 99, 101, 30]. Hybrid models
integrating CNNs, LSTMs, or Transformers further enhance recognition, while atten-
tion mechanisms improve robustness by prioritizing salient features [133, 115, 102].
Pre-processing steps such as filtering, normalization, and segmentation reduce noise
and align temporal boundaries. Sensor variability, particularly orientation shifts, can
degrade F1-scores by approximately 20% [107, 109, 103], but multi-modal fusion of
IMU, GPS, and audio sensors mitigates these effects [112, 118, 120]. Dataset bias,
common in lab-constrained datasets, limits generalizability, which can be addressed
using synthetic data generation techniques. Environmental challenges like illumina-
tion variation and occlusion primarily affect vision-based systems. Computational ef-
ficiency is critical for edge deployment; lightweight architectures such as separable
convolutions reduce parameter counts by up to 40% without compromising accuracy
[115, 119, 129]. Finally, demographic diversity and device heterogeneity introduce
domain shifts, addressed through domain adaptation, data augmentation, and robust
validation strategies to improve real-world generalization.
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RQ 4.3 How do different ML-DL models perform in HAR across various datasets
and scenarios?
HAR models demonstrate varying performance across datasets and scenarios, with DL
models generally outperforming traditional ML methods, especially for complex activ-
ities and large datasets. CNNs and hybrid architectures work in spatial-temporal fea-
ture extraction, achieving SOTA accuracy of 95–98% on benchmark datasets [44, 59].
Hybrid models enhance accuracy by capturing spatial-temporal dependencies, while
attention mechanisms improve robustness to noise and sensor variability [130, 100].
Recurrent models are highly effective for sequential data, particularly for transitions
between activities, but they require significant computational resources and large la-
beled datasets. In contrast, traditional ML models like RF or SVM perform well for
simpler activities & achieving 85–88% accuracy on datasets [123, 89, 118] but face
issues with complex actions due to their reliance on manual feature engineering. Real-
world datasets present additional challenges due to sensor variability and environmen-
tal noise, leading to performance drops of 15–20% compared to lab-collected datasets
[116, 122, 124]. Multi-modal datasets benefit from hybrid models that fuse data from
multiple sensors, improving robustness in diverse scenarios [65]. In healthcare ap-
plications, CNNs and LSTMs excel at detecting falls or gait abnormalities with high
accuracy of 97.6% [130], while synthetic data generation addresses class imbalance
problem. Lightweight models or those using separable convolutions reduce compu-
tational costs by 40% [61, 99], making them suitable for edge devices. However,
challenges such as subject variability (e.g., young adults vs. elderly users) and en-
vironmental factors remain significant barriers to generalization. While DL excels in
controlled settings, traditional ML suits simpler for resource-limited tasks. The future
work should prioritize domain adaptation, synthetic data, attention mechanisms, and
robust validation for real-world deployment.

RQ 4.4 What is the significance of training approaches on HAR performance?
Training strategies directly influence HAR model generalization, robustness, and ac-
curacy across controlled and real-world environments. Hybrid architectures such as
CNN-LSTM [61] leverage spatial-temporal dependencies, outperforming homogeneous
models, especially in scenarios with sensor variability [132]. Variations in device ori-
entation and hardware heterogeneity can degrade performance by up to 45% [86], ne-
cessitating training on heterogeneous datasets. Synthetic data generation mitigates
class imbalance and intra-class variability, particularly for rare activities such as falls
[90]. RL introduces adaptability in dynamic environments, while hyperparameter opti-
mization ensures optimal convergence. Advanced validation protocols expose general-
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ization gaps between lab-based and real-world deployments. Sequential segmentation
techniques, such as sliding windows, enhance temporal modeling [34]. Despite DL
models achieving accuracies of 95–98% [126, 31], real-world factors still challenge ro-
bustness. Metrics like F1-score and maximum mean discrepancy (MMD) quantify gen-
eralization under these variations. The future directions should emphasize lightweight
models for edge deployment, explainable AI for interpretability, and pre-training on
diverse datasets for improved transferability. Effective training pipelines integrating
hybrid architectures, data augmentation, adaptive learning, and rigorous validation are
essential for bridging the gap between controlled benchmarks and real-world HAR
performance.

2.7 Discussion

Machine learning and Deep learning for HAR is an emerging and continuously evolv-
ing research domain. Many studies have leveraged DL-based techniques to enhance
recognition, and they have also identified significant research gaps that require fur-
ther research. Several works have critically analyzed these limitations, emphasizing
the need for refinement and advancement in existing methodologies. Future research
directions have been the central theme, with some studies proposing specific improve-
ments, while others have outlined novel approaches to push the boundaries of HAR in-
novation. This section provides a comprehensive discussion of the identified research
gaps, highlighting areas that demand further exploration to advance the field.

2.8 Summary

This work presents SLR on ML-DL-based techniques for human activity recognition.
The studies included in this were published between 2014 and 2024. Out of an initial
pool of 8,664 articles, 88 papers were carefully selected through a rigorous selection
process. These key studies were extensively analyzed, focusing on the following criti-
cal aspects:

1. Prevalent Activities in HAR: The analysis highlights commonly recognized ac-
tivities in HAR datasets, such as walking, running, sitting, standing, and com-
plex actions like hand gestures or fall detection. Studies suggest that recognizing
activities in clusters enhances accuracy by leveraging shared feature representa-
tions.
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2. Machine Learning and Deep Learning Approaches: The reviewed studies pre-
dominantly employ DL-based techniques such as CNNs, RNNs, LSTM, DeepLSTM,
bi-LSTM, and ConvoLSTM networks. Hybrid models like CNN+LSTM and
bi-LSTM demonstrated superior performance. Also, research categorized de-
tection tools based on relevance and effectiveness. The evaluation of train-
ing methodologies showed that intra-subject training yielded better results than
cross-subject training. Furthermore, feature selection techniques were analyzed
to identify key metrics for HAR.

3. Evaluation Methods Applied: HAR models were assessed using publicly avail-
able datasets. The review found that accuracy, precision, recall, and F1-score
were the most commonly used evaluation metrics for model performance as-
sessment.

4. Performance Analysis: The study examined the impact of independent variables
on activity recognition, revealing that fewer but well-selected features improved
model performance. Comparative analysis of different DL-based architectures
showed that hybrid models outperformed standalone approaches. Further, find-
ings indicate that model efficiency is not necessarily dependent on the number
of network layers, but rather on the quality of feature extraction and training
strategies

This systematic review provides guidelines and recommendations for future re-
search in HAR, along with a summary of essential feature representations for activ-
ity recognition. These insights serve as a reference for developing more robust mod-
els. The findings from this SLR suggest that this field in computer vision remains an
evolving research area, with potential advancements possible through the integration
of quantum computing and evolutionary algorithms for enhanced recognition accuracy.
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Chapter 3

ConvST-LSTM-Net: Convolutional Spatio-Temporal
LSTM Networks for Skeleton based Human Action
Recognition

This chapter presents ConvST-LSTM-Net, a deep learning framework for skeleton-
based human action recognition. By combining CNN and spatiotemporal LSTM units,
the model aims on extracting features from only the informative keyjoints. It processes
skeletal data through keypoint detection, geometric and kinematic feature extraction,
and sequential modeling for action classification.

3.1 Introduction

Nowadays, crowded places with normal and abnormal activities are familiar due to
population increase, which leads to suspicious activities. By recognizing and analysing
the human actions from the videos, one can clearly distinguish between normal and
abnormal behaviours that can make significant improvements in public safety. Withal,
HAR remains an ambitious challenge due to its cluttered backgrounds, slight inter-
class segregation, and wide intraclass deviation. Some applications, such as monitor-
ing suspicious detection and early reporting for fall detection, are also considered in
HAR. However, various techniques are there for the representation of human action
based on motion, such as RGB-based videos, RGBD-based videos, and skeleton-based
videos [134, 135]. On comparing these techniques, all the skeleton-based methods rep-
resent: (i) human motion via 3D coordinates positions for key-body points and (ii) are
more robust to problems like variations of background clutter, observation viewpoints,
illumination or intensity conditions and so on. These advantages of skeleton motion
sequences motivate researchers to develop new techniques for exploring informative
features for human action recognition. These methods are gaining utmost importance
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in HAR since skeletons represent a compact sequence of data forms that depict dy-
namic motion within human body movements [136].

Some approaches are used for tracking and calculating the skeleton keyjoints with
feature invariant to human key-body points, observation point, camera viewpoint and
so on. The skeletal features within the human body are responsible for recognizing all
the normal & abnormal activities. Besides this, they have also been used for evaluating
(some activities such as falling, discriminating between jogging and running) the vari-
ation in the keyjoint coordinates between the center-mass of the body, acceleration-
motion, velocity-motion, for movement: angles between the key-joint points within
the skeleton. Some new methods like ST-LSTM and ST-GCN are practices to extract
these features also. In this work, the prime objective is to efficiently combine the
important cues in CNN and LSTM using Spatio-Temporal data with skeleton-based
recognition approaches called ST-LSTM. Here, a set of extracted skeleton features in
conjunction with skeletal keyjoint is fed as input to the model. The skeletal track-
ing algorithms were used for detecting the keyjoints followed by the feature extrac-
tion that was done through RGB frame data to improve the efficiency of the model.
Some standard features, like angle between the keyjoint coordinates, velocity-motion,
acceleration-motion, and human body position of the center of mass, for movement:
angles between the joint key points, have been extracted from keyjoint coordinates
of the human skeleton. Once the feature extraction is done along with pre-processing
thereupon, the preprocessed data is fed to the model, consisting of 17 extracted features
among 25 skeleton coordinates.

The overall pipeline of proposed ConvST-LSTM-Net model is illustrated in Fig.
3.1. The model exploits a spatio-temporal network consisting of CNNs, ST-LSTMs
& fully connected dense layers. The model first detects the skeleton keyjoints of the
persons using the skeleton-based recognition method. These key joints are fed to the
CNN layers, followed by ST-LSTMs for the extraction of spatial-temporal features.
Then, output from a hidden layer of ST-LSTMs is passed via FC dense layer for clas-
sification. The key contributions of the research work can be summarized as follows:

• A spatio-temporal ConvST-LSTM-Net model has been proposed that utilizes hu-
man body key-joint coordinates from skeletal data obtained from RGB videos.
The keyjoints are fed as an input to CNN layers for extracting the spatial-temporal
features, followed by ST-LSTM, and the output is passed to the time-distributed
FC dense layer.

• Motivated by the advances in CNN, ConvLSTM, and ST-LSTM, we have seam-
lessly combined the ideas of these models and integrated them to propose a new
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Fig. 3.1: Process Informatics Pipeline of ConvST-LSTM-Net. At first, the video
frames are passed through the skeleton-based recognition feature method to extract
the skeleton key joint coordinates. Then, the obtained keyjoint coordinates are fed to a
modified ST-LSTM cell followed by ST-LSTM layers to evaluate the spatio-temporal
feature. Further, for classification, the outputs are passed to FC-dense layers. Ulti-
mately, SoftMax shows the framewise prediction scores of human action behaviours.

paradigm for skeleton-based action recognition termed as ConvST-LSTM-Net.
The model brings attention to improving the efficacy by focusing only on infor-
mative keyjoint coordinates.

• Among 25 keyjoints, a set of 17 extracted skeleton features along with 21 skele-
ton keyjoint coordinates are fed to the model as not all the skeleton keyjoints are
informative in nature for recognizing the action classes.

• The proposed ConvST-LSTM-Net model shows better performance in compari-
son to existing models by using different modalities over various benchmarks.

3.2 ConvST-LSTM-Net: The Proposed Methodology

This section briefly canvasses crucial terms and approaches used in the proposed model,
which is divided into three models, namely CNN, ST-LSTM, and ConvST-LSTM-Net.
The proposed methodology has been executed with the review of CNN along with the
construction of skeleton-body with coordinates and ST-LSTM, respectively. Initially,
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for dataset preparation, the human body frames from raw RGB videos are used to train
the network while tracking the 3D skeleton joint key coordinates. For pre-processing,
the 3D joints-normalization method is applied, which is helpful in making a bounding
box above the tracked human body. Some features have been extracted for determin-
ing different activities, features such as velocity-motion (ν), acceleration-motion (A),
weight (w), depth (d), height (H), angle (θ) within the consecutive skeleton joints,
etc. After training, the feature extraction is done for input human activity behaviour.

Fig. 3.2: The 25-skeleton keyjoints for the human body track detection and pre-
processing.

3.2.1 Keypoint Detection & Pre-processing

In pre-processing technique for RGB videos, the frames are inputted into ST-LSTM
network to evaluate the key-joint locations of human body frames from skeleton co-
ordinates. Fig. 3.2 represents the 25-skeleton keyjoint coordinates which have been
tracked at each joint. Only 17 skeletal keyjoints are covered (since they are the in-
formative skeletal keyjoints to specify the normal and abnormal human activities) and
these are the right-knee, right-hip, left-knee, left-hip, left-foot, left-ankle, right-foot,
right-ankle, head, spine-mid, left-wrist, spine-base, right-shoulder, left-shoulder, right-
wrist, right-elbow and left-elbow. Each frame tracked the human skeleton comprising
x, y, z coordinates of human body keyjoints. After getting 3D skeletal coordinates,
normalization technique has been applied on 3D keyjoints to generate bounding boxes
over tracked human skeleton, which may vary as per the person’s movement in video.

Afterwards, a feedforward network has been used based on a multi-CNN layer
followed by ST-LSTM that takes input in the form of keyjoints coordinates from video
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frames using skeleton-based recognition. It learns the affiliation among the body parts
of individuals within the frames. Table 3.1 presents the details of tracked skeletal
keyjoints, a set of derived features, and action class. For normalizing the convergence
of loss function, minimum-maximum normalization technique (min-max norm) has
been used. Here, X indicates the training dataset, then normalization can be achieved
as:

Xnoramlize =
X −Xmin

Xmax − Xmin

(3.1)

Table 3.1: Detail of selected relevant skeleton keyjoints coordinates and derived fea-
tures.

Lable Description

Skeleton Joints

Right-Hip, Left-Hip, Left-Foot, Right-Foot, Right-Knee,
Left-Knee, Right-Ankle, Left-Ankle, Head, Right-Wrist,
Left-Wrist, Right-Shoulder, Left-Shoulder, Left-Elbow,
Right-Elbow,Spine-mid, Spine-Base.

Features ∠θ, ν, A, hd, d, w, H , (Geometric & Kinematic features)
Action Class Sit, Stand, Walk, Run

3.2.2 Construction & Evaluation of Feature Vector: Geometric &
Kinematic Features

The skeleton keyjoint coordinates are used for constructing and calculating features
vectors. The keyjoints coordinates of the human body that are tracked for different
activities of humans are actually decided by using feature vectors. For particular activ-
ities different features are utilized. These features and their evaluation are as follows:

∠θ (Angle between key-joints of skeleton coordinates): Among 25 keyjoints coor-
dinates, we consider those coordinates which are connected via straight line and then
a skeleton structure of tracked human body is drawn using these coordinates as shown
in Fig. 3.3 Accordingly, only 10 keyjoint comes out to be the most relevant ones
viz. left-shoulder, spine-mid, right-shoulder, spine-base, left-knee, right-knee, left-
hip, right-hip, left-ankle, and right-ankle are used for calculating the value of angle θ.
It is the illustration for evaluating the keyjoint angles between the left-shoulder, neck
and mid-hip. If A,B,C are considered as the distance between the coordinate, then
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values are formulated as A1 = x1 − y1, B1 = x2 − y2, and C1 = x3 − y3, then
θ can be evaluated as follow:

θ =
ABC

AB ∗BC
(3.2)

where, ABC = (A1 ∗ A2 +B1 ∗B2 + C1 ∗ C2)

AB =
√

A2
1 +B2

1 +C2
1 and BC =

√
A2

2 +B2
2 +C2

2 (3.3)

Fig. 3.3: Illustration for calculation of angle from left side of skeleton between left
shoulder, neck, and mid-hip.

Velocity-Motion Estimation (ν): Velocity-motion is calculated by taking the distance
of positions of humans at time frames t and t+1 in x, y, z -dimension. So, velocity of
the tracked person ν is given in which d indicates distance of tracked person between
frames and t indicates frame-time.

ν =
d

t
(3.4)

Acceleration-Motion estimation (A): The rate of changes of velocity between consec-
utive frames in x, y, z -directions at time frame t. It is given by:

A =
ν

t
(3.5)

Head-Floor distance (hd): It measures the distance between the head keyjoint coordi-
nate & the floor where tracked person’s location found.

Head-Depth Distance(d): The distance measured from first camera view to the ad-
jacent object is termed as depth. So, head-depth is calculated via the head keyjoint’s
coordinates in the z-dimension of a tracked person within the frame.
Width (w): Width is defined as the difference between maximum of right-left keyjoint
(Rj Max−Lj Max) coordinates of tracked person. The extreme left keyjoint width is
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estimated using a left-elbow, left-hip, left-knee, left-shoulder, left-ankle, left-foot, and
head keyjoint values. In the same way, the right extreme keyjoints can be calculated
by using all the right-side keyjoint coordinates in which Rj indicates the right keyjoint
coordinates, Lj indicates the left keyjoint coordinates. It is calculated as:

W =
∣∣Rj Max − Lj Max

∣∣ (3.6)

Height (H): Height is the measure between utmost bottom keyjoints and utmost top
keyjoints of body coordinates. In extreme bottom, it includes keyjoint coordinates like
left-ankle, right-knee, left-knee, right-ankle, right-foot, left-ankle, left-foot and right-
ankle and in utmost top, it includes keyjoint coordinates like head, right-ankle, right-
elbow, left-ankle, left-elbow, right-knee, and left-knee keyjoints coordinates, in which
Tj indicates the top keyjoint coordinates,Bj indicates the bottom keyjoint coordinates.

H = |Tj − Bj | (3.7)

3.3 ConvST-LSTM: The Proposed Model

The final pre-processed 3D keyjoint coordinates are inputted into the proposed DL
network. We have used the sequential fusion of CNNs, Conv-LSTM & ST-LSTM to
propose the ConvST-LSTM network.

3.3.1 Convolutional Neural Network Architecture

Initially, the human action recognition has been executed by applying CNNs approach
[137]. Consider, X0

t = [X1, X2, X3, . . . . . . . . . . . . , Xn] as the input-vector, where n in-
dicates the input samples and output of convolutional layers can be defined as follows:

C l,j
i = σ

(
Bj +

M∑
m=1

W j
m ∗X

0,j
i+m−1

)
(3.8)

here l corresponds to an index of convolutional layer; σ depicts the non-linear
sigmoid-activation function; whereas B represents the bias vector corresponds to jth

feature-map; Filter-size of CNN is indicated by M; indicates the weight metrics for the
jth feature-map is indicated by W j

m ; mth is the filter-index.
The input frames in the proposed model consist of three input channels, namely

sequences, keyjoint, and coordinates which resemble to the x, y, and z directions, re-
spectively. Each input frame has a resolution of 125x25x3 pixels and contains infor-
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mation about the movement sequences, keyjoint positions, and spatial coordinates. In
convolution layer, 6 filters are passed together with configured size of kernel, padding
and SoftMax functions in the hidden layer in order to avoid the vanishing gradient
problem. Max-pooling is used as a pooling-operation to estimate the maximum value
for feature-map, and diminish the processing time by reducing the dimensionality of
the frame. Then, output from the hidden layer has passed to FC-dense layers. Finally,
SoftMax function shows the prediction score of the action classes.

3.3.2 Spatio-Temporal LSTM

Before moving to ST-LSTM, let’s recap LSTM [138], which consists of 3 memory
cells (gates) and escape the vanishing gradient issue. These are: (a) Forget cell: a
binary gate that decides how much information to pass through. (b) Input cell: decides
whether the current information can be stored in the unit cell and (c) Output cell:
contains sigmoid activation gate which decides which information to show as output.
Lastly, the tanh layer is used to pass the cell state and further multiply it with the final
output obtained from the output cell. The equations which define the activity of each
cell can be formulated as follows:

it = σ (WXi
Xt +WHi

Ht−1 +WCi
Ct−1 +Bi) (3.9)

ft = σ (WXf
Xt +WHf

Ht−1 +WCf
Ct−1 +Bf ) (3.10)

ot = σ (WXoXt +WHoHt−1 +WCf
Ct +Bo) (3.11)

Ct = ftCt−1 + it tanh(WXcXt +WHcHt−1 +Bc) (3.12)

Ht = ot tanh(Ct) (3.13)

here, Wi, Wf , Wo indicates weight matrices of forget (f), input (i) and output (o)
gates, respectively; Xt ∈ input fed to LSTM cells unit at t time; σ depicts the sigmoid-
activation function whereas tanh depicts the hyperbolic-tangent function (both non-
linear functions); Ct indicates memory cell state within the LSTM. Bi, Bf , Bo, and Bc

indicates the bias vectors on forget, input & output gates, and memory cell c, respec-
tively. Internal frame input keyjoint coordinates of each cell in the ST-LSTM model
are represented in Fig. 3.4 The skeletal keyjoints are arranged in spatial direction and
input as a chain whereas the corresponding keyjoints are inputted over various frames
for temporal direction sequentially. Especially, each ST-LSTM cell is feed for a new
input (xj,t), where x ∈ new input feed for 3D position of body keyjoint j in frame time
t, the hidden layer (hj,t−1) of the same keyjoint j and the hidden layer (hj−1,t) for the

61



3.3. ConvST-LSTM: The Proposed Model

previous keyjoint j − 1 in same frame t, here j indicates the indices of keyjoint, i.e.,
j ∈ 1..j..J and t indicates the indices of frames, i.e., t ∈ 1, ..t.., T ,. An ST-LSTM
unit cell consists of an input cell (ij,t), 2-forget cells correspond to the sources of con-
text information i.e., temporal dimension (fT

j,t) & spatial domain (fS
j,t), in conjunction

with an output gate (oj,t). The equations for ST-LSTM are formulated as introduced in
[139]: 

ij,t

f
(S)
j,t

f
(T )
j,t

fj,t

oj,t

uj,t


=


σ

σ

σ

tanh


W


xj,t

hj−1,t

hj,t−1


 (3.14)

Cj,t = ij,t ⊙ uj,t + f
(S)
j,t ⊙ cj−1,t + f

(T )
j,t ⊙ cj,t−1 (3.15)

hj,t = oj,t ⊙ tanh (cj,t) (3.16)

where c j,t indicates the cell state; h j,t indicates the hidden input layer in ST-LSTM
unit at the spatio-temporal steps for keyjoint j and frame time t; the modulated input
frame is indicated by u j,t;⊙ represents frame-wise product for each unit and W indi-
cates an affine transformation within the weight.

Fig. 3.4: Illustration of the ST-LSTM cell. In the spatial domain, skeletal keyjoints in
each frame are aligned and fed sequentially. In the temporal domain, the keyjoints are
fed sequentially across frames.
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3.3.3 ConvST-LSTM-Net Architecture

Several works [140, 141] have demonstrated that each action sequence has a subset of
informative keyjoints. In contrast, some keyjoints may be irrelevant in order to recog-
nise the action classes with proper information. Therefore, for obtaining high accuracy
in human-action recognition the informative skeletal keyjoints have been identified
while focusing on their features vector. At the same time in order to recognize human
behaviour, we must preferentially concentrate on the informative keyjoints (coordi-
nates for feed); ignoring the features of the irrelevant keyjoints. This model has been
executed by taking a sequential fusion of CNN, ST-LSTM, and FC layers. Here, CNNs
are pre-owned for feature extraction, ST-LSTMs are used in sequence prediction for
spatio-temporal feature extraction and the features dense layers are used for mapping.
For classification, the outputs from CNN’s hidden layer are fed to the ST-LSTM layers
and then Global Average Pooling (GAP) layer is used to flatten the data followed by
FC layers within the model. The transformation equations for ConvST-LSTM-Net can
be given as:

F (T )
j,t = σ (WXFXj,t +WHF Hj,t−1 +BF) (3.17)

F (S)
j,t = σ (WXFXj,t +WHFHj,t−1 +BF) (3.18)

Ĩj,t = σ(WXĨ
Xj,t +WHĨ

Hj,t−1 +BĨ) (3.19)

Õj,t = σ(WXÕ
Xt +WHÕ

Ht−1 +Bo) (3.20)

Cj,t = fj,tCt−1 + ij,t tanh(WXcXt +WHcHj,t−1 +Bc (3.21)

uj,t = tanh(WXu ∗Xt +WHuHt−1 +Bu (3.22)

Ht = ot ⊙ tanh(Ct) (3.23)

where Xj,t, Cj,t, Hj,t, Fj,t, Ij,t indicates inputs states, cells states, hidden states,
forget cells, input cells for keyjoint j in frame time t; ut input-modulation gates and
Õt is the output cells; Ct is the memory cell used for aggregating the states information
controlled by the cells. Fig. 3.5 depicts about the ST-LSTM layer for each unit cell.

Model Training: ConvST-LSTM-Net was trained on the frame samples obtained from
the videos, key-point recognition, followed by the fusion of Spatio-Temporal model
consisting of ConvLSTMs. The model was trained on 150 epochs on a machine hav-
ing AMDRyzen7 5800H processor, 8 GB RAM, and Graphics: NVIDIA GeForce RTX
3050M, GPU, having a learning rate of 0.001 after repeated hyper-parameter tuning.
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Fig. 3.5: Illustrates the ConvST-LSTM network for ST-LSTM layer in each unit cell.

For setup, Keras API version 2.3 of Python along with TensorFlow version 2.3.0
has been used in the backend to build the spatio-temporal model. To increase the code’s
reusability and readability, some helper functions are initially defined from the python
libraries. Along with an optimum value has been set for the user-defined hyperparam-
eters like size, no. of layers, iteration, epochs, no. of batch sizes, and learning rate.
The training sample data with various batch size is feed to the model and get trained
over 150 epochs. In first time-distributed CNN layer, we use 32 filters with kernel size
3 and its output is then regularized to attain faster convergence. Then, the max-pooling
is added to diminish the computational cost. Dropout layer benefited to avoid the over-
fitting where 50% of weights are dropped randomly. For next time-distributed CNN
layers, different size of filters is practices to execute feature extraction followed by
another dropout layer of 40%. At step 3, we use GAP layer through which the output
of CNN layer is flattened to 1*56 dimension. Further, ST-LSTM is used to handle the
sequential action data of the tracked person’s keyjoints coordinates. The ST-LSTM
layer’s output is passed to the time-distributed FC dense layer. At last, SoftMax layer
gives the framewise probabilities for each action classes. The architecture of the pro-
posed ConvST-LSTM model is illustrated in Fig. 3.6 Further, Adam optimizer is help
in optimizing the cost function and uses gradient clipping within the code. The hy-
perparameters such as checkpoint-path, saver-function, epochs, iterations, filter size,
kernel size, and test & train data have been set for training purpose. It has been found
that the performance is excessively upgraded by using a sequential way.
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Fig. 3.6: Block architectural diagram of ConvST-LSTM-Net model for human ac-
tion recognition. Starting from left side, the input frames clipped from videos; time-
distributed convolutional layers including max-pooling, GAP, ST-LSTMs, FCL dense
layer followed by SoftMax function layer that results as a prediction of action.

3.4 Experimental Results and Analysis

This section discusses the implementation trait of the proposed model on various
benchmarks with its training hyperparameters.

3.4.1 Experiments on NTU RGB+D 60 Dataset

The NTU-RGB+D60 [113] is publicly available dataset used for HAR consisting of to-
tal 56,880 samples having 60 activity classes collected over 40 subjects. In this dataset,
activities are classified into three categories having 40 daily living activities (drink-
ing, standing, reading, happing, etc.), 9 medical conditions-related activities (sneezing,
staggering, falling, vomiting etc.) and 11 common activities (punching, kicking, hug-
ging etc.) based on multi-modal information of the daily action characterization, along
with 3D skeletal keyjoint, RGB-videos, masked-depth maps, full-depth maps and in-
frared sequences data. The annotations provide the 3D location in x, y, z-dimension of
each keyjoint in the camera coordinate system. It has total 25 key points per subject
and each clip has 2 subjects. The evaluation has done on two protocols: Cross-Subject
(CS) and Cross-View (CV). For performing experiments, we choose 5 action classes
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(Stand, Sit, Run, Walk, Fall) contains 150 clips in each class. The two benchmarks
for evaluation are set as: 1) CS contains 400 clips from 5 subjects, used for training;
and the 100 clips for validation. 2) CV contains 450 from 5 subjects used for training
and 150 clips for validation. The proposed ConvST-LSTM-Net model surpasses the
ConvLSTM network in [137] by 4.3% with the CS evaluation protocol and 3.1% with
the CV evaluation protocol. This demonstrates that spatio-temporal skeleton-based
recognition approaches in LSTM networks bring significant improvement. The com-
parative analysis for the results of the proposed ConvST-LSTM-Net model with SOTA
approaches has been enumerated in Table 3.2.

Table 3.2: Experimental Results on NTU RGB+D 60 for skeletal sequence data.

Methods CS % CV %
Deep-LSTM [142] 56.3 64.1
ST-LSTM [139] 69.2 77.7
ST-LSTM + Global(1) [143] 70.5 79.5
ST-LSTM + Global(2) [143] 70.7 79.4
Conv-LSTM [137] 76.2 83.2
Conv-GRU [144] 88.9 90.1
LA-GCN [145] 90.9 89.28
TD-GCN [146] 91.82 94.2
SkeletonGCL [147] 89.2 90.3
ConvST-LSTM-Net 91.72 90.5

The trade-off curves for training accuracy & loss and validation accuracy & loss
on the benchmark of NTU RGB+D 60 dataset for its two-evaluation protocol i.e., CS
and CV has been illustrated in Fig. 3.7 Training and validation accuracy increases with
time as shown in Fig. 3.7 (a) & 3.7 (c) and finally, the growth rate reaches a steady-
state value. The loss curve is shown in Fig. 3.7 (b) & 3.7 (d) which demonstrates how
the validation loss gradually decreases by increasing epoch. For testing, the weights
from the epochs with the maximum validation accuracy are saved.

3.4.2 Experiments on UT-Kinect Dataset

The UT-Kinect dataset [148] is publicly available and was taken through a single sta-
tionary Kinect comprised of total 10 subjects that took total 10 action types (walking,
stand up, pick up, carry, sit down, throw, push, pull, wave hands, clap hands). Each
subject performs each action twice. 3-channels were captured for (i) RGB, (ii) depth,
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Fig. 3.7: Trade-off curves for model’s Training and Validation Accuracy vs. Training
and Validation Loss on the NTU RGB+D 60 benchmark dataset.

and (iii) skeleton keyjoint locations. We have only recorded the frames when the skele-
ton of human body was tracked. To assess the proposed method on this dataset, the
standard leave-one-out-cross-validation protocol has been followed. Table 3.3 pro-
vides the comparative result of the proposed ConvST-LSTM-Net model with SOTA
approaches. The trade-off curves for the model accuracy and loss on the UT-Kinect
dataset has been illustrated in Fig. 3.8. It is observed from these curves that the pro-
posed methodology offers exceptional accuracy during training and moderate accuracy
in the validation process. For training process, the model causes low and for validation
process it causes moderate loss.

Table 3.3: Experimental Results on UT-Kinect

Method Accuracy
Histogram of 3D Joints [148] 88.9%
ST-LSTM [139] 87.0%
ST-LSTM+Global(1) [143] 91.9%
ST-LSTM+Global(2) [143] 90.8%
Conv-LSTM [137] 90.2%
Conv-GRU [144] 89.99%
ConvST-LSTM-NET 92.0%
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3.4.3 Experiments on UP-Fall Detection Dataset

The UP-Fall Detection Dataset [65] is the large-scale multimodal dataset collected
by using vision-wearable, and ambient sensors. It includes Activity for Daily Liv-
ings (ADLs-850 GB), collected by 17 healthy persons including 9 male, 8 females
individuals. It has total 11 actions i.e., 6 basic actions for daily living: walk, sit,
stand, picking-up an item, laying, jump and 5 fall-actions: fall-forward via knees, fall-
forward via hands, fall-sitting in an empty chair, fall backward and fall-sideward). Two
cameras were set up to capture the subject’s front views as well as its side views. Total
589,418 sample image frames are there taken from both cameras. Total size of this
vision dataset was 277 GB. For performing experiments, we choose 5 action classes
(i.e., Stand, Sit, Run, Walk, Fall) contains 1000 clips in each class in which 800 clips
used for training, and the 200 clips for validation. Table 3.4 gives the comparative
results of the proposed ConvST-LSTM-Net with various SOTA methods.

Table 3.4: Experimental Results on UP-Fall Detection Dataset

Method Accuracy
GCA-LSTM [143] 88.5%
Conv-LSTM [137] 87.6%
Conv-GRU [144] 88.8%
ConvST-LSTM 89.0%

Fig. 3.8: Trade-off curves for Model Training and Validation Accuracy & Model Train-
ing and Validation Loss on the UT-Kinect dataset.

Fig. 3.9 illustrates the trade-off curves for (a) accuracy of training and validation vs.
(b) loss of training and validation. It is observed from these curves that the proposed
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Fig. 3.9: Trade-off curves for Model Training and Validation Accuracy vs. Model
Training and Validation Loss on UP-Fall Detection dataset.

methodology offers exceptional accuracy during training and moderate accuracy in
the validation process. For training process, the model causes low and for validation
process it causes moderate loss.

3.4.4 Experiments on UCF101 Dataset

The UCF101 [149] is a popular action recognition dataset that contains 13320 video
clips from 101 action categories. The action videos are clustered in 25 groups, where
each group contains 4-7 videos of an action. The action categories can be classified
into five distinct types: (a) Human-Object Interaction, (b) Body-Motion, (c) Human-
Human Interaction, (d) Playing Musical Instruments, and (e) Sports. For performing
experiments, we choose 5 action classes from body-motion categories contains total 17
body-motion clips. Table 3.5 gives the comparative results of the proposed ConvST-
LSTM-Net with various SOTA methods.

Table 3.5: Experimental Results of ConvST-LSTM on the UCF101 Dataset

Method Accuracy
GCA-LSTM [143] 84.2%
Conv-LSTM [137] 83.3%
Conv-GRU [144] 86.28%
PYSKL [150] 88.89%
ConvST-LSTM 92.8%

The trade-off curves for the model accuracy and loss on the UCF101 dataset has
been illustrated in Fig. 3.10 i.e., (a) accuracy of training and validation vs. (b) loss of
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training and validation. For training process, the model causes low and for validation
process it causes moderate loss.

(a) Accuracy of Training and Validation (b) Loss of Training and Validation

Fig. 3.10: Trade-off curves for Model Training and Validation Accuracy vs. Model
Training and Validation Loss on UCF101 Dataset

3.4.5 Experiments on HMDB51 Dataset

The HMDB51 [151] dataset is a commonly used benchmark dataset for action recogni-
tion in videos which consists of video clips from various sources like movies, YouTube.
From 2GB, total 7,000 clips distributed in 51 action classes. The actions categories can
be divided into five types: (a) General facial actions (b) Facial actions with object ma-
nipulation (c) General body movements. (d) Body movements with object interaction
(e) Body movements for human interaction. The video clips have varying durations
and resolutions. For performing experiments, we select the general body movements
action classes in which 5 action clips are taken (i.e., Stand up, Sit down, Run, Walk,
Fall). Each action classes contains minimum of 101 clips. Among them 80% are used
of training and 20% are used for validation. Table 3.6 gives the comparative results of
the proposed ConvST-LSTM-Net with various methods.

Table 3.6: Experimental Results on the HMDB51 Dataset

Method Accuracy
GCA-LSTM [143] 82.3%
Conv-LSTM [137] 81.2%
Conv-GRU [144] 80.8%
PYSKL [150] 69.4%
ConvST-LSTM 91.86%
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Fig. 3.11 illustrates the trade-off curves for (a) accuracy of training and validation
vs. (b) loss of training and validation on HDMB51 dataset. Form this, it is observed
that the proposed methodology achieves outstanding accuracy during the training pro-
cess and moderate accuracy during the validation process. The model exhibits low loss
during training and moderate loss during validation.

(a) Accuracy of Training and Validation (b) Loss of Training and Validation

Fig. 3.11: Trade-off curves for Model Training and Validation Accuracy vs. Model
Training and Validation Loss on HDMB51 Dataset.

3.4.6 Multimodal Analysis over Standard Performance Measures

The performance of the proposed model has been measured on different performance
metrics. Fig. 3.12 represents the accuracy, precision, recall, and F1-score scores on
different benchmarks. The accuracies and losses are plotted for 150 epochs. The pro-
posed ConvST-LSTM-Net results in a better accuracy. Fig. 3.13 illustrates the human
action recognition results obtained in different benchmarks datasets with framing the
bounding box over the tracked human. We observed that the performance of the model
is sufficiently high.

3.5 Summary

In this chapter, we presented a novel deep learning-based framework for skeleton-
based HAR, termed as ConvST-LSTM-Net. The proposed model aims to effectively
capture both spatial and temporal features of human skeletal data by integrating CNN
with ST-LSTM units. The motivation behind this model stems from the need to identify
and utilize only the informative keyjoints within human skeleton sequences, as irrel-
evant keyjoints often introduce noise and degrade performance in conventional meth-
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Fig. 3.12: Comparative Stats of Standard Performance Measure over different datasets.

ods. The ConvST-LSTM-Net begins with the detection and preprocessing of skeleton
keyjoints from RGB video frames. A feature construction module is developed that ex-
tracts geometric and kinematic features such as joint angles, motion velocity, acceler-
ation, and posture metrics, which are essential in characterizing human actions. These
features are then passed through convolutional layers for spatial feature extraction,
followed by ST-LSTM layers to model the temporal dynamics across video frames.
Finally, the processed information is classified using fully connected dense layers and
a SoftMax layer to predict the action class. The experimental results show that the
proposed approach works adequately in restoring the details hidden in the dark areas.
Furthermore, extensive experiments demonstrate that ConvST-LSTM-Net significantly
outperforms existing models, especially in handling complex scenarios involving vari-
ations in viewpoint, background, and motion complexity. The training-validation ac-
curacy curves and loss metrics confirm the model’s robustness, with consistently high
accuracy and low generalization error across diverse datasets.
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Fig. 3.13: Illustration of the Human Action Recognition on various benchmarks. Start-
ing from left–right (a) NTU RGB+D 60 Dataset: Sitting, Standing (b) UT-Kinect
Dataset: Standing, Walking (c) UP-Fall Detection Dataset: Fall (d) UCF101 Dataset:
Walking, Running e HMDB51 Dataset: Running
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Chapter 4

STAD-ConvBi-LSTM: Spatio-Temporal
Attention-based Deep Convolutional Bi-LSTM
Framework for Abnormal Activity Recognition

In this chapter, we present a novel deep learning-based framework designed to identify
and recognize abnormal human activities in video sequences. The proposed approach
integrates convolutional neural networks, bi-directional LSTMs, and spatial-temporal
attention mechanisms to enhance feature discrimination and long-term pattern recog-
nition.

4.1 Introduction

HAR is an area that analyzes the hidden consecutive pattern of human activity and
predicts its state of action, whether it is normal or abnormal, based on perceptual situ-
ations, as in the video frames. In contrast to images, video contains more information.
In video, a grouping of different human parts in motion is termed as human activ-
ity, likewise body+hand+ arms+legs+face or a grouping of all body parts movements.
Formerly, the research based on abnormal detection of human patterns was entirely
attentive to the activities performed by a single or multiple humans, including a single
object, but in a controlled setting [152].

Recently, DL-based approaches have embraced the integration of RNN to more
effectively understand and recognize complex human activities in video sequences in-
stead of single frames. Generally, CNN is subjected to extracting differential feature
information, while RNN is specifically subjected to gaining knowledge of hidden se-
quential patterns within these extracted CNN features from videos. Most of the existing
HAR approaches have been implemented on large pre-trained CNN models trained on
image datasets.
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Therefore, we present a framework, ”STAD-ConvBi-LSTM”, that focuses on gath-
ering spatial-temporal feature representation. Specific emphasis on distinctive fea-
ture learning in the long-term video sequence to identify abnormal activity within the
frame. The main focus is on extracting the key distinguishing information from the
video sequence & utilizing its updated attention weights for activity prediction. The
primary contribution of the proposed STAD-ConvBi-LSTM framework lies in employ-
ing a CNN with remaining attention blocks to enhance the features. We propose a
feature fusion-based framework of bi-LSTM with a channel-wise Spatial-Temporal
Attention (STA) mechanism for a more comprehensive understanding of the spatial-
temporal representations within sequential information. The attention weight is dy-
namically adjusted based on learned global features to identify human activities in a
sequence effectively. Fig. 4.1 depicts the graphical workflow of the STAD-ConvBi-
LSTM framework. To tackle the limitations of existing approaches, we presented a
DL-based efficient framework for HAR challenges that recognizes the abnormal ac-
tivities in terms of channel-wise spatial-temporal feature vectors extracted from video
sequences. The key contributions are summarized as follows:

• We proposed a new framework by integrating deep-learning methods to iden-
tify and recognize the abnormal human activity. The model uses the prominent
discriminative RGB features by combining a CNN architecture for prominent
discriminative feature extraction, a bi-directional LSTM for capturing long-term
modeling, and a channel-wise spatial-temporal attention mechanism to empha-
size particular spatial-temporal features in unprocessed video streams.

• We propose a dual channel-wise RGB and spatial-temporal attention mechanism,
which is sited after each two successive spatio-temporal convolutional layers for
focusing on specific abnormal activity regions in video sequences.

• Also, introduced a bi-directional LSTM net having 6 layers (3 forward + 3 back-
ward) that efficiently capture long-term temporal patterns of abnormal human
activities, which significantly improves features’ reusability.

• We aimed an ablation study to assess the advantages of proposed model to en-
hance the recognition accuracy. The experiments are demonstrated on publicly
available datasets, i.e., UCF50 [153], YouTube Action [154], HMDB51 [151],
UCF101 [149], Kinetics-600 [155] and on our synthesized dataset to show the
efficiency and aptness of the proposed framework. The model shows a consistent
improvement in accuracy as compared to SOTA methods.
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Fig. 4.1: Outline of proposed framework for abnormal activity recognition. The de-
signed framework comprises of three components: CNN architecture, dual channel-
wise spatial-temporal attention module, and bidirectional-LSTM net.

4.2 STAD-ConvBi-LSTM: The Proposed Methodology

The section describes our proposed deep framework STAD-ConvBi-LSTM as well as
its core components. The framework is alienated into three modules: A, B, and C.
Component A presents a lightweight CNN architecture. Component B comprises dual
attention, incorporating a channel-wise STA module. This module is integrated into the
CNN module, enhancing our CNN architecture in component A with a dual-attention
mechanism for extracting the relevant features from video sequences. Lastly, compo-
nent C consists of bi-LSTM net use for learning long-term encoded human activity.

4.2.1 Component A: CNN Architecture Module

Identifying abnormal human activity within video streaming data remains a hectic and
challenging task. In this, video frames represent the complex activities of humans over
a series of mounted frames as per the distinct hidden visual contents. It includes the
spatial-temporal flow of human abnormal activities within the video frames, changing
textures, colors, and backgrounds. These video visuals need to be examined precisely
and effectively for a more in-depth and clear representation of abnormal human activ-
ities. Thus, CNN-based techniques are widely used to extract these unusual features
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from these hidden activities within the video’s frames efficiently. Due to the large net-
work architectures of the CNN-based method, its computational complexity and run-
time execution are still very high; instead, it shows remarkable performance. Thus,
we projected a lightweight CNN architecture-module composite of spatial-temporal
with an attention mechanism to overcome such limitations. The component A con-
sists of 12 Conv layers: the 2-successive convo layers with respect to the max pooling
layer followed by the STA block. Initially, 2nd convolutional layers with 8 kernels
were applied to each input frame, each having kernel size 3*3. Subsequently, a to-
tal of 32 kernels each applied to the 3rd and 4th convolutional layer to the outcome
of 1st dual attention block having a 3*3 kernel-size. Likewise, 5th & 6th convolu-
tional layers utilize 32 kernels each on the outcome of 3rd dual attention block having
a 3*3 kernel-size. The final pair of spatial-temporal convolutional layers applied 64
kernels each to the outcomes of the 3rd dual attention block having a 3*3 kernel size.
They subsequently transmitted the evaluated feature vector to the final dual attention
block. Finally, outcome from the preceding dual attention block undergoes processing
through a GAP. Subsequently, a flattened layer was used to flatten the outcome. Then,
the processed output is integrated with a bi-LSTM net, facilitating subsequent long,
short-term sequence learning of human activity. Notably, we employed a maximum
of 64 convolutional kernels/layers, maintaining a consistent kernel size of 3*3. This
strategic choice significantly contributes to minimizing the computational complexity
of the model while having a slight impact on its performance.

4.2.2 Component B: Dual-Attention Module

We introduce a CNN architecture driven by attention mechanisms to feature the rel-
evant regions and improve feature representation effectively. In this component, the
dual-attention mechanism is proposed using a convolutional block attention module
(CBAM) introduced by Sanghyun et al. [156] using a 3*3 kernel size convo-layer, fol-
lowed by the fusion of the STA model. The fusion helps diminish the overall parameter
overhead. Fig. 4.2 depicts the overall architecture of the Dual-Attention Models, i.e.,
Component B.

The channel-wise attention module evaluates the weighted input of RGB channels-
wise via employing the middle channel attention AC on the outcome FM of the pre-
ceding convolutional layer for achieving the channel attention AttC as given in Eq.4.1.
The outcome obtained after AttC is after the STA block, which prominence the ab-
normal activities area by employing it to calculate channel feature maps. Lastly, the
resultant refined feature representation FRM are attained by fusing the AttH×W×CST STA
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Fig. 4.2: Overview of the Dual-Attention Module consists of Channel-wise and
Spatial-Temporal Attention Models

feature maps and FH×W×C
M input feature map as given in Eq. 4.4 and Eq. 4.5, respec-

tively. Mathematically, AttC , AttS ,AttT and FRM can be formulated as:

AttH×W×CC = AC

(
FH×W×C
M

)
⊗ FH×W×C

M (4.1)

AttH×W×CS = AS

(
AttH×W×CC

)
⊗ AttH×W×CC (4.2)

AttH×W×CT = AT

(
AttH×W×CC

)
⊗ AttH×W×CT (4.3)

AttH×W×CST = AttH×W×CT + AttH×W×CS (4.4)

FH×W×C
RM = AttH×W×CC + AttH×W×CST + FH×W×C

M (4.5)

where AC , AS and AT are the channel-attention, spatial-attention and temporal-
attention, respectively. FRM indicates final refined feature vectors attained via spatial
attention along with the input feature vector.

4.2.2.1 Channel Attention

In HAR, for recognizing the human pattern, each color channel of RGB provides a
different pattern, as per the presence of color in the image. The Convo layer’s filter
operates within the local receptive field, and the feature channels FH×W×C

M are inde-
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pendent. Throughout the training phase, extraction of the feature vector from the input
image is done by the CNN model, which is completed by the totality of convolution
layers used, in which each channel gives more feature representation than other chan-
nels. GAP and GMP are used for evaluating equally weighted feature vectors for each
channel and opting for a highly activated maximum value of FM from the receptive
field, respectively. Further, these feature vectors are shared with MLP encompassing
two FCL, i.e., fc1 and fc2, having 128 & 512 learning nodes, respectively. Both FCs
operate on each point, whereas MLP is a multi-layer perceptron on each end. A shared
MLP means we are applying the same MLP to each point in the point cloud. It learns
the non-linearity amongst fc1 and fc2 FC layers via the ReLU function and produces
two distinct feature vectors viz. (Fv)1×1×CC-max and (Fv)1×1×CC-avg for Global Map Pool-
ing (GMP) and GAP, as given in Eq.4.6 and Eq.4.7, correspondingly. Subsequently,
the evaluated feature vectors (Fv) are cumulative through an element-wise addition op-
eration. Thereafter, it passed through the activation function to normalize and produce
an intermediate channel attention learned feature, i.e., A1×1×C

C as obtained by Eq.4.8.
Then, the attained middle spatial-temporal features are integrated with feature vector
input FH×W×C

M via element-wise multiplying operation. Lastly, the resultant channel
attention feature maps are obtained, i.e., AttH×W×CC as given in Eq.4.9.

(Fv)1×1×CC-max = fc2
(
ReLU

(
fc1
(
max pool

(
FH×W×C
M

))))
(4.6)

(Fv)1×1×CC-avg = fc2
(
ReLU

(
fc1
(
avg pool

(
FH×W×C
M

))))
(4.7)

A1×1×C
C = σ

(
(Fv)1×1×CC-max ⊕ (Fv)1×1×CC-avg

)
(4.8)

AttH×W×CC = A1×1×C
C ⊗ FH×W×C

M (4.9)

where (Fv)1×1×CC-max and (Fv)1×1×CC-avg represent the calculated feature vectors obtained
from GMP and GAP operations, respectively, FH×W×C

M signifies input feature-maps;
sigmoid activation function is symbolized by σ, and AttH×W×CC indicates eventual out-
put channel attention.

4.2.2.2 Spatial-Temporal Attention (STA)

Our framework leverages the inter-spatial features with the temporal features to the
specific areas within the frames, which aids in tracing the target human activity within
the feature maps (FM ) and evaluating the features between the channels through im-
plementing max-pooling & average-pooling to input channel-wise attention feature
maps for attaining max pool channel-attention AttH×W×CC-max and average pool channel-
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attention AttH×W×CC-avg , respectively. Further, both the channel is concatenated subse-
quently to a single convo layer Conv3×3 with a kernel size of 3*3 pooled FM to
generate single channel convoluted FM , i.e., (Conv3×3

(
AttH×W×1C-max ⊕ AttH×W×1C-avg

)
) and

then processed by activation function, to normalize and produces intermediate spatial-
temporal attention learned feature i.e., AH×W×1

S and AH×W×1
T for single channel as

given in Eq.4.12 and Eq.4.13, respectively. Then, the attained middle spatial-temporal
features are integrated with channel input AttH×W×CC using element-wise multipli-
cation operation. Finally, the resultant spatial-temporal attention feature maps are ob-
tained by Eq.4.14. Mathematically, spatial-temporal attention channel-wise framework
with its component can be formulated as follows:

AttH×W×CC-max = max pool
(
AttH×W×CC

)
(4.10)

AttH×W×1C-avg = avg pool
(
AttH×W×CC

)
(4.11)

AH×W×1
S = σ

(
Conv3×3 (AttH×W×1C-max ⊕ AttH×W×1C-avg

))
(4.12)

AH×W×1
T = σ

(
Conv3×3 (AttH×W×1C-max ⊕ AttH×W×1C-avg

))
(4.13)

AttH×W×CST =
(
AH×W×1

S + AH×W×1
T

)
⊗ AttH×W×CC (4.14)

where AttH×W×CC-max and AttH×W×1C-avg are the GMP and GAP features, correspond-
ingly. σ indicates the sigmoid activation function; The outcomes AttH×W×CS and
AttH×W×CT are the resultant spatial-temporal information on a single channel. Fv ∈
F n×T×C×H×W
M indicates input feature vector in which n, T, C, H, W represent batch

size, temporal dimension, totality of channel, height and width respectively; Fig. 4.3
illustrates the spatial convolution AH×W×1

S with filter dimension 1*3*3 and results in
spatial descriptor thru sliding across the spatial dimension H*W without altering the
feature map size and also decreases the number of parameters to 1/C of traditional 3D
convolution. While the temporal convolution AH×W×1

T , having filter dimension 3*1*1,
succeeds in learning temporal connectivity among video frames via actions and also
decreases the number of channels to 1.

4.2.3 Component C: Bi-LSTM

The Bi-LSTM is a sequential model consisting of two LSTMs. The input is taken in
both directions by two LSTMs. It extracts information from previous and forthcoming
to make the model more time-dependent. The outcome of a bi-LSTM not only depends
on prior frames but also on upcoming frames. However, LSTM has a limitation that
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Fig. 4.3: Details of the Spatial-Temporal Convolution Layers

it only considers the prior context of input and cannot consider any future context. To
address this limitation, we opted for the bi-LSTM model [60], which enables us to con-
sider both the past and future context of the input, as depicted in Fig. 4.4 It comprises
three gates, namely input, forgets and output gates. The input gate, along with the in-
put modulation gate, keeps the new information in the memory cell at time t. Then, the
forget gate regulates the information within the memory cell, whether to reject or hold
the information. Finally, the output gate processes the resultant outcome of memory
cell which acts as a hidden state. This committal to memory is adaptively learning the
relevant information using back-propagation. This modification can convey accurate
information to forthcoming predicting LSTM model for longer dependency, especially
for temporal information. The evaluation of lth hidden layer at tth time is formulated
as:

ilt = σ
(
W l

i ·H
(l−1)
t + W̄ l

i ·H l
(t−1) + bli

)
(4.15)

f l
t = σ

(
W l

f ·H
(l−1)
t + W̄ l

f ·H l
(t−1) + blf

)
(4.16)

olt = σ
(
W l

o ·H
(l−1)
t + W̄ l

o ·H l
(t−1) + blo

)
(4.17)

ul
t = tanh

(
W l

u ·H
(l−1)
t + W̄ l

u ·H l
(t−1) + blu

)
(4.18)

clt =
(
f l
t ⊙ cl(t−1) + ilt ⊙ ul

t

)
(4.19)

hl
t = olt ⊙ clt (4.20)

where ilt, f
l
t , o

l
t, c

l
t, and hl

t indicate the input gate, forget gate, output gate, mem-
ory cell and hidden state, respectively. Tangent tanh and σ signify hyperbolic tangent
and sigmoid activation functions, respectively. The unidirectional LSTM is inferior in
performance due to its focus on retaining the information from past sequences. This
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results in a limitation in capturing the relative details derived from past and future in-
puts and thus compromises its overall effectiveness. As the activity captured by LSTM
is sequential, it makes the forthcoming information more relevant for its better predic-
tion. Thus, bi-LSTM takes advantage of two hidden states to maintain the information
at each time. The evaluation of hidden states h in bi-LSTM is defined as:

−→
h l

t =
−→o l

t ⊙−→c l
t (4.21)

←−
h l

t =
←−o l

t ⊙←−c l
t (4.22)

where
−→
h l

t and
←−
h l

t represent the hidden states in forward and backward directions,
respectively. Both hidden states worked separately as distinct hidden layers via receiv-
ing sequence from t = 1 till T and vice versa. After the evaluation of both hidden
states, they are fused at the hidden state as the last layer L, i.e., hL

t the. The hidden
states in the previous layer for all T segments of the trained bi-LSTM network are
defined as:

HL = {hL
1 , h

L
2 , . . . , h

L
T}; t = 1, 2, 3, . . . , T (4.23)

Fig. 4.4: The Architecture of Bi-directional Single LSTM Layer

4.3 Experimental Results and Performances

We conducted an extensive experiment on various benchmark datasets and on our own
synthesized dataset, as elaborated below. Also, discuss the performance accuracies
with SOTA.
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4.3.1 Datasets

In this subsection, five benchmark datasets & our synthesized dataset are discussed.

4.3.1.1 UCF50 Dataset

The UCF50 dataset [153] poses a significant challenge as a large-scale HAR dataset. It
comprises videos depicting a wide range of human activity, recorded with diverse view-
points, camera’s angle, human poses and appearances, as well as background clutter.
In this, total 6,676 video clips are available, which are classified into 50 distinct activity
classes and further assembled into 25 clusters. Each cluster contains five video clips
of same human activity features. For performing experiments, we choose 5 activity
classes (i.e., salsa, jumping, skijit, rope climbing, diving) containing 125 video clips
in each class. The period of video clips ranges from 5-6 seconds having a resolution
of 480*640.

4.3.1.2 UCF101 Dataset

The UCF101 [149] is a highly exciting dataset made up of 13,320 YouTube clips that
are classified into a total of 101 distinct action classes. Further, each class consists of
100 video clips of five different human activities that include human-object interaction,
human-human interactions, human movement, human plays with musical instruments
and various sports activities performed by humans. The duration of video clips ranges
from 5-6 seconds with 480*640 resolution.

4.3.1.3 HMDB51 Dataset

The HMDB51 [151] dataset is recognized as a challenging benchmark for HAR in
videos and is compiled from several sources such as movies, available databases,
YouTube, and Google videos, consisting of 6,849 video frames of human activities,
which are classified into 51 distinct classes. Further, each class consists of 101 video
clips of five different human activities: facial-actions class, facial-object actions, human-
body motion, human-object interface and human-human interface classes. For per-
forming experiments, we select normal and abnormal activity category in which 5
activity classes are taken. Each activity class contains minimum of 101 clips.
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4.3.1.4 YouTube Action Dataset

The YouTube action dataset [154] recorded from YouTube contains miscellaneous
sports and other action video clips. The video clips presented have some difficul-
ties due to camera movement, cultured and complex backgrounds, variations in view-
points, diverse poses, and the occlusion of other objects. Total of 1640 video clips are
grouped into 11 human action classes with interval times of 2-5 seconds and resolution
320*240. Further, the 11 human action classes are clustered in 25 clusters comprising
4-6 video clips in a similar group sharing common film features. Out of 11 human
action classes we have taken the 5 activity classes (i.e., Jumping, Jugging, basketball,
diving, Swinging) with video resolution 480*640 and duration time of 2-5 seconds.

4.3.1.5 Kinetics-600 Dataset

Kinetics-600 [155] is a large-scale action recognition video dataset comprising 4,80,000
video clips with 600 action categories of different human actions. The total 480,000
videos are separated into 3 distinct sets for training, validation and testing, i.e., 390000,
30000, and 60000 videos, respectively. For performing experiments, we select the
general 5 activity classes (i.e., Jogging, dancing, painting, fighting, threatening). Each
video clip has interval times of 10 sec and is annotated from a raw YouTube video of
resolution 480*640.

4.3.1.6 Synthesized Human Action Dataset

We are developing a synthesized human action dataset in the DTU campus and out-
side the campus as well; till now, out of 350, only 300 video clips have been syn-
thesized. The video clips are recorded through a camera of 12 Megapixels, f/1.6, 26
mm wide, 1/1.9”, 1.7µm with PDAF dual pixel and sensor-shift OIS at a resolution
of 480*640. Currently, it contains 5 activity classes, viz. Adverse, sports, vandalism,
normal, Shoplift categories. The dataset encompasses 250 video clips with interval
times of 5-6 seconds, each class consist of 60 video clips. We have chosen 105 video
clips as a random sample for training set, and the remaining sample used for testing.
Fig. 4.5 illustrates some occurrences of video clips for the above dataset.

4.3.2 Implementation Details

The experiment is implemented on Python v3.7 using libraries such as TensorFlow,
Keras API version 2.3, OpenCV, Anaconda, and CUDA 10. The proposed model is
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Fig. 4.5: Instances of Synthesized Action dataset

conducted on a machine with CUDA-enabled GPU on a Windows server having con-
figuration AMD Ryzen7 with 5800H processor, Graphics: NVIDIA GeForce RTX
3050M with 16 GB RAM. For sequence learning and optimized detection, 20 frames
of sequence length are extracted from the video as input and resized by 224*224*3 res-
olutions with no overlap in both forward and backward directions through bi-LSTM.
Meanwhile, 3 bi-LSTM layers are used with 32 bi-LSTM per layer. The dataset was
partitioned into a 70-30% ratio: 70% was utilized for training, and for validation the
remaining 30% data was utilized. Overall, the model is trained on 200 epochs, utiliz-
ing Adam optimization having a 0.0001 learning rate while choosing the batch sizes
of 16,32,64,128, respectively. The proposed STAD-ConvBi-LSTM model operates on
categorical cross-entropy loss used to reduce the biased weight tuning on model pre-
diction during training, and a dropout of 25% rate is added to prevent overfitting. Like-
wise, the center loss technique is used in the model, which enhances the performance
of video motion classification. This technique resolves the problem of intra-class vari-
ability. The hyperparameters are selected carefully to ensure the model’s effectiveness
while learning and to produce consistent results. Table 4.1 displays the selected hyper-
parameters of the proposed framework.
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Table 4.1: Hyperparameters castoff for STAD-ConvBi-LSTM Framework

#Parameter Merits
Resolutions Input Frame 224×224×3
No. of CNN Layers 4
Filter-Size 16, 32, 64, 128
Kernal-Size 3×3(fixed)
Global Max Pooling Yes
Global Average Pooling Yes
No. of Epochs 200
Batch-Size 8, 16, 32, 64
Optimizer Used Adam Optimizer
Loss-Function Used Categorical cross-entropy loss
Dropout-Rate 25%

4.3.3 Results Analysis

This section discusses the results analysis gained on the proposed framework as dis-
cussed below.

4.3.3.1 Ablation Studies of the Proposed Framework with Baseline Methods

The result analyses with performance comparisons with SOTA are presented individ-
ually for each dataset. The experiment revolves around exploring various possible
solutions for HAR. Throughout the process, we devised some spatial-temporal HAR
methods on 6 distinct baseline approaches, including CNN+LSTM having 8 Conv+3
LSTM, CNN+bi-LSTM having 8 Conv+6 LSTM for both directions (3 forward &
3 backward LSTM), CNN+GRU having 8 Conv+3 GRU, CNN+bi-GRU having 8
Conv+6 GRU for both directions (3 forward & 3 backward LSTM), DA-CNN+bi-
GRU [157] having 12 Conv+6 GRU for both direction (8 Conv+ 4 Attentional and 3
forward & 3 backward LSTM) and we evaluate their effectiveness, and finally pre-
sented our proposed framework STAD-ConvBi-LSTM having 12 Conv+6 LSTM for
both direction (8 Conv+ 4 Attentional and 3 forward & 3 backward LSTM). Further,
the STAD-ConvBi-LSTM framework is trained on these datasets. Table 4.2 outlines
the detailed system setup of these baseline approaches.
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Table 4.2: Experimental System for Baseline Approaches & Proposed Framework

Approach
Channel-wise
Layer

Spatial
Convolutional
Layer

Temporal
Convolutional
Layer

CNN + LSTM RGB 8 Conv 3 LSTM Layers

CNN + bi-LSTM RGB 8 Conv
6 bi-LSTM
(3 Forward + 3 Backward)

CNN + GRU RGB 8 Conv 3 GRU Layers

CNN + bi-GRU RGB 8 Conv
6 GRU Layers
(3 Forward + 3 Backward)

DA-CNN + bi-GRU RGB
12 Conv
(8 Conv + 4 Atten.)

6 GRU Layers
(3 Forward + 3 Backward)

STAD-ConvBi-LSTM
(Proposed)

RGB
12 Conv
(8 Conv + 4 Atten.)

6 bi-LSTM
(3 Forward + 3 Backward)

Table 4.3: Comparative Study of STAD-ConvBi-LSTM Framework besides Baseline
Approaches

Approach Dataset Acc %

CNN+LSTM

UCF50 [153]

78.9

CNN+Bi-LSTM 82.8

CNN+GRU 84.2

CNN+Bi-GRU 88.5

CNN+Bi-GRU (channel attention) 92.8

CNN+Bi-GRU (spatial-attention) 93.6

DA-CNN+Bi-GRU 95.6

STAD-ConvBi-LSTM (Proposed) 98.2

CNN+LSTM

YouTube Action [154]

64.7

CNN+Bi-LSTM 84.2

CNN+GRU 88.5

CNN+Bi-GRU 92.1

CNN+Bi-GRU (channel attention) 94.2

CNN+Bi-GRU (spatial attention only) 95.6

DA-CNN+Bi-GRU 96.2

STAD-ConvBi-LSTM (Proposed) 98.0
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Approach Dataset Acc %

CNN+LSTM

HMDB51 [151]

56.7

CNN+Bi-LSTM 63.2

CNN+GRU 68.0

CNN+Bi-GRU 72.4

CNN+Bi-GRU (channel attention) 73.9

CNN+Bi-GRU (spatial attention only) 74.5

DA-CNN+Bi-GRU 79.3

STAD-ConvBi-LSTM (Proposed) 80.7

CNN+LSTM

UCF101 [149]

83.9

CNN+Bi-LSTM 86.8

CNN+GRU 90.7

CNN+Bi-GRU 94.2

CNN+Bi-GRU (channel attention) 95.1

CNN+Bi-GRU (spatial attention only) 95.8

DA-CNN+Bi-GRU 97.6

STAD-ConvBi-LSTM (Proposed) 98.2

CNN+LSTM

Kinetics-600 [155]

73.2

CNN+Bi-LSTM 77.9

CNN+GRU 81.5

CNN+Bi-GRU 84.5

CNN+Bi-GRU (channel attention) 90.2

CNN+Bi-GRU (spatial attention only) 92.6

DA-CNN+Bi-GRU 94.6

STAD-ConvBi-LSTM (Proposed) 96.8

CNN+LSTM

Synthesized Dataset

74.2

CNN+Bi-LSTM 82.9

CNN+GRU 85.0

CNN+Bi-GRU 92.7

CNN+Bi-GRU (channel attention) 92.8
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Approach Dataset Acc %

CNN+Bi-GRU (spatial attention only) 94.7

DA-CNN+Bi-GRU 96.8

STAD-ConvBi-LSTM (Proposed) 97.9

Fig. 4.6 depicts the training validation for each baseline method with our proposed
framework. The graphical representation clearly shows the training accuracies of all
baseline methods and offers the superior performance of STAD-ConvBi-LSTM. Ad-
ditionally, Fig. 4.6a shows the comparison for the UCF50 dataset [153], where the
STAD-ConvBi-LSTM method reaches the best accuracy over the 200th epochs. Simi-
larly, in Fig. 4.6b for the YouTube Action dataset [154], the proposed method achieves
a better accuracy score over the 200th epochs. Fig. 4.6c for the UCF101 dataset
[149], our method performs the best in the first 30 epochs, where DA-CNN+Bi-GRU
[157] leads and after that, the proposed methods again start rectifying and at the 200th
epochs train out with the best accuracy. Fig. 4.6d for the HMDB51 dataset [151], our
method starts with the best training accuracy in the very early epochs and shows the
best performance throughout the training phase for 200 epochs, but DA-CNN+Bi-GRU
leads at 50 epochs; meanwhile, after the dropout layer, it attains the best result. Fig.
4.6e for the Kinetics-600 dataset [155], our method does not perform the best in the
first 25 epochs, where DA-CNN+Bi-GRU [157] leads and after that, it increases but
again drops at the 60th epoch and after that rts rectifying over 200th epochs. Lastly,
in Fig. 4.6f for the Synthesized dataset, the STAD-ConvBi-LSTM method attains the
finest training accuracy all over the training phase of other methods. Table 4.3 illus-
trates the ablation studies of SOTA approaches over the proposed method on publicly
available HAR benchmarks and observed that STAD-ConvBi-LSTM leads all baseline
approaches over each dataset.

4.3.3.2 Comparison with existing SOTA methods

We conducted a comprehensive systematic analysis of the proposed STAD-ConvBi-
LSTM framework with existing SOTA for AR approaches for evaluating overall ac-
curacy and effectiveness. The quantitative comparisons for UCF50, YouTube action,
UCF101, HMDB51, Kinetics-600 and our own synthesized datasets, respectively are
represented in tables 4.4 to 4.9. The best and runner-up accuracy are highlighted
in bold. Inspecting the results presented, it can be evident that the STAD-ConvBi-
LSTM framework surpasses SOTA methods in performance on various datasets. Ta-
ble 4.4 describes the accuracies for the UCF50 dataset [153]; STAD-ConvBi-LSTM
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(a) Training Accuracies for UCF50 Dataset (b) Training Accuracies for YouTube Action

(c) Training Accuracies for UCF101 Dataset (d) Training Accuracies for HMDB51 Dataset

(e) Training Accuracies for Kinetics-600
Dataset

(f) Training Accuracies for Synthesized
Dataset

Fig. 4.6: Trade-off curves of proposed STAD-ConvBi-LSTM framework with other
verified baseline methods over various HAR and synthesized dataset
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framework leads the SOTA methods by attaining the best accuracy, 98.8%, while DA-
CNN+Bi-GRU [157] obtains runner-up accuracy of 98.5%. The rest of the methods,
including deep autoencoder [158], DS-GRU [59], Two-stream RGB DL-Net [60], and
ViT+LSTM [159], obtained 96.4%, 92.2%, 95.4% and 96.1% accuracies, respectively.
The hand-crafted method HOG [160] obtains very poor accuracy as of 24.8%, even
not featuring the exact activity within the frames.

Table 4.4: Quantitative analysis of STAD-ConvBi-LSTM framework with SOTA
Techniques on the UCF50 dataset

Techniques Accuracy (%)
HOG [160] 24.8
Deep-Autoencoder [158] 96.4
DS-GRU [59] 92.2
Two-stream RGB DL-Net [60] 95.4
ViT+LSTM [159] 96.1
DA-CNN+Bi-GRU [157] 98.5
STAD-ConvBi-LSTM (Proposed) 98.8

Table 4.5 describes the accuracies for YouTube Action [154]. The ST-DAN [161]
has the best performance, with an accuracy of 98.2%. STAD-ConvBi-LSTM attains the
runner-up performance by obtaining an accuracy of 98.1% followed by DA-CNN+Bi-
GRU [157] with have accuracy 98.0% Other methods compared include BI-LSTM
[162], deep autoencoder [158], two-stream attention LSTM [163], dilated CNN+BiLSTM+RB
[164], and Two-stream RGB DL-Net [60] which obtain 85.3%, 96.2%, 96.9%, 89.0%
and 97.1% accuracies, respectively.

Table 4.5: Quantitative analysis of STAD-ConvBi-LSTM framework with SOTA tech-
niques on YouTube Action dataset

Techniques Accuracy %
Bi-LSTM [162] 85.3
Deep-Autoencoder [158] 96.2
ST-DAN [161] 98.2
Two-Stream Attention-LSTM [163] 96.9
Dilated CNN+BiLSTM+RB [164] 89.0
Two-stream RGB DL-Net [60] 97.1
DA-CNN+Bi-GRU [157] 98.0
STAD-ConvBi-LSTM (Proposed) 98.1
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Table 4.6 describes the accuracies for HMDB51 dataset; STAD-ConvBi-LSTM
obtains best accuracy of 81.2%, while the second-best method, Two-stream RGB DL-
Net [60] attains an accuracy of 79.8%. The rest of the comparative methods like
OF+multi LSTM [165], TSN [166], IP-LSTM [167], deep autoencoder [158], TS-
LSTM+temporal-inception [168], correlational CNN+LSTM [169], ST-DAN [161],
DB-LSTM+SSPF [170], ViT+LSTM [159], semi-supervised temporal gradient learn-
ing [171], & DA-CNN+Bi-GRU [157] obtain accuracies of 72.2%, 70.7%, 58.6%,
70.3%, 69.0%, 66.2%, 56.5%, 75.1%, 73.7%, 75.9%, 55.6% and 79.3%, respectively.

Table 4.6: Quantitative analysis of STAD-ConvBi-LSTM framework with SOTA ap-
proaches on the HMDB51 dataset

Techniques Accuracy %
OF + multi-LSTM [165] 72.2
TSN [166] 70.7
IP-LSTM [167] 58.6
Deep-Autoencoder [158] 70.3
TS-LSTM+Temporal-Inception [168] 69.0
Correlational CNN+LSTM [169] 66.2
ST-DAN [161] 56.5
DB-LSTM+SSPF [170] 75.1
ViT + LSTM [159] 73.7
Semi-Supervised Temp-Gradient learning [171] 75.9
Two-stream RGB DL-Net [60] 79.8
DA-CNN+Bi-GRU [157] 79.3
STAD-ConvBi-LSTM (Proposed) 81.2

Table 4.7 describes the accuracies for UCF101 dataset [149]; the CNN+Bi-LSTM
[172] method attains the best comparative result of 97.6% accuracy, followed by the
second highest DA-CNN+Bi-GRU [157], have 97.5% accuracy. Our proposed method
achieves the third-highest accuracy of 97.4%. The rest of the comparative methods
including spatio-temporal multiplier networks [173], long-term temporal convolutions
[174], attention cluster [175], Video-lstm [176], two-stream convnets [177], mixed
3D-2D convolutional tube [178], TS-LSTM+temporal-inception [168], correlational
CNN+LSTM [169], Conv-Net Transformer [179], Two-stream RGB DL-Net [60] and
HOG [160] achieve accuracies of 87.0%, 82.4%, 94.6%, 89.2%, 84.9%, 88.9%, 91.1%,
92.8%, 86.1%, 88.6%, and 29.2%, respectively.

92



4.3. Experimental Results and Performances

Table 4.7: Quantitative analysis of STAD-ConvBi-LSTM framework with SOTA ap-
proaches on the UCF101 dataset

Techniques Accuracy %
OG [160] 29.2
Spatio-Temporal Multiplier Net [173] 87.0
Long-Term Temporal Convolutional [174] 82.4
Attention-Cluster [175] 94.6
CNN+Bi-LSTM [172] 97.6
Video-lstm [176] 89.2
Two-stream ConvNets [177] 84.9
Mixed 3D-2D Convolutional Tube [178] 88.9
TS-LSTM+Temporal-Inception [168] 91.1
Correlational CNN + LSTM [169] 92.8
Conv-Net Transformer [179] 86.1
Two-stream RGB DL-Net [60] 88.6
DA-CNN+Bi-GRU [157] 97.5
STAD-ConvBi-LSTM (Proposed) 97.4

Table 4.8 describes the accuracies for the Kinetics-600 dataset [155]. The proposed
method STAD-ConvBi-LSTM attains the finest performance of 88.2% accuracy, fol-
lowed by DA-CNN+Bi-GRU [157] has an accuracy of 86.7%, while the Two-stream
RGB DL-Net [60] achieves 3rd highest accuracy of 83.7%. The remaining compar-
ative methods, such as Stnet [180], GCF-Network [181], and Global & Local-aware
Attention [182], achieve accuracies of 76.3%, 70.0%, and 70.0%, respectively.

Table 4.8: Quantitative analysis of STAD-ConvBi-LSTM framework with SOTA ap-
proaches on the Kinetics-600 dataset

Techniques Accuracy %
Stnet [180] 76.3
GCF-Network [181] 70.0
Global & Local-aware Atten. [182] 70.0
Two-stream RGB DL-Net [60] 83.7
DA-CNN+Bi-GRU [157] 86.7
STAD-ConvBi-LSTM (Proposed) 88.2

Table 4.9 describes the accuracies for the Synthesized Human Action Dataset; the
STAD-ConvBi-LSTM attains the greatest accuracy of 96.7%, followed by STA-TSN
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(RGB + Flow) [183] with an accuracy of 93.8%. The rest of the comparative meth-
ods including Spatio-Temporal Multiplier Networks [173], Long-Term Temporal Con-
volutional [174], CNN+Bi-LSTM [172], Correlational CNN + LSTM [169], Global
and local-aware attention [182], TS-LSTM + Temporal-Inception [168], Two-stream
RGB DL-Net [60] and DA-CNN+Bi-GRU [157] achieve accuracies of 74.3%, 76.2%,
80.6%, 83.4%, 72.1%, 83.6%, 83.7%, and 86.7%, respectively.

Table 4.9: Quantitative analysis of STAD-ConvBi-LSTM framework with SOTA ap-
proaches on the Synthesized Human Action Dataset

Techniques Accuracy %
Spatio-Temporal Multiplier Networks [173] 74.3
Long-Term Temporal Convolutional [174] 76.2
CNN+Bi-LSTM [172] 80.6
Correlational CNN + LSTM [169] 83.4
Global & Local-Aware Atten. [182] 72.1
TS-LSTM+Temporal-Inception [168] 83.6
Two-stream RGB DL-Net [60] 83.7
STA-TSN (RGB + Flow) [183] 93.8
DA-CNN+Bi-GRU [157] 86.7
STAD-ConvBi-LSTM (Proposed) 96.7

Fig. 4.7: Relative Stats of Performance Metrics on various Human Action Recognition
datasets
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The performance of the model has been measured on the different performance
metrics i.e., Precision, Recall, F1-score, and Accuracy. Fig. 4.7 represents the accu-
racy, precision, recall, and F1-score scores on different benchmarks. While considering
the overall comparative analysis, our STAD-ConvBi-LSTM offers the best trade-off
between computational complexity and action recognition accuracy and greatly leads
the comprehensive SOTA methods. Fig. 4.8 shows the representative frames of the
predicted activity clips along with their ground truths, model predicted class, and ac-
curacies and observed that the performance of the model is sufficiently high.

Fig. 4.8: Illustration of Human Action Recognition on various benchmarks. Starting
from top–bottom (a) UC50 Dataset (b) YouTube Action Dataset (c) UCF101 Dataset
(d) HMDB51 Dataset (e) Kinetics-600 Dataset (f) Synthesized Dataset.
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4.4 Summary

This chapter presented a channel-wise spatial-temporal discriminative AR learning
framework in video clips. The proposed framework captures the spatial attentional
CNN architecture with a Bi-LSTM-net for solitary occurrence training and extraction
of efficient spatial-temporal key features of human activities. Firstly, we employ CNN
architecture, which contains spatial attention for extracting the relevant features from
video, specifically human activity-specified regions, and producing high-level feature
representation. The bi-LSTM also learns the temporal modelling of long-term hu-
man activity sequences through a bi-directional passway (i.e., forward & backward)
and helps the proposed framework to learn information from the preceding frames as
well as from the succeeding sequence frames. This bi-directional modelling for hu-
man activity significantly enhances our approach to learning capability during training
phase and improves prediction precision. For the estimation of the STAD-ConvBi-
LSTM framework efficiency calculated on various publicly available benchmark HAR
datasets. The attained experimental results achieve better performance as correlated
with existing SOTA methods & verify the effectiveness with respect to models’ ro-
bustness and computational efficiency.
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Chapter 5

Occluded Skeleton-Based Multi-Stream Model using
Part-Aware Spatial-Temporal Graph Convolutional
Network for Human Activity Recognition

In this chapter, we introduce a novel occlusion-resilient framework for skeleton-based
human activity recognition, termed as MSPAST-GCN. The proposed approach inte-
grates a multi-stream part-aware spatial-temporal graph convolutional network, de-
signed to effectively extract both spatial and temporal features from occluded skeletal
input. By employing an inhibition strategy, the model enhances its focus on informa-
tive, uninhibited keypoints, leading to improved spatial feature learning. The frame-
work also introduces PAST-GCN, which leverages part-aware spatial and temporal
graph convolutions to boost representation learning.

5.1 Introduction

Skeleton-based in HAR approaches provide a more accurate structure and relevant
information than other modalities like RGB, Optical Flow, and deep learning-based
GCN. It is highly robust to variations in illumination, intensity, and different back-
grounds, combined with its low-dimensional feature representation, significantly con-
serving computing resources. Due to progress in depth sensor technology, skeleton
data have become increasingly accurate and accessible. These improvements have
contributed considerably to the growing status of skeleton-based HAR and become
a preferred choice in the research areas of computer vision [184]. Since skeleton
input sequence can be regarded as a graph data type, it offers a more accurate and
comprehensive representation, such as graph structure in the form of edges and body
key-joints. GCN-based methods have become progressively popular and attained sig-
nificant achievement [185, 186, 187, 130, 61]. However, these methods often fail
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while addressing common problems such as occlusion and multi-interaction. When
an object obstructs critical body key-joints, the recognition capabilities of these mod-
els are substantially compromised. Despite the rapid advancements in skeleton-based
HAR techniques, improving the robustness of models, especially in occluded environ-
ments, remains a significant challenge. Several research studies have adeptly designed
GCN to address the problem based on noisy data or incomplete skeletons to improve
the model’s effectiveness and increase efficiency. However, these approaches fail un-
der different illumination conditions. In realistic scenarios, capturing incomplete or
noisy skeletons from the given input is almost inevitable, and more robust solutions
are needed. For instance, translucent or opaque objects may hide the targeted human
activity, and their prediction of the activity can be affected by some environmental
aspects, such as background conditions and fluctuating illumination. Previously, the
traditional models failed to acknowledge this part and focused only on extracting dis-
criminative body key-joints. In the case of occluded body key-joints, the models fail
to predict the correct activity. These limitations highlight the need for models capable
of maintaining high performance, even when body key-joints are not visible.

Thus, to solve such problems, introducing a multi-stream part-aware occluded
skeleton spatial-temporal GCN model termed as MSPAST-GCN, as depicted in Fig. 5.1,
that works on occlusion to drive the model for activating the body key-joints related
activity and extract the relevant features. Within the whole network, we first inhibit
body key-joints in the input sequence to pretend scenarios where critical portions are
occluded using the inhibition training strategy. Conversely, we divide the predicted
score map within grids and then arbitrarily inhibit specific values in the grids. The
inhibition strategy not only pretends arbitrary occlusion but also raises the prediction
challenge, compelling the model to acquire and extract more prominent features like
key-joint coordinates, relative key-joint coordinates, and temporal differences from
the uninhibited joints. This strategy improves the model’s robustness on incomplete
skeleton data. The proposed model improves the recognition efficiency of activity on
occluded skeleton sequence data via pretending occlusion conditions and extracting
the spatial-temporal feature. The model entails three modules: Input Inhibition Mod-
ule for Skeleton Sequences (IIMS), Part-Aware Spatial-Temporal Graph Convolutional
Network (PAST-GCN), and Predicted Score Inhibition (PSI). The IIMS module pre-
tends occlusion by inhibiting decisive key-joints in the input skeleton data, preparing
the model to handle real-world occlusion scenarios. The PAST-GCN module extracts
local and global spatial-temporal discriminative features from skeletons, enhancing the
model’s capability to learn associations between key-joints and precisely enhancing
robustness. The PSI module improves the prediction difficulty by randomly inhibit-
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Fig. 5.1: Pipeline model of the proposed MSPAST-GCN. It’s a multi-stream model
that extracts the spatial-temporal features and predicts the class of an activity, where
each stream contains three modules: PAST-GCN, IIMS, and PSI.

ing parts of the predicted score map, driving the model to extract more discriminative
features from the uninhibited key points. Furthermore, built a synthesized occluded
dataset comprising numerous occlusion conditions and designed several experimental
settings to rigorously evaluate model performance from different observations. The
proposed model performs better with SOTA methods on three synthesized occluded
datasets. The key contributions are as follows:

• We propose Occluded Skeleton-Based Multi-Stream Part-Aware Spatial-Temporal
GCN for human activity recognition within skeleton input sequences.

• The inhibition strategy is utilized to advance the model’s learning, thereby im-
proving the ability to extract the spatial dimension features among uninhibited
key points.

• Subsequently, the Part-Aware Spatial-Temporal GCN termed as PAST-GCN is
introduced to extract information on spatial key-joint features. Simultaneously,
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the model integrates a temporal graph convolution to improve the ability to ex-
tract the temporal dimension features.

• The proposed MSPAST-GCN model outperforms SOTA performance on bench-
marks, i.e., NTU RGB+D 60, NTU RGB+D 120, and RGBD-Action-Completion-
2016. Also, constructed a synthesized dataset that comprises various occlusion
conditions.

5.2 Proposed Methodology

Occlusions can reduce the effectiveness of HAR in real-time scenarios. Human bodies
may be partially or fully occluded in video datasets or images, which decreases activity
recognition accuracy. Two categories of occlusion are there i.e., spatial and temporal
occlusion. Spatial occlusion refers to the partial obstruction of key joints in individual
frames due to external factors like furniture, objects, walls, etc. Temporal occlusion is
defined as missing sequences in the temporal domain, where frames (video frames for
particular time series)are partially or entirely absent. Most methods focus on optimiz-
ing performance for non-occluded data, often ignoring the model’s ability to remain
robust in occlusions. Thus, to tackle this issue, we introduced the multi-stream part-
aware spatial-temporal graph convolution network using an inhibition strategy called
MSPAST-GCN. The working channel of our proposed MSPAST-GCN is demonstrated
in Fig. 5.1. First, the input skeleton sequences extract features and mask the diverse
local and global parts of Spatial-Temporal Graph Convolutional (ST-GCN) subnet-
works. Conversely, we simulate occlusion by employing an inhibition strategy using
a predicted confidence inhibition module. Each ST-GCN subnetwork has a diverse
input mask for distinguishing the six occlusion cases and identifying the group of the
activity classes. Lastly, the output of all streams has been integrated to attain the final
prediction. While simultaneously employing the cross-entropy to compel the final re-
sult prediction and the predictions of each stream, enabling all streams to be optimized
together.
The proposed MSPAST-GCN model introduces an inhibition strategy that simulates
occlusions during training, forcing the model to rely on alternative, uninhibited key
joints for classification. This strategy operates at two levels: (i) input inhibition and
(ii) predicted score inhibition. Input inhibition selectively masks key-joint coordinates
in skeleton data to mimic real-world occlusions, enhancing the model’s ability to rec-
ognize activities with missing information. Predicted score inhibition modifies confi-
dence scores by reducing emphasis on certain regions in the feature map, preventing
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over-reliance on visible joints, and encouraging better generalization. It is important
to highlight that we don’t inhibit the predicted score map throughout the testing phase.
Additionally, the MSPAST-GCN method supports multi-stream configurations to com-
prehensively capture the spatiotemporal dynamics of human activities, i.e., 2-stream
and 3-stream MSPAST-GCN.

5.2.1 Problem Statement

HAR using skeleton data plays a crucial role in surveillance and behavior analy-
sis. However, occlusions caused by environmental objects, camera angles, or self-
occlusion significantly degrade recognition accuracy. Existing GCN-based models
face problems in handling occluded sequences effectively, as missing keyjoint infor-
mation results in suboptimal feature representation.

To formally define the problem, let: S = {Xt}Tt=1 be a sequence of skeleton frames,
where each frame Xt ∈ RN×D contains N body keyjoints with D spatial dimensions
(e.g., D = 3 for 3D coordinates). The goal is to design a model fout that maps occluded
skeleton sequences to an accurate activity label ŷ, ensuring robustness to missing in-
formation:

ŷ = fout(X
′
t) (5.1)

where ŷ is the predicted activity label. The model must compensate for missing
keyjoint information by leveraging spatial-temporal dependencies & generalize across
different occlusion types and durations without requiring explicit reconstruction of
missing keyjoints.

5.2.2 Feature Extraction for Input Inhibition Skeleton Sequences
Module

This module simulates occluded skeleton sequences directly during training to learn
feature vector representations from different body keyjoints. The feature vector in-
cludes geometric feature representations, i.e., coordinates and relative keyjoint coordi-
nates. A total of 25 keyjoints are taken as input sequences. The keyjoint coordinates χ
are represented as:

χ = {xtij | t = 1, . . . , T, i = 1, . . . , N} (5.2)

where xtij is the keyjoint coordinate of ith node with keyjoint j th at tth frame time.
T indicates the input sequence length for the number of keyjoint nodes N . The relative
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coordinates χr are represented as:

χr = {xtij − xtcj | t = 1, . . . , T, i = 1, . . . , N} (5.3)

where xtij is the key node and xtcj is the center node for key joint j. We concate-
nate key joint coordinates for the actual skeleton sequence of equations (5.1)-(5.2) for
feature vector representation. The extracted feature vectors are examined as follows:

χm = concat(χ, χr) (5.4)

Then, we mask the random key joints of the input skeleton at diverse times to
simulate real-world occlusion using the following equation:

χ̃ = χ⊗MASKi (5.5)

where MASKi (i = 0, 1, 2, . . . , n) represents the binary mask matrix for t × j. ⊗
denotes element-wise multiplication. Taking inspiration from Grad-CAM approaches
[188, 189], we mask each frame’s videos of class activation maps for feature represen-
tation of human key joints. Suppose y(t, j) represents the feature representation vector
for the j th key joint and tth frame. Thus, the activation matrix A is calculated as:

y(t, j) =
i∑
c

WCy(t, j) (5.6)

where y(t, j) represents elements of activation matrix A for the j th key joint and
tth time, and WC depicts the weight for the cth class of activity. SoftMax is used to
normalize the mask range between 0 and 1. The normalization maskMk has a similar
dimensionality as matrix A. The output value of Mk embodies the degree of input
inhibiting and is calculated as:

Mk = 1− SoftMax(A)

low, Mk < 0 (unmasked joints)

high, Mk ≥ 0 (completely masked joints)
(5.7)

To attain maximum consistency, we use a random generation technique to create
MASK0 for the first subnet. Additionally, to prevent noisiness with key-joint coordi-
nates in the consequent subnet stream, we eliminate MASK0 from the addition of the
mask matrix in other streams. To maintain the model’s robust performance despite sig-
nificant information loss, we feed only those key joints that remain inactivated by the
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second or third stream, which helps the model extract and learn effective geographical
discriminative feature information from these unmasked key joints.

5.2.3 Part-Aware Spatial-Temporal Graph Convolution Module

In most scenarios, human activity does not involve the whole body; instead, it focuses
on the action performed by specific body parts. For instance, taking glasses, eating,
and throwing are under the categories of action performed via hands or arm key joints.
Based on each parts of key joint nodes (1-25 joints), we construct a topological fully
connected graph to highlight the localized features of HAR, as shown in Fig. 5.2. The
skeleton structure is embodied as a sequence of vectors within each frame in which
each vector shows 2D or 3D key joint coordinates.

Fig. 5.2: Topological Fully Connected Graph Construction based on 25 key joints in
the human body.

Earlier approaches [190] have pre-defined graph connections of key joints simi-
lar to ST-GCN for exhibiting local features representation with higher precision. This
method partitions the keyjoint based on distance within adjacent keyjoints and center
keyjoint, thereby simulating local features. These pre-defined connections and parti-
tions ensure that the model focuses on relevant local relationships, enhancing its ability
to discriminate the variations in motion and posture as per the keyjoint coordinates.
We propose a Part-Aware Spatial-Temporal GCN Module consisting of Spatial-GCN
(SGCN) and Temporal-GCN (TGCN) with a residual connection. The SGCN subnet
is developed to show spatial features in detail. Based on joint semantic information,
we partition the input data into different parts and create a matching topology graph by
considering each key joint’s part as fully connected. TGCN is similar to ST-GCN.

To extract the local feature representation, each part χmi
arrives at a different sub-

net. To obtain the global feature representation ỹ0, we firstly pre-define a graph on
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skeleton keyjoint coordinates, then we feed the whole sequence χm to GCN. The re-
sultant of each subnet GCN ỹk is determined by:

ỹk = σ(D−
1
2AkD

− 1
2χkWk) (5.8)

where k indicates the number of occluded joint parts with key joint coordinates
j of the ith ith node. χk is the occluded key joint, where χm represents the whole
key joint. D specifies the degree matrix. We classify the relation among intra-frame
key-joints within the similar coordinates of key joints in consecutive frames. Let’s
suppose A indicates the adjacency matrix for the ith node and j key-joint coordinates.
Wk indicates the weight matrix learned by the downstream subnet. The overall output
of subnet GCN ỹk can be estimated as:

ỹkij = α
m∑
k−1

ỹk + (1− α)ỹ0 (5.9)

where α is the hyperparameter, and m indicates the number of masked occluded
key-joints. This technique lets the model learn both global features of skeletons com-
prehensively. If the ith and j th key-joint coordinates are connected, then Aij = 1 or
Aij = 0. For spatial feature representation, we apply spatial graph convolution, i.e.,
’Convs’, which can be formulated as:

fout(vi) =
∑
vj∈Bi

1

Zij

fin(vj)ω(li(vj)) (5.10)

where Bi, fin(vj) signify the set of adjacent coordinates of key-joints vi, and the
feature information, respectively. li(vj) indicates the index of the adjacent coordinates
(0, 1, 2) taken from [191]. Zij acts as a normalization term. ω indicates the weight
equivalent to the adjacent coordinates of li(vj). For graphical structured image data,
we map the value of each key-joint coordinate of the convolution kernel directly to the
graphical image pixel extracted from video frames as skeleton. In contrast, we need
to organize the corresponding adjacent coordinates of each key-joint for unstructured
skeleton data. For temporal feature representation, we apply temporal graph convolu-
tion ’Convt’. In this, only the exact key-joint coordinates in corresponding adjacent
frames are associated. Thus, we execute Convt using a Kt × 1 convolution kernel of
size, where Kt signifies the total number of adjacent video frames in skeleton graph.
This approach facilitates the fusion of information across Kt adjacent frames.

To leverage spatial-temporal features more efficiently, we consecutively apply Convs
and Convt, complied via batch normalization (BN) followed by a ReLU layer, respec-
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tively. Subsequently, we incorporate a dropout layer among spatial-temporal convolu-
tions to randomly drop some features and avoid the model from overfitting. Moreover,
leveraging the principle that residual learning can speed up the network convergence
[192], we add a skip connection between the input and output feed of the complete
ST-GCN module, as shown in Fig. 5.3.

Fig. 5.3: (a) Construction of a ST-GCN module consist of Spatial-GCN and Temporal-
GCN. (b) Represents the human body 25 key-joints

5.2.4 Predicated Score Inhibition Module

To handle the randomly occurring occlusion with indefinite time or location, we formu-
late a predicated score input employing random inhibit predicted scores map in Part-
Aware ST-GCN dimensions of the skeleton sequence data as epitomized in Fig. 5.3.
The modification block of fine-grained image recognition [193, 194] seeks to identify
variations among related activity or object classes, which serves as a motivation for
this module termed Predicted Score Inhibition (PSI) as depicted in Fig. 5.4. Further,
this module is segregated into two parts, i.e., peak input inhibition and patch input
inhibition.

5.2.4.1 Peak Input Inhibition

Let’s assume the resultant predicted inhibited score map Pm of the fully connected
layer is calculated as follows:

Pm(t, j) ∈ ỹC×T×J (5.11)
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Fig. 5.4: Working of PSI Module consists of Peak Input Inhibition and Patch Input
Inhibition. The sea-green rectangular area embodies the inhibited input area. The right
side displays a visualization of the human skeleton, highlighting a specific area of
inhibition where the red dot indicates the corresponding coordinates, while the green
dot represents the inhibited score for the occluded portions.

where C indicates the activity classes and T indicates the input sequence length
with several key-joint coordinates, such as N . This allows us to inhibit the key-joints
by locating the peak value position of Pm, which is the prominent area for the classifier.
We then employ a probability of Ppeak to inhibit it. Then, the binary peak inhibition
matrix of Pm is defined as:

P ′(t, j) ∈ ỹT×J , P ′(t, j) =

Ppeak, if Pm(t, j) = max(Pm) ∼ Ppeak (Bernoulli)

0, otherwise
(5.12)

The max(Pm) indicates the maximum function, and Ppeak (Bernoulli) represents
the Bernoulli random variable with the probability of Ppeak.

5.2.4.2 Patch Input Inhibition

The use of patch input inhibition for the cases where certain human body parts are
occluded in multiple consecutive frames to identify the other prominent areas. Further,
we divide the predicted score map Pm into grids through spatial-temporal dimensions
inspired by [195]. We use the probability of Ppatch to inhibit each patch for calculating
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the output patch as:

patch[l,n] ∈ ỹT×J

l ∈ [1, . . . , T/t′],

n ∈ [1, . . . , J/j′].
(5.13)

where t′ and j′ indicate the skeleton sequence length and total number of key-joints
in the patch[l,n], respectively. Suppose P ′′(t, j) ∈ ỹl

′×n′
represents the binary arbitrary

patch inhibition matrix and is associated with a patch. If set to 1, the patch is inhibited,
and set to 0 otherwise. Therefore, the P ′′ is evaluated as:

P ′′ =

 patch(l,m), if patch = 1

0, otherwise
∈ ỹl

′×n′

l = [1, . . . , T/t′],

m = [1, . . . , J/j′].
(5.14)

The total inhibition matrix P ∈ ỹL×N is estimated by the aggregation of the peak
inhibition matrix and patch inhibition matrix, and is thus formulated as:

P = 1− β · (P ′ | P ′′). (5.15)

where β acts as an inhibition factor and | signifies the operator. In conclusion, the
resultant inhibited score map is estimated as:

P̂ = P ⊙ Pm (5.16)

By applying the techniques of patch inhibition and peak inhibition, we increase the
model’s learning capability and improve the achievement of discriminative features
from uninhibited key-joints, strengthening the model’s resilience. The entire predicted
score map Pm is fed to the GAP layer during the test phase without any inhibition in
any area. Thus, every information region identified throughout the training phase adds
to the total confidence score.

5.2.5 Multi-Stream Graph Convolutional Networks (2-Stream and
3-Stream Variants)

The proposed MSPAST-GCN method supports multi-stream configurations to com-
prehensively capture the spatiotemporal dynamics of human activities, specifically 2-
stream MSPAST-GCN and 3-stream MSPAST-GCN. The 2s MSPAST-GCN utilizes
two input streams: Key Joint Stream & Bone Stream. Key Joint stream captures
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spatial relationships and temporal dependencies among body key joints. While bone
stream captures the complementary motion information by analyzing the dynamics of
skeleton bones. These two streams are processed independently and fused at the final
classification stage to enhance overall performance. Extending this, the 3s MSPAST-
GCN introduces Motion Stream also, which explicitly encodes motion patterns over
time by capturing temporal differences between consecutive frames. This three-stream
framework leverages complementary information from key joints, bones, and motion,
enabling the model to capture fine-grained spatial and temporal features.

5.2.6 Loss Optimization Strategy

We employ cross-entropy as a loss function to recognize occluded activities and put
constraints during training on each stream of the network because each stream attempts
to appropriately predict the activity class. The cross-entropy constraint is formulated
via:

Loss-Functioni = −y log ỹi (5.17)

where Loss-Functioni is the loss constraint for the ith stream, y represents the
ground-truth activity label, and ŷi is the predicted probability from the ith stream.

The final prediction’s cross-entropy constraint is:

Loss-Functionp = −y log ỹi (5.18)

The loss function for key-joint of sub-streams during training is given as:

Loss-Functionj = −y log ỹ.
6∑

i=0

y log ỹi (5.19)

where summation
∑6

i=0 indicates that the loss is computed independently for each
of the six occluded parts, and the total loss is aggregated across these parts. Initially,
we defined six categories of occlusion masks corresponding to different scenarios:
no occlusion (NO), two legs (TL), two hands (TH), left arm (LA), right arm (RA),
and whole trunk (WT) occlusions, as shown in Fig. 5.5. The network is trained to
extract both local and global features by adaptively detecting occlusion and enhancing
activity recognition accuracy to mitigate the effects of occlusion. During training, we
randomly inhibit partially occluded skeletal data and select one of these occlusion cases
to mask the multimodal features. During testing, we directly evaluate the performance
of various approaches for activity recognition using the occluded dataset.
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5.3 Experimental Analysis

This section describes unoccluded and occluded datasets with the experimental set-
tings. It also discusses the experimental result analysis. We performed an ablation
review to validate each proposed component’s effectiveness.

5.3.1 Benchmark

5.3.1.1 Unoccluded Dataset

NTU-RGB+D 60 Dataset [113] is presently the utmost extensively used indoor mo-
tion activity recognition due to the largest amount of data and the most abundant data
modalities. It comprises 56,880 trial samples recorded via Microsoft Kinect v2, and
each sample consists of 4 diverse modalities. We take the 3D skeleton sequence for
activity recognition, consisting of x-y-z coordinates with 25 human body key-joints.
For 60 categories of activity classes recorded via 40 volunteers at 10-35 ages, and each
activity was recorded via three cameras positioned at equal height with diverse angles.
The benchmarks are divided into Cross-Subject subset (CS) and Cross View subset
(CV). Out of 40 subjects, the CS subset includes a training sample of 40,320 sets and
testing samples of 16,560 sets, whereas the CV subset includes a set of 37,920 training
sets along the camera’s 2nd & 3rd, and 18,960 testing samples recorded via 1st camera.

NTU-RGB+D 120 Dataset [89] is the lengthy form of above dataset, including a
supplementary of 57,367 samples covering 60 different classes of human activity. Fur-
ther, the benchmark is divided into two test subsets, namely Cross-Set (CSET) and
Cross-Subject (CSUB). In CSET, 54,468 activity samples were taken for training, and
59,477 were taken for the testing set, whereas CSUB included a training set of 63,026
and 50,919 testing samples, respectively.

RGBD-Action-Completion-2016 Dataset [193] was released at the University of
Bristol and comprised 414 sample videos of some complete and some incomplete ac-
tivity captured via a Microsoft Kinect v2. The frames include three categories: RGB,
mask-depth, and skeleton sequence. We choose skeleton sequence only in which each
skeleton has 25 human body key-joints captured on the x-y-z axis coordinates. Over-
all, six activities are recorded to indicate human and object interactions, i.e., switching
the light off-on, plug-in-socket, opening-jar, pulling-drawer, pick-up an object from
the desk, and drinking from a cup.
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5.3.1.2 Occluded Synthesized Dataset

Occlusion in any human activity sequence of video is diverse and highly unpredictable.
The extent of the occluded portion, its size, and its occurrence timing are all uncertain
factors. Thus, activity recognition under these conditions offers significant challenges.
As per, our studies, no public HAR datasets are available or designed to address partial
occlusion scenarios. This gap presents an important challenge for researchers looking
to test and improve their methods under such conditions. To address this, we con-
structed a synthetic dataset containing diverse occlusion scenarios to simulate realistic
conditions. This dataset includes 20% of the samples from the CSET view of NTU
RGB+D 60, 20% of the samples from the CSET view of NTU RGB+D 120, 20%
of the samples from RGBD-Action-Completion-2016, and the remaining 40% from
our own dataset, which is developing in DTU campus and its surrounding areas. So
far, out of 350 planned video clips, 300 have been synthesized. The video clips were
recorded using a 12-megapixel camera with f/1.6 aperture, 26 mm wide lens, 1/1.9”
sensor, 1.7 µm pixel size, PDAF dual-pixel autofocus, and sensor-shift optical image
stabilization (OIS) at a resolution of 480*640. The dataset currently consists of six
activity classes: Adverse, Sports, Vandalism, Normal, Shoplifting, and Occlusion cat-
egories. It includes 250 video clips, each lasting 5–6 seconds, with 60 video clips per
class. We randomly chose 60% of the data sequences from them. Our occlusion ex-
perimental setup includes six types of occlusions (i.e., Two-hand (TH), Two-Leg (TL),
Right-Arm (RA), Left-Arm (LA), Whole-Trunk (WT), and one with no occlusion case
(NO)). These six cases for training and testing are illustrated in Fig. 5.5.

Fig. 5.5: Six Test Occluded Cases in Experimental Setup.
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5.3.2 Implementation Setup Details

5.3.2.1 Network Details

The experiments are conducted on GPU NVIDIA RTX 4060 64GB RAM AMD Ryzen
9 in Python using PyTorch.During the training phase, Stochastic Gradient Descent is
utilized as the optimization algorithm, with a momentum of 0.9 to stabilize training.
The model is trained with a cross-entropy loss function, using a batch size of 16, a
maximum of 200 epochs, and an initial learning rate of 0.1. To mitigate the risk of
overfitting, dropout with a probability of 0.5 is applied at each GCN stream. A BN
layer is applied at the input stage of the network to normalize the data. In SGCN
(Spatial-based Graph Convolutional Network) module within the ST-GCN module,
the human body is divided into 5 non-overlapping parts: TL, TH, LA, RA and WT.
These body parts are treated as interconnected to capture potential associations and
relationships among key joints as determined in Eq.5.7,5.8. The proportional hyperpa-
rameter α is set to 0.1, determining the strength of interaction between different body
parts. In IIM module, the number of neurons in FC layer is set to match the number of
test cases, corresponding to the classification task. The PSI module introduces hyper-
parameters such as inhibition probability, patch width, patch length and patch size and
adjusts based on the dataset’s characteristics. The inhibition probability set as Ppeak

(P ′)=0.9, Ppatch (P ′′)=0.2, and occlusion factor β=0.1 utilized to control the propor-
tion of inhibition applied across different body parts, preventing extreme occlusions
that might degrade model learning stability as in Eq.5.11. Patch width j′=5, and patch
length t′=10 as in Eq.5.12, respectively. Lastly, an average GAP is applied to the pre-
dicted inhibited score map with spatial-temporal dimensions to produce the prediction
score for each sub-stream.

5.3.2.2 Experimental Setting

To comprehensively evaluate occluded skeleton-based activity recognition from mul-
tiple views, we build two experimental set-ups: Robustness to Occlusions and Recog-
nition on Synthetic Data.

Robustness to Occlusions: Following the experimental protocol in [191], we train
models on the training set of the NTU RGB+D 60 dataset and NTU RGB+120 and
RGBD-Action-Completion-2016 dataset and tested under spatial and temporal occlu-
sion conditions. For spatial occlusion, we evaluate the models using skeleton data with
specific joints occluded. The occlusions correspond to the NO, LA, RA, WT, TH, and
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TL, respectively. For temporal occlusion, we test models using skeleton sequences in
which random blocks of frames are occluded, varying across nine levels i.e., 0 to 80
frames. By training on complete data and testing on incomplete data, we evaluate the
robustness of the models. Each human body skeleton is presented via 25 key-joints,
each described by 3D coordinates.

Recognition of Synthetic Data: To address the challenges posed by occlusions, we
construct a synthetic occlusion dataset with diverse scenarios that simulate realistic
conditions, categorizing occlusions into six types (NO, LA, RA, WT, TH, TL). Over-
all, 60% of datasets are randomly selected for occlusion experiments. The remaining
40% of the dataset consists of complete, unoccluded samples, as not all cases involve
occlusion. The models are trained on synthetic datasets and tested under spatial and
temporal occlusion conditions, consistent with the robustness experiments. This setup
evaluates the model’s ability to extract discriminative features from occluded skeleton
data and handle activity recognition tasks. Uniform preprocessing is applied to ensure
fair comparisons across all models.

5.3.3 Experimental Results

5.3.3.1 Unoccluded HAR Dataset

We analyze and contrast the performance assessment of our method with other tech-
niques on unoccluded HAR dataset based on GCN in terms of their accuracy. We first
train the model using six cases with complete skeleton sequence and test with incom-
plete skeleton sequence data for spatial occlusion as represented in Table 5.1, Table 5.3
and Table 5.5. These tables show the performance analysis of our model compared
with other models on unoccluded datasets. With the observation, our model attains out-
standing results when tested on occluded data with occluded body portions. ST-GCN
[190] is the baseline approach of our model. Compared to the ASGCN [196], RA-
GCN [189], STI-GCN [113], TCA-GCN [193], PDGCN [196], and MSFGCN [191],
the proposed 2s PAST-GCN shows significant improvement, and also, the model’s per-
formance enhances overall. The 3s MSPAST-GCN demonstrates robustness against
partial occlusion and its robustness increases with the addition of more model streams.
For simulating the temporal occlusion, we randomly occluded a subsequence among
the first 80 frames of the test data, adjusting the occlusion window to sizes of 10, 20,
30, 40, 50, 60,70, and 80 frames, respectively. Our 3s-PASTGCN model achieves bet-
ter accuracy than other methods on occluded frames of varying lengths and highlights
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the significant compensations in various situations with extensive temporal occlusion,
as represented in Table 5.2, Table 5.4 and Table 5.6. Most models, including STI-
GCN STI-GCN [113], and TCA-GCN [193], are not explicitly considered to handle
occlusions, which is evident in their limited performance on occlusion benchmarks.

Table 5.1: Performance Assessment of Accuracy (%) for Spatial Occlusion on NTU-
RGB+D 60 Dataset

Methods for Spatial Occlusion No LA RA WT TH TL Avg.
ST-GCN [190] 80.7 71.4 60.5 50.2 62.6 77.4 67.13
2s-AGCN [196] 88.5 72.4 55.8 71.9 82.1 74.1 74.13

2s RA-GCN [189] 86.7 75.9 62.1 72.8 69.2 83.3 75.00
3s RA-GCN [189] 87.3 74.5 59.4 72.3 74.2 83.2 75.15

STI-GCN [113] 83.8 63.7 61.5 50.9 50.3 45.5 59.28
TCA-GCN [193] 88.4 64.8 60.2 72.4 59.4 70.8 69.33
2s PDGCN [196] 87.4 76.4 62.0 70.4 74.4 84.8 75.90
3s PDGCN [196] 87.5 76.0 62.0 73.0 75.4 85.0 76.48
MSFGCN [191] 90.2 88.3 74.7 78.6 75.6 87.4 82.46

2-Stream MSPAST-GCN 93.4 89.4 82.3 80.8 81.3 86.4 85.60
3-Stream MSPAST-GCN 94.6 87.3 78.9 76.5 82.4 90.2 84.98

Table 5.2: Performance Assessment in Accuracy (%) for Temporal Occlusion on Var-
ious Techniques on NTU-RGB+D 60 Dataset

Methods for Temporal Occlusion 0 10 20 30 40 50 60 70 80 Avg.
ST-GCN [190] 80.1 72.3 60.8 58.2 52.6 49.4 53.2 36.7 32.3 55.6
2s-AGCN [196] 84.3 76.6 72.4 68.7 60.6 48.5 40.8 38.4 26.4 57.41

2s RA-GCN [189] 86.5 83.1 66.4 62.6 58.3 40.5 39.6 26.3 20.2 53.72
3s RA-GCN [189] 84.8 83.9 76.4 66.3 53.2 38.5 42.2 39.0 23.4 56.41

STI-GCN [113] 88.8 70.4 51.0 38.7 33.8 28.0 23.4 17.4 14.2 40.63
2s PDGCN [196] 87.4 83.8 76.7 55.8 58.1 40.6 22.8 30.8 20.6 52.91
3s PDGCN [196] 87.5 83.9 76.6 66.7 53.9 38.0 36.2 42.1 24.3 56.57
MSFGCN [191] 90.2 89.2 84.2 81.2 76.3 74.3 72.7 68.3 65.1 77.94

2-Stream MSPAST-GCN 92.4 90.6 88.2 86.3 82.1 78.7 72.3 67.4 66.4 80.48
3-Stream MSPAST-GCN 96.6 94.6 91.2 90.2 87.8 89.3 84.3 78.4 75.1 87.50

5.3.3.2 Occluded Synthesized Dataset

We analyze & contrast the performance of our method with other approaches on syn-
thesized occluded datasets produced from CS and CSET views of the NTU-RGB+D 60
and 120 datasets, respectively, and the RGBD-Action-Completion-2016 dataset. Our
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Table 5.3: Performance Assessment in Accuracy (%) for Spatial Occlusion on Various
Techniques on NTU-RGB+D 120 Dataset

Methods for Spatial Occlusion No LA RA WT TH TL Avg.
ST-GCN [190] 80.3 71.4 60.5 50.2 62.6 77.4 67.06
2s-AGCN [196] 85.5 72.4 55.8 71.9 82.1 74.2 73.70

2s RA-GCN [189] 86.7 75.9 62.1 70.8 69.2 80.3 74.16
3s RA-GCN [189] 87.3 74.5 59.4 68.3 74.2 79.2 73.81

STI-GCN [113] 63.7 42.6 41.5 30.9 38.3 45.1 43.68
2s PDGCN [196] 87.5 76.0 62.0 70.1 75.4 82.0 75.50
3s PDGCN [196] 90.1 88.3 74.7 78.6 75.6 87.4 82.45
MSFGCN [191] 93.4 89.4 82.3 80.8 81.3 86.4 85.60

2-Stream MSPAST-GCN 94.6 87.3 78.9 76.5 82.4 89.2 84.81
3-Stream MSPAST-GCN 92.3 89.4 73.8 77.9 82.1 83.4 83.15

Table 5.4: Performance Assessment in Accuracy (%) for Temporal Occlusion on Var-
ious Techniques on NTU-RGB+D 120 Dataset

Methods for Temporal Occlusion 0 10 20 30 40 50 60 70 80 Avg.
ST-GCN [190] 83.8 76.9 67.9 66.6 64.5 60.5 58.9 56.4 48.3 64.86
2s-AGCN [196] 84.5 75.9 66.9 64.1 60.2 58.4 54.4 49.8 38.6 61.42

2s RA-GCN [189] 84.0 77.1 70.5 71.7 66.6 62.2 56.4 53.4 46.1 65.33
3s RA-GCN [189] 85.8 82.4 80.1 79.8 73.4 62.7 58.2 49.4 35.2 67.44
2s PDGCN [196] 85.9 78.8 74.6 68.2 54.8 50.8 49.4 40.3 36.4 59.91
3s PDGCN [196] 84.8 82.7 79.6 70.5 66.7 54.6 42.6 34.8 29.7 60.67
MSFGCN [191] 85.1 79.6 74.9 69.7 60.3 59.6 56.5 42.4 36.1 62.68

2-Stream MSPAST-GCN 89.4 84.2 80.8 79.3 74.6 70.8 69.4 65.6 60.4 74.94
3-Stream MSPAST-GCN 90.5 89.0 86.0 84.0 80.4 79.8 77.4 76.0 68.0 81.23

comparison methods’ experimental test accuracy for spatial occlusion and temporal
occlusion with other approaches on skeleton-based GCN are concise in Table 5.7 and
Table 5.8. We incorporated a preprocessing module across all models to improve the
occlusion and trained them on a synthesized occlusion dataset we developed. Com-
pared to the outcomes in Table 5.1, Table 5.3 and Table 5.5, the overall model’s accu-
racy improved by an average of 6%, as shown in Table 5.7, validating the effectiveness
of our training strategy. While there is a slight decrease in recognition accuracy com-
pared to the average output in Table 5.2 and Table 5.3, but again increases in Table 5.4,
this is comprehensible given that synthesized dataset lacks samples for temporal di-
mensions and mainly emphasizes spatial dimensions occlusion which may have af-
fected the learning of temporal features. However, this minor reduction in temporal
accuracy is acceptable, considering the significant gains in spatial occlusion accuracy.
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Table 5.5: Performance Assessment in Accuracy (%) for Spatial Occlusion on Various
Techniques on RGBD-Action-Completion-2016 Dataset

Methods for Spatial Occlusion No LA RA WT TH TL Avg.
ST-GCN [190] 78.4 71.4 60.5 50.2 62.6 77.4 66.75
2s-AGCN [196] 88.5 72.4 55.8 71.9 82.1 74.1 74.13

2s RA-GCN [189] 86.7 75.9 62.1 72.8 69.2 78.3 74.16
3s RA-GCN [189] 87.3 74.5 59.4 72.3 74.2 80.2 74.65

STI-GCN [113] 88.8 23.7 21.5 20.9 20.3 45.5 36.78
2s PDGCN [196] 87.5 76.0 62.0 73.0 75.4 85.0 76.48
3s PDGCN [196] 90.2 88.3 74.7 78.6 75.6 87.4 82.46
MSFGCN [191] 93.4 89.4 79.3 80.8 81.3 86.3 85.08

2-Stream MSPAST-GCN 94.6 89.3 91.9 90.5 93.4 92.5 92.03
3-Stream MSPAST-GCN 95.6 91.2 90.8 89.8 88.6 89.2 90.86

Table 5.6: Performance Assessment in Accuracy (%) for Temporal Occlusion on Var-
ious Techniques on RGBD-Action-Completion-2016 Dataset

Methods for Temporal Occlusion 0 10 20 30 40 50 60 70 80 Avg.
ST-GCN [190] 78.2 71.1 60.4 51.2 52.6 50.4 49.8 46.3 36.6 55.17
2s-AGCN [196] 84.8 82.7 79.6 70.5 66.7 54.6 42.6 34.8 29.7 60.66

2s RA-GCN [189] 85.6 80.6 78.9 69.9 60.5 59.6 57.6 44.8 30.2 63.07
3s RA-GCN [189] 84.8 81.3 80.6 78.4 72.4 60.2 56.6 48.4 34.4 66.34

STI-GCN [113] 85.8 84.4 82.1 79.8 73.4 62.7 58.2 49.4 35.2 67.88
2s PDGCN [196] 84.8 82.7 79.6 70.5 66.7 54.6 42.6 34.8 29.7 60.66
3s PDGCN [196] 85.1 79.6 74.9 69.7 60.3 59.6 56.5 42.4 36.1 62.68
MSFGCN [191] 84.8 81.3 80.6 78.4 72.4 60.2 56.6 48.4 34.3 66.33

2-Stream MSPAST-GCN 90.5 76.0 62.0 73.0 75.4 85.0 90.5 76.0 62.0 76.71
3-Stream MSPAST-GCN 92.2 88.3 74.7 78.6 75.6 87.4 92.2 88.3 74.7 83.55

5.3.4 Ablation Studies

To evaluate the contributions of each module in the MSPAST-GCN model, we con-
ducted an ablation study by systematically removing three key components: IIM, PSI,
and PAST-GCN, which are designed to improve occlusion robustness. The results
reveal distinct performance degradation patterns when any of these components are re-
moved, emphasizing their critical role in feature learning and occlusion handling. The
removal of IIM resulted in the most significant accuracy drop, approximately 13.6% for
spatial & 27.2% for temporal occlusions, as the model lost its ability to handle missing
key joints effectively. The primary function of IIM is to expose the model to occlusion
scenarios during training, enabling it to infer missing key joint information. Without
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Table 5.7: Performance Assessment in Accuracy (%) for Spatial Occlusion on Various
Techniques on Synthesized Occlusion Dataset

Methods for Spatial Occlusion No LA RA WT TH TL Avg.
ST-GCN [190] 76.9 70.2 61.5 52.2 62.6 77.4 66.80
2s-AGCN [196] 84.5 75.9 66.9 79.1 81.0 72.2 76.51

2s RA-GCN [189] 88.5 72.4 55.8 71.9 82.1 74.1 74.13
3s RA-GCN [189] 86.7 73.9 62.1 70.2 69.2 82.1 74.03

STI-GCN [113] 87.3 74.5 59.4 72.3 74.2 83.2 75.15
2s PDGCN [196] 89.5 80.2 74.0 72.8 75.4 82.4 79.05
3s PDGCN [196] 90.2 88.3 74.7 78.6 75.6 74.4 80.30
MSFGCN [191] 87.4 76.4 62.0 70.4 74.4 84.8 75.90

2-Stream MSPAST-GCN 90.2 86.0 82.0 76.0 74.4 77.0 80.93
3-Stream MSPAST-GCN 92.4 84.3 80.7 79.6 76.6 79.4 82.16

Table 5.8: Performance Assessment in Accuracy (%) for Temporal Occlusion on Var-
ious Techniques on Synthesized Occlusion Dataset

Methods for Temporal Occlusion 0 10 20 30 40 50 60 70 80 Avg.
ST-GCN [190] 84.8 82.7 79.6 70.5 66.7 54.6 42.6 34.8 29.7 60.61
2s-AGCN [196] 85.6 80.6 78.9 69.9 60.5 59.6 57.6 44.8 30.2 63.07

2s RA-GCN [189] 84.8 81.3 80.6 78.4 72.4 60.2 56.6 48.4 34.4 66.34
3s RA-GCN [189] 85.8 84.4 82.1 79.8 73.4 62.7 58.2 49.4 35.2 67.88
2s PDGCN [196] 85.9 78.8 74.6 68.2 54.8 50.8 49.4 40.3 36.4 59.91
3s PDGCN [196] 88.6 84.1 80.2 74.4 70.8 61.6 42.6 40.6 38.2 64.56
MSFGCN [191] 92.3 88.1 81.7 72.3 70.4 66.8 54.2 48.4 42.6 68.53

2-Stream MSPAST-GCN 94.8 93.2 90.1 88.7 89.3 84.2 80.6 76.7 72.3 85.54
3-Stream MSPAST-GCN 96.4 93.8 89.2 87.9 85.4 83.1 79.4 74.3 71.8 84.54

IIM, the model becomes over-reliant on fully visible skeletons, significantly reducing
its generalizability to occluded environments. Similarly, removing PSI caused a 2.4%
drop in spatial & and 8.2% drop in temporal occlusion accuracy. PSI prevents the
model from assigning excessive importance to visible key joints, promoting balanced
feature learning. Without PSI, the model overfits to available key joints, diminishing
its adaptability to missing or occluded parts. The removal of PAST-GCN led to an
11.5% accuracy drop for spatial & 19.8% drop for temporal occlusions. PAST-GCN
captures critical spatial-temporal dependencies between key joints, allowing the model
to preserve motion continuity. Without it, the model faces issues in maintaining tem-
poral coherence, particularly during long-term occlusions. Furthermore, the combined
effect of removing both IIM and PSI resulted in compounded performance degrada-
tion, indicating their complementary roles in occlusion simulation and adaptive score
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inhibition. Fig. 5.6 provides a visual representation of the impact of each module
on overall accuracy. It highlights that IIM contributes the most to temporal occlusion
robustness, resulting in a -7.4% accuracy drop when removed. Similarly, PAST-GCN
plays a critical role in preserving motion continuity, reducing accuracy by -8.6% for
spatial occlusions and -11.1% for temporal occlusions. Lastly, PSI enhances adaptive
feature learning, causing smaller performance reductions of -2.4% for spatial occlu-
sions and -8.2% for temporal occlusions when removed. These results confirm that
each module has a distinct and essential role in the proposed architecture. Their inte-
gration significantly enhances the model’s ability to handle both spatial and temporal
occlusions, ultimately improving overall classification accuracy.

The evaluation is performed under both spatial occlusion (e.g., partial blockage
of a subject) and temporal occlusion (e.g., sudden interruptions in motion sequences).
We train a single-stream and multi-stream GCN fusion network to determine the effi-
cacy of the proposed model, and the comparison resultant accuracy for each occluded
portion among them is described in Table 5.9. We must utilize multi-scale motion rep-
resentation to evaluate the weight bias while observing that the multi-stream fusion net
performs markedly improved results than the single-stream network. We calculate the
actual performance of MSPAST-GCN module in spatial-temporal occlusion scenar-
ios while retaining their principal originality. Fig. 5.7 depicts the training validation
for each baseline method with our proposed framework. The graphical representation
clearly shows the training accuracies of all baseline methods and offers the superior
performance of MSPAST-GCN. Additionally, Fig. 5.7a shows a comparison on the
NTU RGB+60 dataset, where the MSPAST-GCN method achieves the best accuracy
at the 200th epoch. Similarly, in Fig. 5.7b for the NTU RGB+120 dataset, the pro-
posed method achieves a better accuracy score over the 200th epoch. Fig. 5.7c for the
RGBD-Action-Completion-2016 dataset, our method performs best accuracy at 200th
epochs. Lastly, in Fig. 5.7d for the Synthesized Occlusion dataset, the MSPAST-GCN
method attains the finest training accuracy all over the training phase of other methods.

Table 5.9: Ablation Studies on CS Benchmark of NTU-RGB+D 60

Technique NO LA RA WT TL TH Avg. Gain
Single-Stream Network 84.2 78.2 64.9 68.2 80.2 63.5 73.20
Multi-Stream Network 86.8 86.4 72.8 80.2 86.4 79.8 82.06

MSPAST-GCN (Proposed) 88.1 84.8 76.6 81.3 86.3 80.8 82.98

117



5.3. Experimental Analysis

Fig. 5.6: Impact of Different Modules on Accuracy

(a) Training Accuracies for NTU RGB+D 60
Dataset

(b) Training Accuracies for NTU RGB+D 120
Dataset

(c) Training Accuracies for RGBD-Action-
Completion-2016 Dataset

(d) Training Accuracies for Synthesized Oc-
clusion Dataset

Fig. 5.7: Trade-off curves of the proposed MSPAST-GCN with other verified baseline
methods over various HAR and synthesized datasets.

5.3.4.1 Quantitative Analysis

Table 5.10 presents the performance metrics when each module is removed individu-
ally. The full model achieves the highest accuracy, whereas removing any component
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leads to a significant decline in performance. From the result, it is evident that the IIM
module contributes significantly to precision, while the PSI and PAST-GCN modules
play crucial roles in recall and spatial awareness under occluded environments.

Table 5.10: Ablation Studies on Occluded Synthesized Dataset

Model Variation Accuracy (%) Precision (%) Recall (%) F1-score (%)
MSPAST-GCN (full-model) 94.5 92.3 90.8 91.5

Without IIM 89.7 86.1 83.4 84.7
Without PSI 87.2 84.5 80.9 82.6

Without PAST-GCN 85.9 83.2 79.7 81.4

5.3.4.2 Qualitative Analysis: Visualizations of Key-Joint Activation

Fig. 5.8 shows the detailed visualization of key-joint activation patterns in each stream
of ST-GCN, equivalent to activities such as removing spectacles, fighting, kicking, and
suspicious walking. The activation status of each key joint is carefully mapped ac-
cording to their activity prediction, allowing us to analyze inconsistencies and validate
the robustness of the model while detecting human activity. The activated key joints
of the body are represented by red circles, while green circles indicate the remaining
occluded key joints. Compared to the SOTA methods, we observe that the proposed
model focuses more effectively on the crucial key joints closely associated with the
specific activities. For instance, in Fig. 5.8a, the activity shows for removing specta-
cles, which is deceptive that hand motion activities are more critical than foot motion
activities. The model focuses on hand key joints per the six occluded cases and then
works on streams. We also perceive significant variations in the activated key-joints
across the five frames of the streams. This can be clarified by the IIMs module, which
inhibits the input data matching to previously activated positions in earlier streams,
similar to the cases in Fig. 5.8b, 5.8c, and 5.8d. This navies the model to stimu-
late other potentially valuable key-joints, thus improving the MSPAST-GCN model’s
robustness against occlusions.

5.3.5 Discussion

Despite the significant improvements achieved by MSPAST-GCN in occluded skeleton-
based human activity recognition, certain limitations remain. The model misclassify in
cases of extreme occlusions, such as full-body occlusions or overlapping individuals,
where key joints remain invisible for extended periods. Additionally, similar activities
involving subtle motion differences such as drinking from a cup vs eating or picking up
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an object vs throwing, can lead to misclassifications due to occlusion-induced loss of
discriminative features. The multi-stream architecture, while enhancing feature extrac-
tion, increases computational complexity, making real-time deployment on resource-
constrained devices challenging. Although the model generalizes well across bench-
mark datasets, real-world occlusions may differ, necessitating further fine-tuning. In
future work, we will focus on improving real-time efficiency, increasing adaptability
across diverse occlusion scenarios, and integrating real-world occlusion cases for bet-
ter generalization.

5.4 Summary

This chapter presented a multi-stream part-aware occluded skeleton-based GCN for
HAR, utilizing inhibition training in different streams to handle occlusions across var-
ious conditions, thus improving accuracy in such occlusion scenarios. This method
enables the learning of local and global features, enhancing performance and offering
a practical solution, similar to ST-GCN. The proposed module consists of an input
inhibition skeleton sequence, part-aware ST-GCN for graph construction, and a pre-
dicted score inhibition module. When evaluated under different occlusions, the pro-
posed model consistently outperforms SOTA methods across multiple experimental
configurations. The ablation study further validates the effectiveness of each module in
the model. Additionally, visualizations demonstrate the model’s ability to accurately
recognize deeply occluded samples, highlighting its strength in handling occlusions
across both spatial and temporal dimensions. This research introduces an optimized
training approach that significantly improves average recognition efficiency on HAR
datasets of about 6% of achievement, surpassing previous work’s performance.
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(a) Removing Spectacle

(b) Fighting (Multi-Person)

(c) Kicking

(d) Suspicious Walk

Fig. 5.8: Visualization of Body Key-joint Activation for the proposed model with their
prediction results on (a) NTU-RGB+D 60, (b) NTU-RGB+D 120, (c) RGBD-Action-
Completion-2016, and (d) occluded synthesized dataset. Note: Red circles indicate
activated key joints, while green circles represent occluded key joints.
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Chapter 6

Activity Recognition in Dynamic Environments Using
Image Enhancement and Vision Transformers with
DETR

This chapter introduces a novel low-light enhancement technique tailored to improve
the performance of HAR systems under challenging illumination conditions. The pro-
posed method enhances illumination intensity, contrast, and color consistency while
preserving spatial details in low-light images. The model’s effectiveness is validated
in both normal and low-light environments through extensive quantitative and qualita-
tive analysis, demonstrating superior performance compared to existing approaches.

6.1 Introduction

In dynamic environments, human activity refers to movements and behaviors per-
formed under changing conditions like varying backgrounds, lighting, or motion. Im-
ages taken from video datasets in poor light or dark environmental conditions somehow
destructively affect human observation. It also degrades the effectiveness of computer
vision tasks of some applications, such as sports prediction, elderly fall detection, pa-
tient monitoring, smart surveillance systems, facial recognition, etc. [130][197]. How-
ever, low brightness and contrast in monitoring images hinder target recognition in dark
or low-light conditions. These issues lead to blurred targets, obscuring feature extrac-
tion and analysis in advanced visualization. Additionally, regions near light sources
are prone to dust-induced overexposure and whitening, further degrading image qual-
ity. The coexistence of overexposure and underexposure in images complicates the
task of image enhancement.

DL-based LLIE has significant social benefits, improving safety and efficiency
in critical environments like night-round in the military, safety surveillance in park-
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ing at night, underground coal mines. These methods surpass traditional approaches
in accuracy but face challenges such as the impracticality of collecting light-paired
datasets, limitations of synthetic data, and the trade-off between enhancement qual-
ity and real-time detection. By overcoming these challenges, such progress in LLIE
can have profound social benefits, including enhanced safety in hazardous conditions,
improved surveillance for public security, and better access to critical resources in low-
visibility environments. The LLIE is crucial for enlightening video monitoring quality
and recognition capabilities. It involves transforming low-light images into natural
standard illumination images by addressing three key steps: Diminishing noise and
artifacts, keeping edges and surface details intact, and recovering authentic brightness,
color, and image pixels. However, the process frequently leads to loss of information
like brightness, color, structure, and contrast, while also amplifying noise and haze
in the enhanced images. We developed a LLIE method collective with Vision Trans-
former (ViT) with DETR for monitoring in the public sector. The key contributions
are:

• A low-LLE technique is proposed to enhance illumination intensity, contrast,
and color dependability of input images under low-illumination environments
while preserving the spatial specifics of the images.

• To verify the strength of the proposed model, a comprehensive study is executed
across three challenging datasets, i.e., SCIE, LOLO-V1, and ARID.

• Furthermore, the prediction performance of the proposed model is evaluated un-
der both normal and low-lighting environments.

• The experimental assessment is also measured from both quantitative and qual-
itative perspectives, showing that the framework outperforms existing networks
in HAR.

6.2 Proposed Methodology

We introduced a zero-reference low-light enhancement approach, based on the zero-
reference learning method [198] to retain the specifics of the input image. Unlike
other deep learning techniques, our method adjusts only the pixel signals instead of
regenerating them. The outline for proposed model for LLIE is shown in Fig. 6.1. and
comprises with two phases: (i) local pixel-level image enhancement (ii) transformer-
based global adjustment.
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Fig. 6.1: Pipeline of Proposed Model for LLIE

6.2.1 Phase 1: Local pixel-level image enhancement

We emphasize assessing pixel-level image illumination mapping to correct illumina-
tion effects within image. We maintain the input resolution to preserve detailed in-
formation and prevent negative impacts on subsequent detection results rather than
using down-sampling trailed by up-sampling. The local pixel-level image enhance-
ment module comprises 7 convolutional layers & final layer utilizes Tanh activation
function, while the remaining layers adopt the ReLU activation function, drawing in-
spiration from [199]. In contrast to their earlier work, we utilize a reciprocal-based
mapping function as a substitute of a quadratic iterative function. The quadratic curve-
based illumination mapping function can be represented as:

LE(IX ;α) = IX + α.IX(1− IX), α ∈ [−1, 1] (6.1)

where LE(IX ;α) represents the improved type of input IX of the image with x as
pixel coordinates . α ∈ [−1, 1] indicates the trainable curve parameter obtained by
deep network training. Every specific pixel is normalized to interval [0, 1]. The light
mapping curvature depends on the quadratic iteration function for higher-order curves
to enable versatile adjustment to image pixels can be defined as:

LEn(IX) = LEn−1(IX) + AnLn−1(IX)(1− Ln−1(IX)) (6.2)

where n indicates the iterations that control the curving, and A represents a param-
eter map that matches the sizes of IX .
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6.2.2 Phase 2: Transformer Global Adjustment in Image

We developed a global adjustment module utilizing a transformer to address the limita-
tions of local enhancement by capturing global interactions among specific pixels with
their environments. The Transformer Global Adjustment (TGA) in image branch pri-
marily comprises a multihead attention module and a Multi-Layer Perceptron (MLP)
module. Its process employs layer normalization to normalize implicit layers and ac-
celerate convergence. The input image is first processed with a 3 × 3 convolution,
producing high-dimensional, low-resolution features. This design reduces computa-
tional costs while enabling global feature extraction. For feature encoding, the 3 × 3

convolution produces a feature map Fm of size 64 × h × w. Here, every pixel of Fm

is treated as a token, flattened into a sequence XT of size (h × w) × 64. A linear
transformation encodes XT as input to the multihead attention module. The encoded
sequence XT is projected using learnable weights W p, W q, and W r to form P , Q, and
R. The calculation process can be signified as:

P = XTW
p, Q = XTW

q, R = XTW
r (6.3)

Att(attention) = softmax

(√
PQT

dk

)
R (6.4)

Multi-head attention processes P , Q, and R in multiple subspaces, concatenates
the results, and applies a linear transformation:

MultiHead(P,Q,R) = Concat (head1, head2, . . . , headn) (6.5)

For color and gamma adjustments, the multihead attention results in a Fm of spe-
cific size processed by an MLP to compute a color transformation matrix W(ci,cj) for
RGB adjustment. This matrix is 3× 3, and the gamma value γ is utilized for nonlinear
global illumination correction. The final global adjustment is expressed as:

Gadj(.) = max

(∑
cj

W(ci,cj)(.), ϵ

)γ

, ci, cj ∈ {r, g, b} (6.6)

Here, ci, cj indicates the colour transformation matrix of size 3 × 3, γ represents
the exponential value of gamma illumination correction, ϵ implies a minimum non-
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negative value, which takes the constant ϵ = 1e−8 in the entire setup.
The complete process of the low-LLE method can be stated as:

Gadj(L(IX)) =

(
max

(∑
cj

W(ci,cj)(L(IX)), ϵ

))γ

, ci, cj ∈ {r, g, b} (6.7)

6.2.3 Loss Function for Low-Light Image Enhancement

The LLIE losses are categorized into three losses, i.e., exposure control loss, spatial
consistent loss, and color consistent loss function. These are formulated as:

Lexp =
1

m1

m1∑
i=1

|Ym − ϵ| ; Lspa =
1

m2

m1∑
i=1

∑
j∈Ω(i)

(|Yi − Yj| − |Ii − Ij|)2 (6.8)

Lcol =

m1∑
∀(p,q)∈ϵ

(
(Jp − Jq)2

)
, ϵ = {(R,G), (R,B), (G,B)} (6.9)

here m1 and m2 represent non-overlapping localized areas, Ym is their intensity,
and ϵ = 0.6. Ω(i) denotes neighboring regions of i, while Y & I are the average
intensities of improved and input images. The color constancy loss ensures consistent
enhanced colors, with Jp and Jq representing average intensities of channels p and q.
Fig. 6.2 shows the process for computing the feature similarity loss. Fm of the input
and enhanced images are extracted using the ViT backbone with DETR. These Fm

undergo GAP, and the feature similarity loss is computed as follows:

Lfs = GAP(FIN) · log
(

GAP(FEN)

GAP(FIN)

)
(6.10)

where GAP(FIN) indicates the feature global pooling of the (FIN), and GAP(FEN)

indicates the feature global pooling of the (FEN). Thus, the final LLIE loss is repre-
sented as:

Ltotal = Lfs + Lcol + Lspa + Lexp (6.11)
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Fig. 6.2: Block diagram of feature similarity loss.

6.3 Experimentation and Results

6.3.1 Setup Details and Datasets

We implement our proposed framework on PyTorch 1.12.2, Python 3.9, CUDA 11.6,
NVIDIA RTX 3040Ti GPU. To optimize the model we utilize the ADAM optimizer
with default parameters, setting the learning rate 1× 10−4, batch size 8, momentum to
0.9, and training for 200 epochs. The decay coefficient is set to 5 × 10−5. We resized
the training images to resolution 224× 224.

SICE Dataset (Single-Image Contrast Enhancement) [197]: This dataset is de-
signed for evaluating image enhancement algorithms. It includes high-resolution im-
ages with diverse lighting conditions, ranging from underexposed to overexposed sce-
narios. It consists of 589 multiple exposure pictures of indoor and outdoor surround-
ings. For training the LLIE module, we selected 3022 images with diverse exposure
levels.

LOL-V1 Dataset (Low-Light Dataset Version-1 [200]): This dataset features paired
low-light and well-exposed reference images. It includes diverse indoor and outdoor
scenes, making it ideal for evaluating and training algorithms to enhance visibility
and detail in low-light surroundings. The dataset consists of 500 pairs low-light and
normal-light images, each with 400 × 600 resolution. A total of 485 pairs are desig-
nated for training, while the remaining 15 pairs for testing.

ARID Dataset (Action Recognition in the Dark) [201]: This dataset features real-
world videos with detailed annotations, making it valuable for developing and testing
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Fig. 6.3: The function for adaptive light mapping curvature having varying parameters.
Curves a and b correspond to the quadratic iterative function, for ’n’ to 4 & 8 times,
respectively. Curve c represents the light mapping on the reciprocal function.

models for surveillance and security applications in dark environments. The dataset in-
cludes 11 action classes with videos shot at night in both indoor and outdoor settings,
at 30 fps and 320× 240 resolution.

Table 6.1: Quantitative Results of SOTA on SCIE, LOL-V1, ARID Datasets.

Techniques
SICE LOL-V1 ARID

PSNR SSIM NIQE BRIS PSNR SSIM NIQE BRIS PSNR SSIM NIQE BRIS
Retinex-Net[200] 16.70 0.59 15.20 0.52 16.70 0.65 14.20 0.50 18.10 0.60 15.20 0.51
EnlightenGAN [202] 19.83 0.62 9.39 0.55 19.83 0.69 10.39 0.48 18.83 0.66 10.23 0.52
Zero-DCE[203] 15.77 0.53 10.22 0.48 15.77 0.78 12.02 0.52 19.87 0.64 10.11 0.49
DRBN-YOLOv5s [199] 18.23 0.76 10.29 0.52 18.23 0.77 10.29 0.55 20.89 0.77 9.46 0.54
Proposed 21.70 0.77 10.01 0.54 21.70 0.77 10.01 0.56 20.88 0.79 9.03 0.55

6.3.2 Quantitative Result Analysis

This section presents an exhaustive quantitative analysis of the proposed and SOTA
techniques on the SCIE, LOL-V1, and ARID datasets. We used two categories of
four metrics, i.e., full references and no-reference, and the metrics are PSNR, SSIM,
NIQE, and BRISQUE, for image quality evaluation. PSNR and SSIM evaluate image
enhancement with high values represents better quality and similarity to the ground
truth. For ground-truth-free evaluation, BRISQUE (↑ is better) and NIQE (↓ is better)
assess perceptual quality and naturalness. Table 6.1 summarizes the quantitative results
of SOTA methods.
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Fig. 6.4: Visual comparisons of LLE methods, starting from the input image to results
of various techniques, with red-boxed areas zoomed in on the human as an object.

6.3.3 Qualitative Result Analysis

The image enhancement results across datasets are illustrated in Fig. 6.4 Retinex-Net
enhanced brightness but caused texture distortion and blurring. Methods like Zero-
DCE, EnlightenGAN, DRBN-Yolov5s, and our proposed technique performed better
overall. Zero-DCE showed slight color shifts, and EnlightenGAN under-improved
dark areas. Our proposed technique achieved superior illumination and contrast, pre-
serving color and texture without noticeable bias or distortion.

6.4 Summary

This chapter introduces a zero-reference low-light image enhancement approach to im-
prove visualization and recognition in dark or low-light environments. This approach
follows end-to-end train beyond the need for reference images. It can be achieved by
framing the LLIE chore as an image-specific curvature estimation problematic while
developing a set of differentiable non-reference losses to optimize the image enhance-
ment process. The experimental outcomes verify the proposed approach suggestively
improves the intensity of the image, contrast, and recognition rate while preserving
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their original color and avoiding texture distortion. Moreover, the method eliminates
the need for manual parameter adjustment and performs effectively on both overex-
posed and under-illuminated images. It significantly strengthens the ability and effi-
ciency of individuals’ safety and security monitoring in low-light environments.
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Chapter 7

MV-DBiLSTM: An Enhanced Human Activity
Recognition for Smart Surveillance Systems Using a
Deep BiLSTM Framework

In this chapter, we present a novel machine learning framework, MV-DBiLSTM, for
human activity recognition. The proposed model integrates MobileNetV2 for efficient
spatial feature extraction and a deep bi-LSTM to capture both short-term and long-
term temporal dependencies in activity sequences. This dual-stream approach enables
the model to recognize complex and dynamic human actions with improved accuracy.

7.1 Introduction

Smart surveillance focuses on recognizing normal vs. abnormal behavior, detecting
suspicious activities (e.g., trespassing, aggression), tracking individuals over time for
event analysis or alerts. For example, the initial action of fast walking and jogging in
a playground may appear similar. That difference becomes clearer once we see them
across a series of frames, where the interaction of the human body with its environ-
ment can be captured through their gestures and movements. The previously trained
model on data might become obsolete with the availability of new data because, in non-
stationary video data streams, the data changes over time. To solve this problem, one
needs to adapt to the innovative data distribution for heterogeneous static surroundings.
Lobo et al. [204] formulated a self-learning optimization problem utilizing bio-based
optimization techniques to handle drift heterogeneity. Krawczyk et al. [205] proposed
a technique called weighted single class SVM, that uses a modified version to improve
the efficiency of static streaming data which adapts new data streams and understands
them by relearning a portion of its parameters. Abdallah et al. [206] provided an exten-
sive review of AR for online data streaming. Nevertheless, detecting human activities
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from the huge volume of surveillance streaming data is a challenging problem owing to
high-dimensional characteristics, changing viewpoint, motion, background clutter, oc-
clusion, and varying illumination conditions [207, 208, 209]. Some automatic feature
learning techniques based on neural networks become more adaptive due to their su-
pervised learning nature. These approaches can directly compute the features from raw
input information with the weights and biases of learned network. In this, firstly, the
initial layers capture the low-level local features like edges and textures, and then the
next layers extract more complex, global features that represent high-level semantic in-
formation. This hierarchical structure allows CNNs to recognize intricate patterns and
provide an overall understanding of the image. Recently, several authors have studied
CNN-based techniques, Transfer Learning, and Transformer approaches to maximize
performance on sequence learning for activity recognition. Despite all advancements,
existing systems for HAR face challenges in achieving high accuracy and for handling
large datasets due to issues like variability in human actions, environmental complex-
ity, and real-time processing needs. Further improvements in model architectures and
training methodologies are needed to enhance HAR performance. We introduce fea-
ture extraction classification models for HAR to handle these issues with improved
accuracy. This research’s significant contributions are as follows:

Fig. 7.1: Outline of proposed MV-DBiLSTM Classification Model

• We proposed the MV-DBiLSTM model for activity classification problems, in-
tegration of MobileNetV2, and Deep-BiLSTM to learn short-term dependencies
as well as long-term features sequentially.
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• We used MobileNetV2 for feature extraction, which significantly enriched inputs
that improve the model’s capability to recognize complex and dynamic patterns
for accurate human activity recognition.

• Our method uses Deep Bi-LSTM to refine extracted features and capture com-
plex temporal feature dependencies. This approach, processing data in both di-
rections, i.e., forward and backward, helps to classify dynamic human activities
while improving accuracy and recognition.

• The comprehensive experiments conducted to validate the efficacy of the pro-
posed model on HAR benchmark datasets: HDMB51, UCF Sport, JHMDB, and
one synthesized dataset. The results demonstrate its effectiveness and adaptabil-
ity across diverse HAR scenarios.

7.2 Proposed Methodology: MV-DBiLSTM

The proposed methodology introduces a novel ’Deep MobileNetV2 Bi-directional Long
Short Term Memory’ termed MV-DBiLSTM classification model which refines and
extracts the features from MobileNetV2, enhancing discrimination and capturing tem-
poral dependencies for dynamic human actions. It efficiently handles diverse im-
ages, addressing the challenges of high-dimensional pixel data. The outline of our
proposed MV-DBiLSTM classification model is illustrated in Figure 7.1, which inte-
grates the functionalities of MobileNetV2 for feature extraction and Deep Bi-LSTM to
capture spatial-temporal feature dependencies for dynamic activity recognition. Mo-
bileNetV2 efficiently handles dense connections and significantly boosts the model’s
performance. Its architecture permits capturing more effective feature extraction while
maintaining computational efficiency, making it well-suited for processing complex
visual data in HAR. Its strength lies in its ability to handle dense connections, enabling
effective communication between pixel values and neurons. We optimized features
using convolution, MaxPooling filter of 3*3, batch normalization, and dropout layers;
then the output is flattened into a one-dimensional format, enabling efficient process-
ing to follow through the dense layers. Relu and Softmax activation functions are
employed to boost the computational efficiency of the model for classification predic-
tions. Deep MV-Bi-LSTM refines hierarchical features extracted by MobileNetV2,
enhancing discriminative power and capturing sequential dependencies in activity se-
quences. Bi-LSTM effectively handles long-term temporal dependencies in both direc-
tions, adapting dynamically to variable contexts for robust performance across diverse
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situations. Configurable layer explorations and iterative fine-tuning further optimize
the model’s responsiveness to real-world discrepancies. Algorithm 1 summarizes the
step-by-step methodology of our study, providing a clear representation of each phase
involved in the proposed process. It includes pre-processing of video data, feature ex-
traction using MobileNetV2, classification through the Bi-LSTM model, training and
testing measures, and then final predictions.

In 1st step, we preprocess the input video data by converting each video sequen-
tially into video frames. Further, these are arranged into frame format to prepare the
data for further processing. We utilize a pre-trained model, i.e., MobileNetV2, in 2nd

step, which extracts the meaningful features from the preprocesses data frame. Mo-
bileNetV2 is specifically selected due to its ability to handle computational complexity
efficiently and use a multi-stage deep learning architecture, which enhances feature ex-
traction capabilities. After feature extraction, we employ the Deep BiLSTM model in
3rd step for refining the extracted features and performing the classification task. This
model helps capture temporal dependencies and improve human activity recognition
accuracy. The model is trained using robust tuning techniques in 4th step. We iterate
over multiple epochs during training and process the data in batches. Predictions from
these batches are aggregated for training and testing datasets, and the resultants are uti-
lized to compute the model’s accuracy score. After model’s get trained and validated,
the outputs are displayed in accuracy and other performance metrics, demonstrating
the model’s efficiency in 5th step. In the final step, we aid real-time testing by allowing
users to input video data. The model processes the input video and predicts the activity
being performed. The output is accessible by providing a user-friendly interface for
activity recognition.

7.2.1 MobileNetV2 for Feature Extraction

MobileNet [210] is a lightweight, efficient CNN model designed for mobile devices to
optimize both size and performance. It uses depthwise separable convolutions to de-
crease computational complexity, which splits the convolution process into two stages:
depthwise and pointwise. This makes MobileNet perfect for real-time image and video
recognition with limited computational resources, like mobile and embedded systems.
MobileNetV2 [211] is an innovative deep-learning architecture for efficient neural net-
work operations and builds on the original MobileNet by introducing several innova-
tions to enhance both performance and computational efficiency. Its flexibility sup-
ports users in regulating the size and dimensions of the network, making it adaptable
to various computational requirements. The enhanced design of MobileNetV2, incor-
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porating linear bottlenecks and skip connections, significantly improves computational
efficiency while preserving high accuracy.

Our framework replaced the softmax unit with the Bi-LSTM model for predictions.
In MobileNetV2 architecture, the centered residual blocks utilize depthwise and point-
wise convolutional layers, with the pointwise layer functioning as a projection layer to
reduce feature dimensions effectively. The architecture strikes stability amid compu-
tational efficiency and performance through linear bottlenecks and ReLU6 activations,
ensuring efficient operations without compromising representational capability. The
convolutional layer is unifying with a 3*3 layer, trailed by global average pooling
for aggregation, and classify the output through dense layers. This combination opti-
mizes the model for robust and efficient recognition tasks. MobileNetV2’s adaptability,
enabled by its customization width multiplier and resolution modifications, makes it
highly recommended for smart devices with limited computational power for real-time
applications. In our study, this model effectively extracted robust features from the dy-
namic human activity dataset, ensuring precise pattern recognition while maintaining
efficiency. This combination of flexibility and performance utility validates resource-
constrained environments requiring real-time processing.

7.2.2 Deep Bidirectional Long Short-Term Memory

Using only CNNs like MobileNetV2 for HAR may not fully capture temporal depen-
dencies in activity sequences. To overcome this, we combined LSTM, intended to
learn and retain information over time. RNNs are effective at capturing temporal in-
formation, but they struggle with long sequences due to exploding gradient problem.
This challenge can destabilize training and hinder performance over extended dura-
tions. To address the limitations of traditional RNNs, we employed the specialized
variant of LSTM, Deep Bi-LSTM [212], which is an extension of the Bi-LSTM model
[213, 214]. Deep BiLSTM enhances the learning process by in view of both forward
and backward temporal dependencies in sequences, making it more effective at captur-
ing complex temporal relationships. This bidirectional approach improves the model’s
performance in recognizing dynamic human activities, addressing the shortcomings of
standard LSTMs in handling long-term dependencies. Figure 7.2 depicts the outline
of Deep Bi-LSTM classification model, highlighting its capability to effectively pro-
cess and identify human activities. This model is the result of the traditional LSTM
architecture, which relies on three primary gates, namely, the input, forget, and output
gates, to adjust the flow of feature information.
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Algorithm 1 Transfer-Learning-Feature-Based Human Activity Recognition
1: Input-V : List of input videos
2: L: Ground truth labels for videos
3: Output:P : Predicted activity classes for input videos Step 1: Preprocessing
4: for each video v ∈ V do
5: S ← VideoToImageConversion(v)
6: Append S to PreprocessedV ideos
7: end for
8: Step 2: Feature Extraction
9: Load MobileNetV2 model:M ← loadModels(MobileNetV 2)

10: Extract features: V ideoFeatures←M(PreprocessedV ideos)

11: Step 3: Classification
12: Initialize Deep BiLSTM model: ClassModels← initialize(DeepBiLSTM)
13: Pass extracted features: PredictedClass← ClassModels(V ideoFeatures)

14: Step 4: Training
15: for NumEpochs do
16: Divide V ideoFeatures to training batches: Btrain

17: for each batch b do
18: Predict class: ŷ ← ClassModels(b)
19: Compute loss: Loss← Criterion(ŷ, L)
20: Update model: Loss.backward(),Optimizer.Step()
21: end for
22: end for
23: Step 5: Evaluation
24: Divide V ideoFeatures into testing batches: Btest

25: for each batch b do
26: Predict class: ytest ← ClassModels(b)
27: Evaluate performance: Performance← PerformanceMatrix(ytest, L)
28: end for
29: Step 6: Display Results
30: Print accuracy & performance metrics: print(”PerformanceMetrics :

”, P erformance) Step 7: Real-Time Testing
31: Record or input real-time video: TestV ideo← Recorded(V ideo)
32: Convert video to frames: TestFrames ←

VideoToImageConversion(TestV ideo)
33: Predict activity: PredictedActivity ← ClassModels(TestFrames)
34: Display result: print(”PredictedActivity : ”, P redictedActivity)
35: end

7.2.2.1 Bi-LSTM

Bi-LSTM overcomes the limitation of traditional LSTM by processing both past and
future sequences. It uses two hidden layers: the forward pass layer and the backward
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Fig. 7.2: Framework of Deep Bi-directional LSTM

pass layer. These two layers combine their output to generate a final prediction. The
forward hidden sequence

−→
h considers previous inputs, while the backward hidden

sequence
←−
h looks at future inputs. This bidirectional approach helps capture more

comprehensive temporal dependencies in sequential data. The final output is derived
by combining both forward and backward states y for grasping the long-range temporal
feature from frames time t = 1 to T , as follows:

−→
ht = σ

(
ω
x
−→
h
xt + ω−→

h
−→
h

−→
h t−1 + b−→

h

)
(7.1)

←−
ht = σ

(
ω
x
←−
h
xt + ω←−

h
←−
h

←−
h t+1 + b←−

h

)
(7.2)

yt = ω−→
h y

−→
h t + ω←−

h y

←−
h t + by (7.3)

where σ represents the activation function, ω is the weight matrices. b indicates the
bias terms. xt,

−→
ht ,
←−
ht indicates input and hidden states.
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7.2.2.2 Proposed Deep Bi-LSTM Sequence Model

The traditional Bi-LSTM network operates an input sequences in both directions- for-
ward and backward, which makes it fit for tasks that need context from both past
and future elements. We proposed a deep Bi-LSTM network that replaces the LSTM
cells to learn the temporal dynamics from multiple data streams. The Deep Bi-LSTM
processes distinct input sequences via hidden layer hn for each input vector xn. Un-
like a standard BiLSTM, which utilizes only two hidden layers, the proposed Deep
BiLSTM incorporates multiple hidden layers. The weight matrix ω is employed to
transform inputs from x-space to h-space. A single LSTM model is not optimal for
combining inputs from multiple independent sequences, as it struggles to establish a
unified subspace to effectively map heterogeneous input representations. Therefore,
for each nth stream (1 ≤ n ≤ N), the Deep BiLSTM takes the input sequence (nn =

{xn
1 , x

n
2 , x

n
3 , . . . , x

n
T}), and computes the hidden sequence (hn = {hn

1 , h
n
2 , h

n
3 , . . . , h

n
T}),

to predict the output y by iterating t = 1 to T . Their mathematical equations for the
hidden states and output are as follows:

hN
t = σ

(
ωN
xhNX

N
t + ωN

hhNh
N
t−1 + bNh

)
, (7.4)

h2
t = σ

(
ω2
xh2X2

t + ω2
hh2h2

t−1 + b2h
)
, (7.5)

h1
t = σ

(
ω1
xh1X1

t + ω1
hh1h1

t−1 + b1h
)
, (7.6)

yt =
N∑

n=1

ωhnyh
n
t + by. (7.7)

where N indicates a number of streams, which is used to capture the complex
spatiotemporal patterns of videos. Xn

t represents input features from the nth stream at
time t. hn

t is the hidden state of the nth stream at time t. σ acts as an activation function
applied to the weighted sum. ωn

xhn is the weight matrices for the input-to-hidden and
hidden-to-hidden layers, respectively. bnh is the bias weight assign for the nth stream.
yt: The final output at time t, which aggregates the contributions from all streams.

7.3 Dataset

The datasets used in this study for our experiments are HMDB51, JHMB, UCF Sports,
and one synthesized dataset. While numerous datasets are available, we selected them
because they present more significant challenges, requiring advanced techniques to
enhance recognition performance and effectively address their inherent complexities.
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7.3.1 HMDB51 Dataset

The dataset [151] comprises 6,849 clips, categorized in 51 distinct classes; each action
class contains a minimum of 101 clips. These action categories are further grouped
into broader types such as jump, smile, eat, kiss, etc. The original evaluation employs
on three different split training/testing. Every action class includes 70 video clips for
training and 30 for testing.

7.3.2 Joint Annotated Human Motion DataBase (JHMDB)

The dataset [215] consists of 960 video sequences comprising 21 different classes of
activities such as catch, clamp, hair brush, baseball, clap, swing, gunshot fire, etc. The
dataset have video and annotation for puppet flow per frame, puppet mask per frame,
joint positions per frame, action label per clip and meta label per clip.

7.3.3 UCF Sports Dataset

The dataset [216][217] has 150 video sequence clips at 720*480 resolution, featur-
ing sports activities like horse riding, golf, swings, driving, jumping, skateboarding,
weightlifting, etc. Sourced from outlets such as BBC and ESPN, the videos showcase
authentic actions from various perspectives and scenes.

7.3.4 Synthetic Dataset

We developed a synthesized human action dataset in the Delhi Technological Univer-
sity campus and for indoor in the Software Engineering laboratory; till now, out of
250, only 150 video clips have been synthesized. The video clips are recorded through
a camera of 12 Megapixels, 1.7µm with PDAF dual pixel and sensor-shift OIS at a
resolution of 480*640. Currently, it contains 6 activity classes of sports, i.e., Indoor
Sports, Outdoor Sports, Exercise, Yoga, Fight, and Dancing. Each class further has
many categories of the same type such as, plank, rafting, push-ups, barbell squat, run-
ning, basketball, boxing, table tennis, badminton, and balling etc. We have chosen 105
video clips as a random sample for training purposes, and the rest for testing.

7.4 Experimental Results and Discussion

We validated the proposed model through extensive experiments on challenging HAR
datasets. The outcomes demonstrated that the proposed model performs better than
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SOTA models in accuracy, with additional metrics also being reported. In the sub-
sequent sections, we summarize the training process and quantitative and qualitative
comparisons. Additionally, we conducted detailed ablation training on each dataset to
evaluate the model’s strengths and weaknesses comprehensively.

7.4.1 Implementation Setup and Evaluation Metrics

The experiment is executed in Python using Keras & TensorFlow. The experiments
are implemented over an AMD Ryzen7 NVIDIA GEFORCE RTX GPU, & RAM 132
GB. The process utilized ConvNet to extract CNN features, along with MobileNetV2,
and employed neural network dependencies for implementing Deep BiLSTM. The
extracted features are concatenated with a temporal dimension and input into Deep
BiLSTM for sequence learning. Subsequently, a shared LSTM layer with 16 units
is employed for feature fusion and to remove irrelevant noisy information, ensuring
dimensional consistency. Further, the filtered features then passed to a fully connected
layer. Overall, the model is trained on 150 epochs having batch size of 64 with learning
rate 0.0001. The proposed method’s performance is calculated over metrics such as
precision, recall, F1-score, and accuracy. The mathematical formulations are:

Accuracy =
TP + TN

TP + TN + FP + FN
(7.8)

Precision =
TP

TP + FP
(7.9)

Recall =
TP

TP + FN
(7.10)

F1-Score = 2 · Precision · Recall
Precision + Recall

(7.11)

where TP, TN, FP, and FN indicate the totality of true positives, true negatives,
false positives, and false negatives samples, respectively.

7.4.2 Experiments on HMDB51 Dataset

The proposed model is evaluated against SOTA methods on the HMDB51 dataset, as
shown in Table 7.1, which includes challenging action recognition tasks. The outcomes
indicate that the proposed model MV-Deep Bi-LSTM achieves the highest accuracy of
77.5242%, surpassing all other techniques.
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Table 7.1: Comparative Analysis with SOTA Methods on HMDB51 Dataset

Techniques Accuracy (%)

DD-Net [218] 68.01
Dilated CNN + BiLSTM + RB [164] 72.64
Two-stream LSTM [219] 73.20
STAD-ConvBi-LSTM [61] 69.54
MV DBi-LSTM (Proposed) 77.52

7.4.3 Experiments on UCF Sports Dataset

Table 7.2 shows the comparison of the proposed model against SOTA methods on UCF
Sports Dataset. The proposed method MV-DBiLSTM achieves the highest accuracy of
94.0052%, outperforming all other approaches.

Table 7.2: Comparative Analysis with SOTA Methods on UCF Sports Dataset

Techniques Accuracy (%)

Dilated CNN + BiLSTM + RB [164] 89.64
Two-stream LSTM [219] 89.20
STAD-ConvBi-LSTM [61] 92.12
MV DBi-LSTM (Proposed) 94.00

7.4.4 Experiments on JHMDB Dataset

Table 7.3 showcases a comparative analysis of the proposed model against SOTA
methods on JHMDB Dataset. Our proposed method achieves the highest accuracy
of 96.785%, significantly outperforming other approaches.

Table 7.3: Comparative Analysis with SOTA Methods on JHMDB Sports Dataset

Techniques Accuracy (%)

Hybrid Deep Neural Network [220] 88.28
DD-Net [218] 78.00
Two-stream LSTM [219] 92.70
STAD-ConvBi-LSTM [61] 90.01
MV DBi-LSTM (Proposed) 96.78
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7.4.5 Experiments on Synthesized Dataset

Table 7.4 showcases a comparative analysis of the proposed model against SOTA meth-
ods on Synthesized Dataset. The proposed method achieves the highest accuracy of
96.79%, significantly outperforming other approaches.

Table 7.4: Comparative Analysis with SOTA Methods on Synthesized Dataset

Techniques Accuracy (%)

Hybrid Deep Neural Network [221] 72.65
Two-stream LSTM [219] 88.24
STAD-ConvBi-LSTM [61] 92.89
MV DBi-LSTM (Proposed) 96.82

7.5 Summary

This work presents MV-DBiLSTM Classification Model that combines MobileNetV2
for spatial feature extraction and bi-directional LSTM for capturing temporal depen-
dencies in HAR from video data. The model integrates MobileNetV2, a lightweight
CNN, to extract meaningful spatial features from individual video frames. These fea-
tures are then passed to a Bi-LSTM network, which effectively captures temporal de-
pendencies in both forward and backward directions, enabling the model to learn con-
textual patterns across the full video sequence. A softmax activation function is em-
ployed for final classification, enhancing the model’s ability to assign accurate class
probabilities. The proposed approach was rigorously tested on three public bench-
mark datasets as well as a synthesized dataset. These results highlight the robustness,
generalizability, and efficiency of the MV-DBiLSTM model in handling complex and
dynamic human actions.
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Chapter 8

Conclusion, Future Scope and Social Impact

8.1 Conclusion

This thesis presented a comprehensive exploration of AR, focusing on the develop-
ment of robust, adaptive, & intelligent ML-DL based frameworks capable of handling
a wide range of challenges in real-world environments. Throughout this work, several
novel models were proposed to improve recognition performance under varying con-
ditions such as occlusion, dynamic motion, low-light visibility, and complex temporal
dependencies. The research began with a systematic review of SOTA for these systems,
highlighting the taxonomy of techniques, limitations in existing datasets, and evolution
of ML-DL architectures. This foundational analysis identified research gaps, particu-
larly in model generalizability, real-time applicability, and environmental adaptability.
The research presented in this thesis was guided by the four objectives outlined in Sec-
tion 1.8. The following points revisit each objective and summarize the key outcomes
achieved.

• Objective 1 focused on designing an effective framework for accurately detect-
ing and classifying human activities across diverse benchmark datasets. This
objective was successfully achieved through the development of multiple DL-
based architectures such as ConvST-LSTM-Net and STAD-ConvBi-LSTM. Ex-
perimental evaluation on multiple public datasets demonstrated strong classifi-
cation accuracy, validating the effectiveness of the proposed solutions.

• Objective 2 aimed to conduct a comprehensive evaluation of existing literature
& synthesized datasets to understand model behavior under controlled and per-
turbed environments. This objective was accomplished through an extensive
SLR and through empirical analysis across light, low-light, occlusion, and multi-
view conditions. The results provided insights into model stability, strengths,
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and limitations under different operational scenarios.

• Objective 3 involved developing a robust multi-level feature fusion approach
capable of handling partial occlusion. This objective was realized through the
MSPAST-GCN architecture, which integrates spatial–temporal graph features
with attention-based fusion. Experiments on synthesized occlusion datasets con-
firmed that the model effectively retains discriminative features even when sev-
eral key joints or body segments are occluded.

• Objective 4 aimed to design adaptive and dynamic models capable of perform-
ing reliably under variation in illumination, background clutter, occlusion, and
motion complexity. This was achieved through the integration of image enhance-
ment modules, illumination correction, and multi-stream processing pipelines.
This demonstrates how the combination of enhancement techniques and DETR-
based vision transformers significantly improves recognition performance in chal-
lenging environments.

Collectively, the thesis meets all four research objectives, demonstrating a coher-
ent progression from initial problem formulation to model development, experimen-
tation, analysis, and domain-specific conclusions. The results confirm that the pro-
posed methodologies are both technically sound and practically applicable to real-
world HAR scenarios.

8.2 Future Scope

The methods and models proposed in this thesis mark a significant impact in the field
of AR using ML-DL, particularly in capturing complex spatial-temporal dependencies
from human motion data. The integration of the proposed HAR models with mod-
ern LLM-based vision–language systems can create a powerful synergy that directly
contributes to social good. LLMs such as GPT-4V, CLIP, PaLI, and VideoGPT offer
high-level semantic reasoning, contextual understanding, natural-language explana-
tion, and decision support [222, 223, 224, 225]. When combined, HAR models can
provide reliable and structured visual representations that LLMs can interpret, explain,
and communicate in human-understandable formats. This mutual reinforcement opens
up impactful opportunities for social good: real-time fall detection and safety moni-
toring for the elderly, precise behavioral tracking in healthcare, improved surveillance
for public safety while maintaining transparency and ethical oversight, enhanced as-
sistance for visually impaired individuals using natural-language activity descriptions
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and intelligent disaster-response systems that can detect risky human behaviors and
generate context-aware warnings. In essence, the combination of robust HAR feature
extraction with the interpretability and reasoning capabilities of LLMs can lead to next-
generation human-centered AI systems that are not only technologically advanced but
also socially responsible, transparent, and accessible. The following key directions are
identified for future exploration:

• While the current models demonstrate strong recognition performance, they are
not yet optimized for real-time deployment on resource-constrained devices such
as surveillance cameras, mobile phones, or wearable sensors. Future work will
focus on designing lightweight, low-latency architectures that maintain high ac-
curacy while enabling seamless integration into real-world, real-time applica-
tions. Techniques such as model pruning, quantization, and hardware-specific
optimization (e.g., for GPUs, TPUs) will be explored.

• This thesis primarily utilized visual data i.e., RGB frames, skeleton keypoints
for AR. Future research will incorporate multimodal sensor fusion, including
audio signals, depth maps, IMU data, and thermal imaging, to improve model
robustness in complex scenarios such as low visibility, noisy backgrounds, or
occluded views. Combining modalities can enhance recognition accuracy and
reliability in real-world conditions.

• A major challenge in training accurate AR models is the need for large amounts
of labeled data. Future work will investigate self-supervised, semi-supervised,
and few-shot learning techniques, enabling models to learn effective representa-
tions with minimal human annotation. This will significantly improve the scala-
bility and adaptability of these systems across different domains and datasets.

• Current datasets often consist of scripted, clean activity sequences that do not
fully represent real-world variability. Future work will aim to develop diverse
and realistic HAR datasets with multiview setups, occlusions, spontaneous be-
haviors, and varying lighting or environmental conditions. These datasets will be
essential for benchmarking and improving the generalizability of next-generation
activity recognition systems.

• Building on the current framework, future research will extend the application
of activity recognition to other critical domains such as workplace safety, sports
performance analysis, elderly care, and emergency response systems. Quanti-
tative studies will assess the impact of AR systems in real-world applications,
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aiming to improve operational efficiency, safety, and decision-making in both
public and private sectors.

• Another important future direction is the development of lightweight, on-device
multimodal HAR–LLM systems optimized for edge and mobile environments.
Current LLMs are computationally intensive, making them unsuitable for real-
time deployment in surveillance cameras, IoT networks, elderly-care monitoring
systems, or smart homes. Future research can explore model compression, dis-
tillation, and hardware-aware optimization to integrate the proposed HAR archi-
tectures with compact vision–language models capable of running efficiently on
edge processors while maintaining high recognition accuracy and interpretabil-
ity.

• Finally, future work will explore unconventional computing techniques and emerg-
ing AI paradigms that may enhance the capabilities of AR systems. This includes
the potential use of quantum computing, neuromorphic hardware, or novel neu-
ral architectures to meet the growing demands of complex, real-time, and context-
aware activity recognition.

By addressing these directions, future research will not only extend the capabil-
ities of current activity recognition systems but also pave the way for smarter, more
responsive, and socially impactful technologies across a wide range of sectors.

8.3 Social Impact

The outcomes of this research carry significant and far-reaching implications across
diverse sectors that depend on intelligent behavior analysis and human activity under-
standing. From a societal perspective, the proposed activity recognition frameworks
contribute meaningfully to enhancing public safety, particularly in critical and high-
risk environments such as airports, metro stations, public gatherings, and transportation
hubs. By enabling early detection or recognition of abnormal or suspicious behaviors
such as loitering, aggression, or unauthorized access. These systems help prevent po-
tential security threats, reduce the burden on human operators, and facilitate faster,
more effective interventions. This directly supports the development of safer public
spaces and the advancement of smart city infrastructure. Beyond public safety, these
systems also promote comfort, efficiency, and inclusivity across multiple domains.

In healthcare, AR systems support elderly care, patient monitoring, and rehabilitation
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by recognizing critical events such as falls or prolonged inactivity in real time. This
improves patient safety, encourages independent living, and helps reduce long-term
healthcare costs through preventive monitoring in hospitals, clinics, and home-care set-
tings. In smart environments such as automated homes, intelligent offices, malls, and
adaptive learning spaces, these systems enable context-aware automation, adjusting
lighting, temperature, and security in response to detected human activity, thus enhanc-
ing both energy efficiency and user comfort. In education, gesture- and motion-based
interfaces powered by AR make digital learning more interactive and personalized, es-
pecially in virtual classrooms and e-learning platforms, boosting student engagement
and accessibility. In entertainment, these systems create responsive and immersive ex-
periences in AR/VR and gaming environments by adapting in real time to user move-
ments and behavior. AR also plays a crucial role in assistive technologies, promoting
social inclusivity by enabling individuals with physical or cognitive disabilities to in-
teract more independently with their surroundings. These systems support voice-free
control, motion-triggered actions, and adaptive interfaces, enhancing accessibility in
both digital and physical environments. In workplace safety, AR systems monitor
hazardous environments, detect unsafe behaviors, and issue alerts to help prevent acci-
dents, making industrial operations safer and more compliant. In sports and training,
these systems enable detailed analysis of posture, movement, and technique, helping
coaches and athletes improve performance and reduce injury risks through data-driven
insights. Within transportation systems, AR is used to monitor passenger behavior,
detect overcrowding, and identify emergencies, particularly in public transit, thereby
improving both service reliability and rider safety. In the context of disaster and emer-
gency response, AR technologies aid in real-time monitoring and tracking, helping
locate survivors, assess movement patterns, and coordinate effective rescue efforts.

Collectively, these applications demonstrate the transformative social potential of ac-
tivity recognition technologies to improve safety, efficiency, accessibility, and quality
of life in today’s increasingly connected and intelligent digital world.
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 A B S T R A C T

Human Activity Recognition has become significant research in computer vision. Real-time systems analyze 
the actions to endlessly monitor and recognize abnormal activities, thereby enlightening public security and 
surveillance measures in real-world. However, implementing these frameworks is a challenging task due 
to miscellaneous actions, complex patterns, fluctuating viewpoints or background cluttering. Recognizing 
abnormality in videos still needs exclusive focus for accurate prediction and computational efficiency. To 
address these challenges, this work introduced an efficient novel spatial–temporal attention-based deep 
convolutional bidirectional long short-term memory framework. Also, proposes a dual attentional convolutional 
neural network that combines CNN model, bidirectional-LSTM and spatial–temporal attention mechanism to 
extract human-centric prominent features in video-clips. The result of extensive experimental analysis exhibits 
that STAD-ConvBi-LSTM outperforms the state-of-the-art methods using five challenging datasets, namely 
UCF50, UCF101, YouTube-Action, HMDB51, Kinetics-600 and on our Synthesized Action dataset achieving 
notable accuracies of 98.8%, 98.1%, 81.2%, 97.4%, 88.2% and 96.7%, respectively.

1. Introduction

Human activity recognition (HAR) is often associated with the pro-
cedure of identifying and recognizing human activities or behavior or 
actions. It has become a significant research area because of its robust 
nature towards the active appearances of real-world situations such as 
diverse illumination conditions, background clutter, variable camera & 
its viewpoints, and variations in human body scale. An activity may be 
defined as the motion executed by a human, occurring over a relatively 
short period and involving multiple body parts [1]. HAR is an area that 
analyzes the hidden consecutive pattern of human activity and predicts 
its state of action, whether it is normal or abnormal, based on per-
ceptual situations, as in the video frames. In contrast to images, video 
contain more information. Still some challenges arise in videos due to 
camera movements, scaling variations, human posture and fluctuations 
in illumination conditions, significantly augmenting the complexity 
of activity recognition in video sequencing data [2–4]. Thus, for the 
retrieval of activities based on motion, lots of HAR applications are 
there, which may include video summarization [5], human–computer 
interaction [6], education [7], healthcare [8], surveillance [9,10] and 
sports [11]. In video datasets, a grouping of different human parts in 
motion is termed as human activity, likewise body+hand+ arms+legs+ 
face or a grouping of all body parts movements. For example, walking 
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encompasses quick movement of body joints with hands and legs; 
Likewise, picking up an object consists of to and fro movement of arms, 
etc. Formerly, the research based on abnormal detection of human 
patterns was entirely attentive to the activities performed by a single or 
multiple humans, including a single object, but in a controlled setting 
[12]. Currently, research emphasizes addressing more problems and 
authentic scenarios, which include occlusion & cluttered backgrounds, 
inter-intra variations, different viewpoints, etc. Based on the human 
patterns, the HAR methods are broadly categorized into three graded 
viz.: (i) handcrafted feature-based HAR [10,13–15], (ii) deep learning-
based HAR [16–21], and (iii) attention mechanism-based HAR [22–24] 
methods.

The handcrafted feature methods are the manual extraction of 
features by the engineers, explicitly designed for certain scenarios 
based on their perceptual complexity. Scale-Invariant Feature Trans-
form (SIFT) [25], Histograms of Oriented Gradients (HOG) [26], His-
togram of oriented gradients for 3D (HOG3D) [27], Local Binary Pat-
tern (LBP) [28], histogram optical flow (HOF) [29], Global Image Struc-
ture (GIST) [30], Gabor Filter (GF) [31], speeded-up robust feature 
(SURF) [32] descriptors are some examples. However, these methods 
could be more productive while addressing the long-term temporal 
feature dependencies for complex or multi-dependent scenario. Deep 

https://doi.org/10.1016/j.jvcir.2025.104465
Received 17 September 2024; Received in revised form 5 January 2025; Accepted 14 April 2025

J. Vis. Commun. Image R. 110 (2025) 104465 

Available online 28 April 2025 
1047-3203/© 2025 Elsevier Inc. All rights are reserved, including those for text and data mining, AI training, and similar technologies. 





                               MV-DBiLSTM: An Enhanced Human Activity Recognition for Smart Surveillance Systems Using a Deep BiLSTM

Framework

Ms. Roshni Singh



 

 

 

 

 

 

 

 

This is to certify that Prof. / Dr. / Mr. / Ms. Roshni singh is a presenter/co-author of the paper titled 

Activity Recognition in Dynamic Environments Using Image Enhancement and Vision 

Transformers with DETR in the 8th International Conference on Innovative Computing and 

Communication (ICICC-2025), organized by Shaheed Sukhdev College of Business Studies, 

University of Delhi, New Delhi, India in association with the National Institute of Technology Patna, 

India and the University of Valladolid, Spain on 14th-15th February 2025.

 





Author Biography

Roshni Singh
Research Scholar,
Department of Software & Engineering
Delhi Technological University, Delhi, India
Email: roshnisingh1815@gmail.com

Roshni Singh received her B.Tech. degree in Computer Science & Engineering

in 2013 from Punjab Technical University, Punjab. She has completed her Master of

Technology from Madan Mohan Malaviya University of Technology, Gorakhpur, U.P

in 2017. She is pursuing her PhD from Delhi Technological University, New Delhi,

India. She has 3 years of teaching experience and 2 years of Industrial Experience in

IBM Cloud. Her research interests include computer vision, image processing, pattern

recognition, and artificial intelligence.

188


	ACKNOWLEDGEMENTS
	CANDIDATE's DECLARATION
	CERTIFICATE BY THE SUPERVISOR(s)
	ABSTRACT
	LIST OF PUBLICATIONS
	TABLE OF CONTENTS
	LIST OF FIGURES
	LIST OF TABLES
	LIST OF ABBREVIATIONS
	INTRODUCTION
	Activity Recognition
	Pipeline Architecture for Activity Recognition
	Classification of Activity Recognition Approaches
	Handcrafted Features Based Approaches
	Space Time Based Approaches
	Appearance Based Approaches

	Deep Representation Based Approaches
	Generative Model Based Approaches
	Discriminative Models-Based Approaches

	Hybrid Representation Based Approaches

	Challenges in Activity Recognition
	Occlusion
	Viewpoint Variation
	Environmental Conditions
	Cluttered Background
	Inter-and Intra-Class Variability
	Temporal Ambiguity and Activity Overlap
	Real-Time Constraints and Computational Limitations
	Data Limitations and Annotation Complexity

	Motivation & Scope
	Research Gaps
	Problem Statement
	Research Objectives
	Major Contributions of the Thesis
	Organization of Thesis

	LITERATURE REVIEW
	Background
	Research Methodology
	Planning
	Research Questions (RQ)
	Search Strategy
	Proper Search Term

	Databases Sources

	Article Selection Process
	Databases and Search Terms Cast-off
	Inclusion and Exclusion Criteria
	Quality Assessment
	Data Extraction

	Key Observations with Analysis
	HAR System Architecture
	Application Areas
	Healthcare and Daily Assisted Living 
	Human-Computer Interaction (HCI)
	Sports and Fitness
	Surveillance and Security
	Smart Environments (Smart Homes, Smart Cities, IoT)
	Robotics and Industrial Applications


	Human Activity Recognition Datasets
	Result Analysis
	Statistical Analysis
	Analysis on Research Objectives (RQ1-RQ4)

	Discussion
	Summary

	ConvST-LSTM-Net: Convolutional Spatio-Temporal LSTM Networks for Skeleton based Human Action Recognition
	Introduction
	ConvST-LSTM-Net: The Proposed Methodology
	Keypoint Detection & Pre-processing
	Construction & Evaluation of Feature Vector: Geometric & Kinematic Features

	ConvST-LSTM: The Proposed Model
	Convolutional Neural Network Architecture
	Spatio-Temporal LSTM
	ConvST-LSTM-Net Architecture

	Experimental Results and Analysis
	Experiments on NTU RGB+D 60 Dataset
	Experiments on UT-Kinect Dataset
	Experiments on UP-Fall Detection Dataset
	Experiments on UCF101 Dataset
	Experiments on HMDB51 Dataset 
	Multimodal Analysis over Standard Performance Measures

	Summary

	STAD-ConvBi-LSTM: Spatio-Temporal Attention-based Deep Convolutional Bi-LSTM Framework for Abnormal Activity Recognition
	Introduction
	STAD-ConvBi-LSTM: The Proposed Methodology
	Component A: CNN Architecture Module
	Component B: Dual-Attention Module 
	Channel Attention
	Spatial-Temporal Attention (STA)

	Component C: Bi-LSTM 

	Experimental Results and Performances
	Datasets
	UCF50 Dataset
	UCF101 Dataset
	HMDB51 Dataset
	YouTube Action Dataset
	Kinetics-600 Dataset
	Synthesized Human Action Dataset

	Implementation Details
	Results Analysis
	Ablation Studies of the Proposed Framework with Baseline Methods
	Comparison with existing SOTA methods


	Summary

	Occluded Skeleton-Based Multi-Stream Model using Part-Aware Spatial-Temporal Graph Convolutional Network for Human Activity Recognition
	Introduction
	Proposed Methodology
	Problem Statement
	Feature Extraction for Input Inhibition Skeleton Sequences Module
	Part-Aware Spatial-Temporal Graph Convolution Module
	Predicated Score Inhibition Module
	Peak Input Inhibition
	Patch Input Inhibition

	Multi-Stream Graph Convolutional Networks (2-Stream and 3-Stream Variants)
	Loss Optimization Strategy

	Experimental Analysis
	Benchmark
	Unoccluded Dataset
	Occluded Synthesized Dataset

	Implementation Setup Details
	Network Details
	Experimental Setting

	Experimental Results
	Unoccluded HAR Dataset
	Occluded Synthesized Dataset 

	Ablation Studies
	Quantitative Analysis
	Qualitative Analysis: Visualizations of Key-Joint Activation

	Discussion

	Summary

	Activity Recognition in Dynamic Environments Using Image Enhancement and Vision Transformers with DETR
	Introduction
	Proposed Methodology
	Phase 1: Local pixel-level image enhancement
	Phase 2: Transformer Global Adjustment in Image
	Loss Function for Low-Light Image Enhancement 

	Experimentation and Results
	Setup Details and Datasets
	Quantitative Result Analysis
	Qualitative Result Analysis

	Summary

	MV-DBiLSTM: An Enhanced Human Activity Recognition for Smart Surveillance Systems Using a Deep BiLSTM Framework
	Introduction
	Proposed Methodology: MV-DBiLSTM 
	MobileNetV2 for Feature Extraction
	Deep Bidirectional Long Short-Term Memory
	Bi-LSTM
	Proposed Deep Bi-LSTM Sequence Model


	Dataset 
	HMDB51 Dataset 
	Joint Annotated Human Motion DataBase (JHMDB) 
	UCF Sports Dataset 
	Synthetic Dataset

	Experimental Results and Discussion 
	Implementation Setup and Evaluation Metrics 
	Experiments on HMDB51 Dataset
	Experiments on UCF Sports Dataset
	 Experiments on JHMDB Dataset 
	 Experiments on Synthesized Dataset 

	Summary

	Conclusion, Future Scope and Social Impact
	Conclusion
	Future Scope
	Social Impact

	References
	Appendices
	List of Prime Research Papers Selected in this SLR

	List of Publications
	Author Biography

