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Abstract

Human Action recognition is invovling the detection of 3d skeleton motion data
from real word scenerio to detect human activities. The recognition of activities
is affected due to the misinformed data i.e. occluded data where several parts of
human body get occlude due to the presence of multiple fators, like behind the
furniture, or self occlusion of body parts , in which camera has just captured the
one arm, one leg from a single camera point of view. So, to tackle this problem,
we have focused our research on the reconstruction of 3d human skeleton where
some body parts are missing. We have considerd eight occlusion cases, i.e. left
arm, right arm, left leg, right leg, left arm and left leg, right arm and right leg,
both arms and both legs. We have used a GAN model which consists of two
neural network i.e. Generator and Discriminator, in this regard, we have followed
an approach in which Generator is based on CRNN+BiLSTM and Discriminator
based on LSTM. We have firstly implemented this and results are get improved
very well. Afterthat, what we did, we also implemented Transformer as a Gen-
erator Network of our GAN Model and the results were improved more than the
CRNN-+BILSTM approach. So, our research work consists on these two mod-
els CRNN+BILSTM and Transformers as generator. Reconstruction of Human
skeleton from both approached are get the higher results than the benchmarked
results. After Reconstruction, we have implemented classification of activities
based on simple LSTM based classifier who’s function is to classify the activities
by providing reconstructed skeletons to it and we have classified the activities
such as walk, run, jogging, clapping etc. Overall, our proposed methodolgy have

increased the recognition of Human activities.
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Chapter 1

Introduction

1.1 Background

With the advancement in computer technology, it is considerable to recognize the
Human activities in advance as they plays a vital role in the real world scenario
for surveillance of any activities such as playing, walking, talking, looting, dacoity,
target killing people in public areas like parks, footpaths, commercial areas where
people enjoy, do shopping or engage with other people and also these activities

can be performed in late nights or in the non rushy areas.

Recognition of human activities also plays an important role in healthcare. For
example, the elder patients who live in their houses and there activities are being
monitor by sensors and if any abnormal behavior detected, it will reported to their
respective doctors. This helps in predicting health problems earlier and enables

doctors to provide more accurate treatment based on patients’ observed activities.

In HCI, our focus is on the design and use of computer technologies that facilitate
the effective interaction between humans and computer machines. In this context,
machines can be controlled or provided with input through hand gestures or brain
signals using mind-perceiving headsets, without the need for physical devices or
touch. In the sports domain, recognition of players’ activities is helpful for coaches

in training, and circumstances that may lead to injury can be identified in advance.
1



Introduction 2

In robotics, human activity recognition is also useful because of the reason as
robots can respond by perceiving human gestures and can participate in activities

where both humans and robots are involved.

3D skeletal data [1] is highly effective in recognizing human activities because it
captures both the spatial and temporal dynamics of human movement and provide
a robust and precise movement of human actions. The human activities may
involved such as walking, running, sitting, standing, eating, reading, or playing

sports.

In real-world scenarios, occlusion of body parts (such as limbs, arms, forearms,
and legs) is a major challenge when obtaining 3D skeletal data from cameras
which installed in the desired locations where human activities are proposed to
be detected such as parks, shopping areas, office buildings, hospitals, or roads.
Occlusion of skeletal parts significantly affects the recognition of human activities

and may result in misclassification.

1.2 Human Activity Recognition Approaches

We have mainly two approaches for Human Activity recognition, and the details

are given below and also shown in Figure 1.1.

1.2.1 Sensor-based

1. Data Source: Wearable sensors (accelerometer, gyroscope, magnetometer,

smartwatches, smartphones, IMUs).
2. Advantages:

(a) Works in any environment (indoor/outdoor, day/night).
(b) Privacy-preserving (no images,/videos recorded).

(¢) Low computational cost and power consumption.
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(d) Less affected by background noise or lighting.
3. Limitations:

(a) Requires users to wear or carry devices.
(b) Limited context (no scene understanding).

(c) Sensor placement and orientation can affect accuracy.

1.2.2 Camera-based

1. Data Source: Video/RGB images, depth images, infrared, or skeleton joints

extracted from cameras (RGB-D, Kinect, etc.).

2. Advantages:

(a) Rich contextual information (background, interactions, body pose).
(b) Non-intrusive (no wearable needed).

(¢) Advanced methods (CNNs, Transformers) achieve high accuracy.

3. Limitations:

(a) Sensitive to lighting, occlusion, and camera angle.
(b) High computation and storage requirements.
(c) Privacy concerns (video recording).

(d) Limited in outdoor/large-scale environments.

1.3 Occlusion

Occlusion refers to the absence of joints or body parts that are concealed for various
reasons. For example, when recording human activity, self-occlusion, furniture
placed in front of the subject, or obstacles behind which the subject passes may

cause certain body parts to become invisible. This can be observed in Figure 1.2.
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FIGURE 1.3: Occlusion - Classification of HAR

Occlusion affects the classification of activities. It is nearly impossible to recognize
which activity is being performed when body parts are missing. Specific activities
depend on specific body parts such as clapping depends on the hands. If the hands
are occluded, the activity may not be recognized or may be misclassified. However,
if other body parts such as the legs are occluded but the hands are visible, clapping
can still be correctly recognized. This is illustrated in Figure 1.3, which shows how

occlusion affects the classification of activities.

1.4 Problem Statement

In considering the advantages of Human Activity Recognition (HAR), a major
problem that can affect the recognition of human activities is the occlusion of

body parts, such as missing arms, hands, forearms, legs, feet, or other joints.

Occluded skeleton data can lead to misjudgment in human activity recognition.
Occlusion significantly effect the recognition of human activities like missing of
body parts (e.g., arms, legs, or other joints) distort the input data and it reduces

the classification accuracy of human activities.
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Since 3D skeleton data plays an important role in identifying human behaviors
during activity performance, many researchers in the past have proposed solu-
tions using various deep learning models, mainly CNNs and RNNs, as well as
appearance-based template matching paradigms such as MHI, DMHI (Directional
Motion History Image), MMHI, and HMHH (Hierarchical Motion History His-

togram).

To address the problem of body-part occlusion, this research aims to reconstruct
the missing skeleton joints or body parts using Generative Adversarial Networks
(GANS), which consist of two deep neural networks: a Generator and a Discrimi-

nator. In this study, we utilize the publicly available UT Kinect 3D dataset.

1.5 Research Objectives

1. Reconstruction of partially occluded skeletons into complete 3D skeletons

for improved HAR performance.

2. Addressing the problem of occlusion by formulating the reconstruction of

missing skeletal data as a Generative Adversarial Network (GAN) task.

3. Evaluating the effectiveness of the proposed GAN-based skeleton reconstruc-
tion approach using publicly available datasets under various occlusion sce-

narios.

1.6 Motivation

In the presence of occluded body parts, recognition of human activities becomes
a challenging task, as missing body parts affect the classification of activities.
Therefore, we are strongly motivated by the idea that reconstructing the missing

body parts can enhance human activity recognition.

The primary motivation of this research is to develop an effective method for re-

constructing missing skeletal data caused by occlusion and to improve the accuracy
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of activity recognition from occluded skeleton sequences. This will contribute to
enhancing the performance of HAR systems in environments where occlusion is

inevitable.

1.7 Research Purpose

In the real world Environment, recognition of human activities is become more
challenging task when partial occlusion occurs due to factors like self-occlusion
in which a human body part is occluded by its own body part, someone comes
in front of a targeted individual, due to furniture like human behind table, desk,

chair etc.

To solve this problem, researchers have tackled this problem by implementing
digital image processing models MHI, DMHI (Directional Motion History Image),
MMHI, HMHH (Hierarchical Motion History Histogram), deep learning models
like CNN, RNN etc. [7]

This research going to solve this problem of partially occluded skeleton by re-
constructing the skeleton using the novel approach i.e. Generative Adversarial
Networks. After that we will be able to recognize the human activities from the

reconstructed skeleton which is generated by providing partially occluded data.

1.8 Proposed Methodology

e Generator: A Convolutional Recurrent Neural Network (CRNN) and Trans-
former act as the generator at a single time each. Its task is formulated as a
regression problem, aiming to reconstruct the complete 3D skeleton sequence
given an occluded sequence. The input to the CRNN/Transformer is the raw
3D joint positions with the occluded joints removed, and the output is the
reconstructed skeleton. The CRNN includes a BiLSTM layer to capture
the temporal information in the skeletal data, while the Transformer uti-

lizes self-attention mechanisms to model long-range dependencies across the
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temporal sequences more effectively. Both DL architectures are designed
to learn spatio-temporal correlations among joints across frames of skele-
ton sequences, but the Transformer outperforms in capturing global context
without recurrence, which makes it particularly more effective in reconstruct-
ing complex spatio-temporal motion patterns. The generated 3D skeleton
output from both generators separately is then passed to the Discrimina-
tor, which evaluates it against real (non-occluded) skeleton sequences and
thereby improves reconstruction quality through adversarial learning. The

proposed architecture from [1] can be seen in Figure 1.4.

e Discriminator: Long Short-Term Memory (LSTM) network is used as the
discriminator. It takes as input both real (non-occluded) and generated (re-
constructed) skeleton sequences and learns to distinguish between them. The
discriminator’s loss is a sigmoid cross-entropy loss of the real and generated

sequences.

e Training: A separate GAN (generator and discriminator pair) is trained
for each specific case of partial occlusion (e.g., left arm occluded, both legs
occluded). The GAN objective function adopted is based on the Pix2Pix
GAN framework, combining a conditional GAN loss with an L1 loss to ensure

the generated skeleton is close to the real one.

e (Classification: After training the GAN, during the evaluation phase, an oc-
cluded activity sample is fed into the trained generator (CRNN /Transformer)
corresponding to that specific occlusion pattern to reconstruct the missing
skeletal data. The reconstructed skeleton sequence is then passed to a sepa-
rate LSTM classifier (trained exclusively on non-occluded data) to recognize
the performed activity. Different classifier architectures (with one or three
inputs depending on the number of camera viewpoints in the dataset) are

used, featuring LSTM and dense layers.

e Evaluation: The proposed approach is evaluated on one publicly available

3D skeleton dataset (UTKinect-Action3D) by manually simulating different
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FIGURE 1.4: Model Architecture

partial occlusion scenarios. The performance is compared against a base-
line (LSTM trained and evaluated on non-occluded data), a reference case
(LSTM trained on non-occluded, evaluated on occluded), a regression-based
reconstruction method from previous work, and an augmentation approach
using artificially occluded samples. Weighted accuracy, per-class accuracy,

and Fl-scores are used as evaluation metrics.

1.9 Thesis Organization

There will be five chapters in the thesis which are given below;

e Introduction: This chapter consists of the background, Problem statement,
Research Objectives, Research purposes, proposed methodology, thesis or-

ganization and contribution.
e Literature Review: Details of the relevant literature (online / offline).
e Proposed Methodology: Proposed Methodology of DLL models etc.
e Results and Disscusions: Reconstructed and classification results.

e Conclusion and Future work: Future enhancements.



Introduction 10

1.10 Contribution

The contribution of our work is;

e Improving Results for a Single-Camera Viewpoint Dataset

e Two models were implemented i.e. a Transformer-Based GAN and CRNN
+ BiLLSTM Based GAN.

e Improved results over the previous CRNN-based GAN in occluded cases.
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Literature Review

2.1 Introduction

Human Activity Recognition (HAR) has become a crucial research domain due to
its wide range of applications, including healthcare, surveillance, human-computer
interaction, and sports analysis. With the availability of RGB, depth, and skele-
ton data, researchers have explored both traditional and deep learning-based tech-
niques to recognize human actions. Among these modalities, skeleton-based HAR
has gained significant attention, as skeleton data provides compact yet informative
representations of human motion that are less sensitive to variations in appearance,

background, and illumination.

Despite these advantages, skeleton-based HAR faces a major challenge: occlu-
sion. In real-world scenarios, parts of the human body are often occluded due
to self-occlusion, interaction with objects, or other environmental factors. Such
occlusions degrade recognition performance, as models typically assume complete
skeleton availability. Therefore, various methods have been proposed to recon-
struct or compensate for missing skeleton joints, ranging from regression-based
models to more advanced Generative Adversarial Networks (GANs). This chapter

reviews the literature in this field, focusing on approaches that address occlusion
11
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and skeleton reconstruction, and highlighting how these methods contribute to

advancing HAR.

2.2 GAN-based Skeleton Reconstruction under

Occlusion

The first notable work on handling skeleton occlusion through GANs was intro-
duced in [1]. This study proposed a novel GAN framework specifically for recon-
structing occluded skeleton data to improve HAR performance. The architecture
consisted of a CRNN-based generator and an LSTM-based discriminator. The
generator was responsible for reconstructing missing skeleton joints from partially
occluded sequences, while the discriminator evaluated the realism of the recon-
structed skeletons. Experiments conducted on multiple benchmark datasets, in-
cluding PKU-MMD, NTU-RGB+D, SYSU-3D-HOI, and UTKinect, demonstrated
that the proposed GAN framework significantly outperformed regression-based ap-
proaches. The method achieved improvements in weighted accuracy ranging from
2.2% to 37.5% under different occlusion scenarios. This contribution was pivotal,
as it was the first attempt to leverage adversarial learning for skeleton reconstruc-
tion. However, the study also suggested future directions, such as applying Trans-
formers for better long-range dependency modeling and validating the approach

in real-world scenarios.

2.3 Occlusion Challenges in HAR

Another important study investigated the effects of occlusion on skeleton-based
HAR using CNN models [2]. The authors analyzed how recognition accuracy var-
ied depending on which body parts were occluded. They found that occlusion of
the arms had a more severe impact compared to occlusion of the legs. The ex-
periments, conducted on PKU-MMD and NTU-RGB+D datasets, showed a clear

degradation in performance under occlusion conditions. This work highlighted
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the necessity of training models that can tolerate partial occlusion, rather than
assuming complete skeleton sequences. Although the study did not propose a re-
construction method, it provided valuable insights into how occlusion influences

HAR and motivated subsequent research in occlusion-robust modeling.

2.4 Regression approaches for Skeleton Recon-

struction

Regression-based methods represent an earlier line of research for skeleton recon-
struction under occlusion. One such study proposed a CRNN-based regression

framework that directly predicted missing skeleton joints from available ones [3].

By leveraging temporal dependencies in sequences, the model attempted to re-
cover occluded joints and improve downstream recognition. This regression-based
approach marked the first attempt to address skeleton reconstruction under occlu-
sion without adversarial learning. Although it demonstrated improvements over
naive imputation, it suffered from limited realism, especially when large portions
of the skeleton were missing. This limitation motivated the transition toward
GAN-based frameworks, which could generate more realistic and coherent skele-

ton reconstructions.

2.5 Survey and Reviews on RGB-D based HAR

A comprehensive survey of RGB-D based HAR methods was presented in [4].
The authors systematically categorized approaches into RGB-based, depth-based,
skeleton-based, and hybrid RGB-D based methods. For skeleton-based HAR, they
further classified techniques according to the underlying models, including CNNs,

RNNs, and hybrid architectures.
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This review paper also summarized the challenges associated with different modal-
ities, such as viewpoint variations, occlusions, and scalability to real-world applica-
tions. While not focused exclusively on occlusion, the survey provided an essential
taxonomy of existing approaches and positioned occlusion handling as a critical

future research direction.

2.6 Skeleton Encoding Approaches using CNNs

Several studies have focused on encoding skeleton data into image-like represen-
tations to exploit the powerful feature extraction capabilities of CNNs. These
methods have achieved state-of-the-art results in HAR tasks, though their perfor-

mance under occlusion remains a challenge.

2.6.1 Joint Trajectory Maps

In [5], skeleton sequences were encoded into Joint Trajectory Maps (JTMs), which
transformed spatio-temporal information of joints into 2D representations. These
JTMs were then fed into ConvNet classifiers. The approach demonstrated that
encoding temporal dynamics into image-like structures allowed CNNs to capture
discriminative features more effectively. However, the method assumed complete
skeleton sequences and was not explicitly designed to handle missing joints due to

occlusion.

2.6.2 Skeleton Optical Spectra

The Skeleton Optical Spectra (SOS) representation, introduced in [6], converted
skeleton data into spectral images that encode both spatial and temporal dynam-
ics. The CNN-based model trained on these images achieved accuracies above
94% on datasets such as MSRC-12, G3D, and UTD-MHAD. Despite its high per-
formance, the method struggled with action pairs that involved subtle differences,

and it lacked robustness under occlusion scenarios.
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2.6.3 Joint Distance Maps

In [7], the authors proposed Joint Distance Maps (JDMs), which encoded pairwise
distances between skeleton joints into image matrices. These were then processed
by CNNs to recognize activities. The method demonstrated state-of-the-art per-
formance on NTU-RGB+D and UTD-MHAD datasets and was shown to be ro-
bust against viewpoint variations. However, like other CNN encoding approaches,
JDMs relied on full skeleton availability and were not inherently robust to occlu-

sion.

2.6.4 Spectral Image Transformations

Another approach introduced Discrete Spectrum Transformations (DST) com-
bined with CNNs to address viewpoint invariance [8]. By applying geometric
rotation preprocessing, the method enhanced robustness to viewpoint changes
and significantly improved cross-view recognition accuracy. Although effective for
viewpoint variation, the method did not explicitly address occlusion and assumed

complete skeleton sequences as input.

2.6.5 Skeleton Sequence to Image Transformation

In [9], a simple yet effective skeleton-to-image transformation was introduced,
where entire skeleton sequences were converted into image representations and
processed using CNNs. This end-to-end framework achieved remarkable results,
including 100% accuracy on the Berkeley MHAD dataset and over 91% F1-score
on Chal.earn. Despite its simplicity and effectiveness, the method was designed
for complete data and did not incorporate mechanisms to reconstruct or infer

occluded joints.
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2.7 Models for Occlusion and Skeleton Recon-

struction

Different models have contributed to the problem of skeleton occlusion and recon-

struction in distinct ways:

e CNNs: Widely used to encode skeleton sequences into image-like represen-
tations (e.g., JTM, SOS, JDM). They excel at spatial feature extraction
and action classification but assume complete skeleton availability. As such,
CNNs are not robust against occlusion without additional reconstruction

mechanisms.

e CRNNs: By combining CNN-based spatial encoding with RNN-based tem-
poral modeling, CRNNs capture both joint relationships and sequential dy-
namics. They have been applied in regression-based skeleton reconstruc-
tion and as GAN generators, where they help predict or reconstruct missing

joints.

e GANs: Introduced as the first adversarial learning framework for skeleton
reconstruction under occlusion. The CRNN generator reconstructs missing
joints, while the LSTM discriminator ensures temporal and structural re-
alism. GANs significantly outperform regression methods in reconstructing

realistic skeleton sequences.

e Regression Approaches: Represent early attempts to reconstruct missing
skeleton data. While regression with CRNNs improved recognition perfor-
mance, these approaches lacked the ability to generate realistic or diverse

reconstructions, limiting their robustness under severe occlusion.

e Transformers: Recently emerging as powerful alternatives due to their ability
to capture long-range dependencies across joints and frames. Transformers
hold promise for handling complex occlusion scenarios more effectively than
CRNNSs, although their application to skeleton reconstruction is still in its

infancy.
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e LSTM Models: Frequently employed in skeleton-based HAR for temporal
modeling. In reconstruction tasks, LSTMs are often used as discriminators in
GAN frameworks, assessing the coherence and realism of generated skeleton

sequences.

2.8 Summary and Research Gap

The reviewed literature highlights the significant progress made in skeleton-based
HAR, as well as the limitations that remain in addressing occlusion. CNN-based
methods, such as JTM, SOS, JDM, and sequence-to-image transformations, have
demonstrated excellent performance when complete skeleton data is available.
However, these methods are highly sensitive to missing joints, as they rely on

dense spatial encodings that assume full-body information.

Regression-based approaches marked an important step forward, as they attempted
to predict missing joints using CRNNs. While effective to some extent, these
models lacked the ability to produce realistic reconstructions under severe occlu-
sion. The introduction of GANs addressed this limitation by leveraging adversarial
training to reconstruct skeletons that were not only accurate but also realistic and
temporally coherent. Experimental results demonstrated significant improvements
over regression, establishing GANs as a promising framework for skeleton recon-

struction.

Despite these advancements, several gaps remain. Current GAN approaches are
limited to controlled datasets and have not been extensively validated in real-world
environments where occlusion patterns are more dynamic and unpredictable. Fur-
thermore, while CRNNs have proven effective, they struggle with long-range de-
pendencies. This opens an opportunity for Transformer models, which are better
suited for capturing complex temporal relationships and may offer superior per-
formance in skeleton reconstruction under occlusion. Additionally, most existing

studies focus on partial occlusion of isolated joints; future work should consider
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more complex occlusions caused by human-object interactions and multi-person

scenarios.

These gaps directly motivate the focus of this thesis, which aims to explore ad-

vanced GAN and Transformer-based frameworks for robust skeleton reconstruc-

tion and HAR under occlusion.

By addressing these challenges, the proposed

work seeks to bridge the gap between controlled experimental setups and real-

world applicability, ultimately improving the robustness and generalizability of

HAR systems.

2.9 Comparison of Reviewed Studies

In this section, we have reviewed the literature and disscuss the literature details

in the given Table 2.1 and dataset details which are used in all over the literature

can be seen in the Table 2.2.

TABLE 2.1: Summary of Related Works on Human Activity Recognition and
Occlusion Handling

Ref Authors  Technique / Remarks Limitations
/ Year Dataset
[1]  Vernikos GAN/ PKU- Handles  partial Requires separate
&  Spyrou  MMD, NTU- occlusion recon- GAN training for
(2025) RGB+D, struction using each occlusion
SYSU-3D-HOI, GANSs; significant type; two body
UTKinect- accuracy gain parts, lacks real-
Action3D time adaptability
[2]  Giannakos, PKU-MMD, Highlights severe Only uses manu-
Spyrou, NTU-RGB+D  accuracy loss due ally simulated oc-
Mylonas to occlusion be- clusions
(2021) cause it affects the

HAR performance
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Table 2.1 (continued)

Ref Authors  Technique / Remarks Limitations
/ Year Dataset
[3]  YangLi, LSTM, GRU High ensemble related to HAR or
YiPan on financial model for forecast- occlusion research
(2021) platforms ing and not more than
one part occlusion
[4]  Wangetal. CNN, RNN Categorizes deep specific focus on
(2018) Survey / RGB- learning HAR occlusion or skele-
D modalities techniques ton reconstruction
[b]  Wang et Joint Trajec- Real-time Struggles with
al.(2016) tory Maps/ ConvNet-based viewpoint  sensi-
MSRC-12, HAR using 2D tivity and visually
G3D,UTD- skeleton images similar actions
MHAD
[6) Hou et al. Skeleton Op- Encodes skeleton Fails to distinguish
(2018) tical Spec- motion into color similar-looking
tra (SOS) / texture images for actions; encod-
MSRC-12, CNNs ing choices affect
G3D, UTD- results
MHAD
7 Wangetal. Joint Distance Encodes pairwise Performance drops
(2017) Maps (JDM) / joint distances for for similar joint-
NTU RGB+D, robust CNN-based distance actions
UTD-MHAD recognition
8]  Mathe et 3D skeleton Uses spectral do- Performance de-
al. (2020) — DFT- main transforma- pends on view
transformed tions and geomet- alignment ann
images / PKU- ric pre-processing  rotation changes,
MMD (ADLs) not tested under

real occlusion
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Table 2.1 (continued)

Ref Authors  Technique / Remarks Limitations
/ Year Dataset
9] Li et al. Skeleton Trans- Introduces trans- Assumes full skele-
(2016) former CNN / former module for ton input; lim-
NTU RGB+D, focusing on key ited occlusion ro-
PKU-MMD joints bustness
[10] Kwon, T., Context-aware Preserves spatial- CASA suffers from
Tekin, B sequence align- temporal info errors due to re-
(2022) ment using by converting liance on pose esti-
4D skeletal sequence to image mators

augmentation

TABLE 2.2: Summary of Datasets Used in Skeleton-based Human Activity

Recognition
Dataset Type Modalities Viewpoints Classes Notes
PKU- Multi- RGB, 3 views 51 Used in occlu-
MMD view, Depth, IR, sion and ADL-
Large-  Skeleton focused studies;
scale Kinect V2 sensor
used
NTU Multi-  RGB, 3 views 60 Benchmark
RGB+D view, Depth, IR, dataset, cross-
Large-  Skeleton subject and
scale cross-view splits
widely used
SYSU- Single-  Skeleton Single view 12 Focused on
3D-HOI  view human-object

Interaction
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Table 2.2 (continued)
Dataset Type Modalities Viewpoints Classes Notes
UTKinect- Single-  Skeleton Single view 10 Compact
Action3D view dataset; used
for basic mo-
tion and action
classification
MSRC-  Single-  Skeleton Single view 12 Gesture dataset
12 view captured  with
Kinect Kinect V1; good
for testing CNN
encodings
G3D Single-  Skeleton Single view 20 Contains gaming
view actions; used for
JTMs and SOS
studies
UTD- Single- RGB, Single view 27 Multi-modal
MHAD  view Depth, dataset; CNN
Inertial, encodings  like
Skeleton SOS, JDM used
here
Berkeley Multi-  Video, Au- Multi- 11 Used in CNN-
MHAD  modal  dio, Skele- sensor setup based  end-to-
ton end recognition

models




Chapter 3

Proposed Methodology

3.1 Overview of the Proposed Framework

The proposed architectures are designed to reconstruct complete 3D human skele-
ton sequences from partially occluded data by leveraging Generative Adversarial
Networks (GANs). In GANS, there two neural networks, one is named as a Gener-
ator, in this we have used CRNN+ BiLSTM and Transformers models separately.
While second one is the discriminator which is based on LSTM and is the same in
both. The reconstructed sequences are later utilized for human behavior activities

recognition. The framework comprises three primary components:

(i) Data preprocessing and occlusion simulation to prepare and simulate real-

world data challenges.

(ii) Two GAN-based (CRNN, Transformer) skeleton reconstruction models were
used to restore missing joint data. Model Diagram can be observed in Figure

3.1.

(iii) A behavior classification model to identify performed actions from recon-

structed sequences. As shown in Figure 3.2.
22
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F1Gure 3.2: Methodology Block Diagram

Each component addresses a specific aspect of the problem, from handling noisy
or incomplete skeleton data to learning spatio-temporal dependencies for robust

action recognition.

The process begins with the extraction and formatting of the skeleton sequences to
obtain a consistent representation. Various occlusion types, such as self-occlusion
or sensor dropout, are simulated to emulate real-world scenarios. A conditional
GAN architecture is employed to reconstruct missing joint data by learning tem-
poral patterns from non-occluded training sequences. Finally, the reconstructed
sequences are fed into a temporal classifier to detect and classify the performed ac-
tions accurately. The reconstruction of skeleton from GAN model can be observed
in Figure 3.1 and overall process from occluded skeleton to the classification of

activities can be observed in Figure 3.2.
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F1GURE 3.3: RGB Images of Dataset

TAT P

FIGURE 3.4: 3d Skeleton Dataset

3.2 Dataset Details

We have used UTKInect 3d dataset which is publicly available. This dataset
consists of 10 actions and the type of data was RGB images as shown in Figure

3.3, Depth Images and 3d Skeleton joints indices values as shown in Figure 3.4.
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3.3 Data Preprocessing

Skeletal data consist of 3D coordinates (x, y, z) for 20 joints captured in sequential
frames. Each frame is represented as a 61-dimensional vector, where the first value
denotes the frame number, and the remaining 60 values correspond to the (x, v,
z) coordinates of the 20 joints. The preprocessing pipeline includes the following

steps:

e Normalization: Joint coordinates are scaled using min-max normalization to

ensure uniformity across different sequences and subjects.

e Sequence Formatting: Sequences are padded or interpolated to a fixed max-
imum duration, denoted as Tm, to maintain consistent input dimensions for

the model.
e Occlusion Simulation: Specific joints are manually occluded through:

— Zeroing out their coordinates to simulate complete data loss.

— Introducing noise or masking to mimic realistic occlusion scenarios.

e Occlusion Cases: To test robustness, eight occlusion scenarios are simulated,
I have given multiple figures which are representing the occlusion cases in-

volving different activities. All are shown in Figures 3.5 to 3.8:

— Single-limb occlusions: left arm, right arm, left leg, right leg

— Multi-limb occlusions: both arms, both legs, left arm + leg, right arm
+ leg

For each case, the corresponding occluded and real sequences are loaded,

interpolated, and reshaped before training.
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FI1GURE 3.6: Occluded Case- Dancing

3.4 Proposed Generator Models

The proposed approach included two generetor models for skeleton reconstruc-
tion of occluded skeleton sequences. In the first method, Generator of GAN
Model is based on CRNN for reconstructing partially occluded 3D human skele-
ton sequences. The architecture incorporates a CRNN-based generator and a
Transformer-inspired discriminator trained with a multi-component loss function

to generate realistic and temporally consistent skeleton reconstructions.
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All Occlusions for joints_s06_e02 (Frame 154)

F1Gure 3.7: Occluded Case- Walking

All Occlusions for joints_s07_e02 (Frame 452)
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F1GURE 3.8: Occluded Case- Hugging

3.4.1 CRNN Based GAN Framework

The proposed GAN architecture consists of the following key components and can

be seen in Figure 3.9.

e CRNN-based Generator: Reconstructs the full skeleton from the occluded

sequemnce.

e LSTM based Discriminator: Differentiates between real and generated skele-

tons.
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e Composite Loss Function: Enforces anatomical correctness, temporal smooth-

ness, and reconstruction fidelity.

Each model is trained per occlusion case (e.g., missing left arm, right leg), allowing

the generator to specialize in handling specific types of occlusions.

3.4.2 Generator Architecture

The generator follows a Convolutional Recurrent Neural Network (CRNN) design.

The input to the generator is a 3D skeleton sequences in which each sequence has

an input of 61 float values where first one is the frame number and remaining 60

are built up with 20 joints consists of 3d x, y, z coordinates to represent skeleton

joints indices in 3d spatial dimensions (x, y, z) and tensor of shape (Tm, J, 3),

where Tm = 30. The architecture includes:

e Time Distributed Flattening: Applies flattening per time step.

e Two 1D Convolutional Layers: Extracts temporal features with kernel size

3 and Leaky ReLU activation.
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FIGURE 3.10: CRNN Model

e Bidirectional LSTM: Models forward and backward temporal dependencies
using 256 hidden units.

e Time Distributed Dense: Projects outputs back to (J x 3) coordinates per

frame.

e Reshaping Layer: Converts output back to (7}, J,3).

Here, the detailed architecture of CRNN model can be observed in Figure 3.10.

3.4.3 Discriminator Architecture

The discriminator is designed to evaluate the realism of the generated skeleton
compared to the ground truth. Its design can be observed in the Figure 3.10.
e Dual Input Layers: Receives both the real and generated skeleton sequences.

e Flattening and Concatenation: Flattens and merges the real and generated

sequences.

e Fully Connected Layers: Uses dense layers with ReLLU activation and dropout

for regularization.

e Output Layer: A sigmoid activation function outputs the probability that

the generated sequence is real.
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3.4.4 Loss Function Design

In the proposed CRNN-based GAN architecture, the generator is trained using a
composite loss function that incorporates multiple components to enforce spatial
consistency, temporal coherence, and adversarial realism. These loss functions
guide the generator to reconstruct occluded skeleton sequences that are not only

numerically accurate, but also anatomically plausible and temporally smooth.

3.4.4.1 Adversarial Loss
To align with the GAN framework, an adversarial loss is incorporated to ensure
the generator produces outputs indistinguishable from real data. The binary cross-

entropy loss is used between the discriminator’s prediction and the ground-truth

label (real = 1):

Ladv = By, Yeen) [ 108 D(Yieal, Yeen)] (3.1)

This encourages the generator to synthesize realistic skeletons that can fool the

discriminator.

3.4.4.2 Reconstruction Loss

To minimize the numerical difference between the reconstructed and ground-truth

skeletons, the Mean Absolute Error (MAE) is used:

'CMAE =E [Hy}eal - YrgenHJ (32)

This term ensures per-joint coordinate accuracy between generated and actual

skeleton sequences.
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3.4.4.3 Bone-Length Consistency Loss

To preserve anatomical structure, a bone-length consistency loss is employed. It
compares the Euclidean distances between pairs of connected joints (bones) in

both the real and generated sequences:

Cm= 3 B|(I v = 7= 9)] 33)

(4,/)€EBONES

This term penalizes unnatural deformations in the skeleton by enforcing bone-

length preservation.

3.4.4.4 Temporal Smoothness Loss

To avoid jitter and abrupt transitions between frames, the temporal smoothness

loss penalizes discrepancies in joint velocity across time steps:

N N 2
Etemporal =K [H(n - Y;E—l) - (lft - Y;—l) :| (34)

This term helps produce smooth and realistic motion sequences over time.

3.4.4.5 Total Generator Loss

The overall loss used to optimize the generator is a Pix2Pix-inspired weighted
combination of the above components. In the implementation, all reconstruction-
related losses (MAE, bone-length, and temporal smoothness) are grouped and

scaled by a common factor A, and combined with the adversarial loss:

‘Ctotal = Ladv + A <£MAE + Lbone + Ltemporal) (35)
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Where A = 50 is an empirically chosen hyperparameter that balances the genera-
tor’s focus between realism (via adversarial loss) and accuracy (via reconstruction

losses).

This total loss ensures that the generated skeleton sequences are both perceptually

realistic and structurally accurate with respect to the real motion data.

3.4.5 Training Protocol

The training process is divided into two stages:

e Pretraining Generator: The generator is first trained independently using

L1 loss for 30 epochs to stabilize its output.

e Adversarial Training: The full GAN is trained for 150 epochs using a batch
size of 10. The discriminator and generator are jointly optimized using binary

cross-entropy and the composite loss.

An Adam optimizer with a learning rate of 1 x 10™* is used for both training

phases.

3.4.6 Experimental Pipeline

The experimental loop performs the following steps per occlusion case:

1. Load real and occluded skeleton sequences.

2. Preprocess and interpolate all sequences to a fixed length.
3. Train the generator and the discriminator.

4. Evaluate training, validation, and test splits.

5. Store results in tabular form for cross-case comparison.
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The resulting performance metrics are compiled into a comprehensive table sum-

marizing the GAN’s effectiveness across all occlusion conditions.

3.5 Transformer-Based Generator Architecture

The Transformer-based generator is designed to effectively reconstruct missing or
occluded joint sequences in human skeletal data. Unlike conventional recurrent
models such as LSTMs or GRUs, the Transformer leverages self-attention mech-
anisms to model long-range temporal dependencies in skeleton motion sequences.
This is particularly advantageous in the context of human motion reconstruction,
where occluded joint trajectories often depend on spatial and temporal cues across

the entire sequence.

3.5.1 Input Representation

The input to the generator consists of an occluded 3D skeleton sequence of tempo-
ral length Tm = 30, with each frame containing 20 joints in three dimensions (x, y,
z), resulting in an input shape of (30, 60). Before feeding into the Transformer, the
data is passed through a dense layer to project it to a higher- dimensional embed-
ding space (typically 256 dimensions), enabling the model to represent complex

patterns in motion data.

3.5.2 Positional Encoding

Since Transformers lack inherent awareness of sequence order, a learnable Posi-
tional Encoding is added to the embedded input. This encoding injects temporal
order into the input sequence, allowing the model to distinguish between frames

and understand motion continuity across time.
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3.5.3 Transformer Encoder Layers

The generator comprises multiple stacked Transformer encoder blocks (typically

six). The Transformer can be seen in Figure 3.11 and each encoder block includes:

e Multi-Head Attention: This layer enables the model to attend to different
parts of the sequence simultaneously, capturing both local and global depen-

dencies.

e Feed-Forward Network: A two-layer MLP that processes the output of the

attention layer to enhance non-linear representations.

e Residual Connections and Layer Normalization: Used after each sub-layer

to stabilize training and preserve gradient flow.

These layers collectively allow the generator to infer missing joint trajectories by
effectively attending to context from unoccluded frames in both the past and

future.



Proposed Methodology 35

3.5.4 Post-Transformer Processing

Following the encoder stack, the output is passed through a 1D convolutional layer
to refine temporal features and then through a fully connected layer to regress the
final output in the original joint-space dimension. Finally, the output is reshaped

back to (30,20, 3) to represent the reconstructed 3D skeleton sequence.

3.5.5 Integration into GAN Framework

The generator is trained adversarially within a GAN setup. It is paired with a
PatchGAN-style discriminator, which distinguishes between real (non-occluded)
and generated (reconstructed) skeleton sequences. The training process optimizes

a composite objective function comprising:

e Adversarial Loss: Encourages the generator to produce realistic skeletons.

e L1 Loss: Penalizes absolute reconstruction error between predicted and real

sequernces.

e Bone Length Loss: Preserves anatomical correctness by maintaining consis-

tent bone lengths across frames.

e Temporal Smoothness Loss: Encourages coherent motion dynamics across

time by penalizing unnatural frame-to-frame changes.

Detailed architecture of Transformer model be observed in Figure 3.12.

3.5.6 Loss Function Design for Transformer-Based GAN

To train the Transformer-based generator in the context of 3D skeleton recon-
struction, a composite loss function is employed. This design ensures that the

generated sequences are not only numerically accurate but also biomechanically
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plausible and temporally coherent. The final loss consists of three main compo-
nents: L1 reconstruction loss, bone-length consistency loss, and temporal smooth-
ness loss. These are combined into a single objective function used to supervise

the generator during GAN training.

3.5.6.1 L1 Reconstruction Loss

The reconstruction loss measures the mean absolute error between the predicted

and ground-truth skeletons:

Lyvag = E [HYreal - Ygen”J (3.6)

This loss penalizes joint-wise differences between the real and generated coordi-
nates. It encourages the generator to produce outputs that are numerically close

to the ground truth for every joint and frame.

3.5.6.2 Bone-Length Consistency Loss

This term enforces anatomical realism by preserving the distances (i.e., lengths)

between physically connected joints:
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For each bone defined as a pair of joints (i, j), this loss penalizes the difference in
bone lengths between the real and generated skeletons. This helps ensure anatom-

ical plausibility in the reconstructed output.

3.5.6.3 Temporal Smoothness Loss

To promote motion continuity and reduce jitter across frames, temporal smooth-

ness loss penalizes differences in frame-to-frame joint displacement:

‘Ctemporal =E |iH(Y;‘/ - Y;‘/fl) - (f/;f - }A/;Sfl)

2] (3.9)

This loss encourages the generator to maintain consistent motion patterns over

time by matching the velocity of joints between real and generated sequences.

3.5.6.4 Total Generator Loss

The total generator loss combines all three terms using predefined weighting coef-

ficients A, Apone, and Atemporal:

Etotal =\ EMAE + )\bone . ‘Cbone + )\temporal : Etemporal (39)

In the implementation, these weights are set as follows: A = 100, A\pone = 10, and

)\temporal =5.

3.5.6.5 Adversarial Learning Context

Although the combined loss is applied specifically to the generator’s output in the

GAN training loop, the full GAN model also includes an adversarial discriminator
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trained using binary cross-entropy. The overall loss passed to the GAN model

during compilation is:

Loan = Lk + Liotal (3.10)

Here, Lgcg refers to the binary cross-entropy loss from the discriminator, which
learns to differentiate real from generated skeleton sequences. Ly is the genera-
tor’s composite loss, defined as a weighted sum of reconstruction, bone-length, and
temporal smoothness losses. This adversarial learning setup encourages the gen-
erator to produce skeleton sequences that are not only structurally accurate and
temporally smooth but also indistinguishable from real data in the discriminator’s

perspective.

Summary

This combination of data fidelity, structural accuracy, and temporal regulariza-
tion ensures that the generator produces high-quality skeleton sequences that are
realistic, smooth, and biologically plausible. The Transformer-based architecture,
when trained with this carefully designed loss function, is well-suited for handling

long-range dependencies in temporal skeleton data.

3.6 Post-Reconstruction Classification

After reconstruction, the resulting skeleton sequences are used for behavior classi-
fication. The classifier is a stacked LSTM model with the following specifications:
e Input: Reconstructed 3D joint sequences.

e Hidden Layers: LSTM units with LeakyReLU activation to model temporal

patterns.

e Output: A softmax classification layer over 10 behavior classes.
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e Dropout: A dropout rate of 0.25 is applied to prevent overfitting.

e Training: The classifier is trained exclusively on real (non-occluded) se-

quences to ensure it learns accurate action patterns.

3.7 Evaluation Protocols

The performance of both reconstruction quality and classification accuracy is as-

sessed using the following protocols:

e Baseline: Direct classification on occluded sequences without reconstruction.
e Reference: Classification on real (non-occluded) sequences.

e Regression: Classification on sequences reconstructed using interpolation or

regression-based models.

e GAN- CRNN+BIiLSTM: Classification on sequences reconstructed by the
GAN- CRNN+BIiLSTM framework.

e GAN- Transformer: Classification on sequences reconstructed by the GAN-

Transformer framework.
The evaluation metrics include:

e Reconstruction Metrics: Mean Squared Error (MSE) and Mean Absolute

Error (MAE), calculated frame-wise.

e Classification Metrics: Weighted Accuracy (WAcc) and per-action perfor-

mance metrics.

3.8 Summary

This chapter outlined the methodology for reconstructing occluded human skeleton

sequences using GANs and classifying behaviors from the reconstructed sequences.



Proposed Methodology 40

By integrating temporal modeling with adversarial learning, the system effectively
restores realistic motion patterns and maintains high recognition accuracy, even

in the presence of significant missing data.



Chapter 4

Results and Discussions

This chapter presents the results of the proposed GAN models for 3D human skele-
ton reconstruction under partial occlusion. All the results like from reconstruction
of skeleton to the classification of activities. In recostruction of skeleton, we have
proposed two separate deep learning models which are used under the Generator
of GAN i.e, CRNN+ BiLSTM based generator and Transformer based Genrator.
Both gives the enhanced results as compared to the previous results which was

given in the paper which we have followed.

Moreover, It includes the model training, evaluation metrics, reconstructed and
classification results and performance analysis across various occlusion scenarios.
Comparison between real, occluded, and generated skeletons plots are shown of

our proposed models separately. Meanwhile, quantitaive results are also shown.

4.1 Training Configuration Comparison

The proposed models follow a GAN training approach with a generator and dis-
criminator but configurations are slightely changed such as optimizer settings, loss

components, and training strategy.
41
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Table 4.1 summarizes the key configuration differences between the two proposed
models i.e. one is GAN based on CRNN and LSTM, second Transformer based
GAN model .

TABLE 4.1: Training Configurations: CRNN—based vs Transformer—based GAN

Configuration CRNN-based GAN Transformer—based
GAN

Epochs 150 150

Batch Size 10 10

Optimizer (G Adam (Ir = 0.001) Adam (Ir = 0.0001)

and D)

Normalization Yes (MinMaxScaler [-1,1]) No
GAN Loss Func- BCE + L1 + Bone + Tem- BCE + MAE + Bone +

tion poral Temporal

Loss Weights (A\) A =50 (L1) A =100, 10, 5 (MAE, Bone,
Temporal)

Dropout Rate 0.25 0.3

Training Strat- Manual GradientTape loop Keras .fit() per epoch
egy

GAN Labels 1 (real), 0 (fake) 1 (real), 0 (fake)
Evaluation Met- MSE, MAE, Weighted Ac- MSE, MAE, Weighted Ac-

rics curacy curacy

4.2 'Training and Inference Flow

The GAN models are trained using only complete (non-occluded) skeleton se-

quences. The flow is summarized below:
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4.2.1 Training Phase

—_

. For input, we have full skeleton sequences S,.q;.

2. The Generator (G) learns to reconstruct S, from the occluded or noisy

versions.

3. The Discriminator (D) receives pairs of real and generated sequences and

tries to classify them as real or fake.

4. The loss function includes adversarial (BCE), L1 (or MAE), bone length,

and temporal smoothness terms.

5. Both G and D are trained in alternating steps for 150 epochs.

4.2.2 Inference Phase

1. After training, G is used independently.
2. Occluded sequences S,.. are input to G.
3. G reconstructs missing joints, producing Sge,.

4. Sgep is compared against ground truth S,., to compute evaluation metrics.

4.3 Comparative Model - Reconstruction Results

4.3.1 Baseline

Trained and tested only on non-occluded skeleton samples.

As shown in Figure 4.1.
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FIGURE 4.1: Baseline Right Arm

Skeleton Comparison (Last Frame) - reference
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FIGURE 4.2: Reference Right Arm

4.3.2 Reference

Trained on non-occluded samples but tested on occluded skeleton samples. As

shown in Figure 4.2.

4.3.3 Augmented

Trained on both original non-occluded data and synthetically occluded (aug-

mented) skeletons, then tested on occluded samples.

As shown in Figure 4.3.



Results and Discussions 45

Skeleton Comparison (Last Frame) - augmented
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FIGURE 4.3: Augmented Right Arm

Real Occluded Generated

P

Fi1cURE 4.4: CRNN Based Right Arm

4.3.4 CRNN Based Reconstructions

In the following section, the reconstruction of occluded skeletons from the CRNN-
based GAN network is shown. The results of different occlusion cases are presented

in following Figures 4.4 to 4.11.

4.3.5 Transformer Based Reconstructions

In the following section, the reconstruction of occluded skeletons from the Trans-
former based GAN network has been showed and can be observed in Figures 4.12

to 4.17.
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Real Occluded Generated

FIGURE 4.17: Transformer Based Left Arm and Left Leg

4.4 Comparative Model - Quantitative Results

In this section, we present the results of our proposed model. MAE (Mean Abso-
lute Error) was used to measure the error between the joints of the reconstructed

skeleton and the joints of the real skeleton.

Similarly, MSE (Mean Squared Error) was used to measure the error between the

reconstructed frame with the full reconstructed skeleton and the real skeleton.

4.4.1 Mean Absolute Error Results

Mean Absolute Error used to measure the distance between the reconstructed joint

position as compared to the the real joint position. As shown in Table 4.2.

TABLE 4.2: Reconstruction Error: GAN-CRNN vs GAN-Transformer

GAN-CRNN GAN-Transformer
Train Val. Test Train Val. Test

Occlusion Case

left_arm 0.0974 0.1161 0.1093 0.0691 0.0874 0.0811
right_arm 0.0786 0.0967 0.0882 0.0736 0.1013  0.0910
both_arms 0.1225 0.1667 0.1449 0.0681 0.0945 0.0806

left_leg 0.1037 0.1336  0.1201 0.0664 0.0921 0.0795
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Table 4.2 (continued)

GAN-CRNN GAN-Transformer
Occlusion Case

Train Val. Test Train Val. Test

right_leg 0.0865 0.1112 0.1001 0.0623 0.0851 0.0748
both _legs 0.0705 0.1109 0.0981 0.0642 0.0883 0.0790
left_arm_leg 0.0967 0.1175 0.1086 0.0665 0.0892 0.0777
right_arm_leg 0.1464 0.1907 0.1715 0.0778 0.1035 0.0927

It is easy to understand that our proposed models performed well while Trans-

former had low error which was quite helpful in classification activities.

4.4.2 Mean Squared Error Results

Mean Squared Error, which was used to measure the error between the recon-

structed frame of full reconstructed skeleton and the real skeleton. Like it is the

error between the whole frames. As shown in Table 4.3.

TABLE 4.3: MSE: GAN-CRNN vs GAN-Transformer

GAN-CRNN GAN-Transformer
Occlusion Case
Train Val. Test Train Val. Test

left_arm 0.0184 0.0240 0.0212 0.0099 0.0151 0.0121
right_arm 0.0128 0.0166 0.0147 0.0101 0.0178 0.0127
both_arms 0.0294 0.0475 0.0377 0.0097 0.0168 0.0122
left_leg 0.0189  0.0276  0.0245 0.0093 0.0165 0.0124
right_leg 0.01564 0.0215 0.0181 0.0079 0.0147 0.0102
both_legs 0.0116  0.0194 0.0169 0.0094 0.0134 0.0114
left_arm_leg 0.0168 0.0236  0.0201 0.0096 0.0151 0.0117
right_arm _leg 0.0387  0.0574 0.0490 0.0117 0.0182 0.0150
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4.4.3 Weighted Accuracy Results

Weighted Accuracy (WAcc) measures skeleton reconstruction by giving more im-
portance to key joints like hips and shoulders, while down-weighting less critical
ones such as wrists or ankles. This makes the evaluation more realistic, as it re-
flects how well the overall body structure and motion are preserved. In this table,
we have GAN - CRNN and GAN - Transformer results with train (80%), validate
(10%), test (10%) As shown in Table 4.4.

TABLE 4.4: Comparison of WAcc: GAN-CRNN vs GAN-Transformer

GAN-CRNN GAN-Transformer
Train Val. Test Train Val. Test

Occlusion Case

left_arm 0.7773 0.7191  0.7459 0.7982 0.7514 0.7755
right_arm 0.8124 0.7575 0.7804 0.7853 0.7411 0.7576
both_arms 0.7386  0.6678 0.7110 0.8039 0.7446 0.7742
left leg 0.7620 0.7104 0.7362 0.8143 0.7667 0.7903
right_leg 0.7850  0.7332  0.7555 0.8231 0.7558 0.7866
both_legs 0.8032 0.7339 0.7601 0.8120 0.7484 0.7751
left_arm_leg 0.7706  0.7051 0.7372 0.8206 0.7583 0.7889
right_arm_leg 0.6997 0.6418 0.6706 0.7814 0.7435 0.7690

4.4.4 QObservations and Analysis

The Transformer-based GAN consistently achieves lower reconstruction errors
(MSE and MAE) and higher weighted accuracy across all occlusion cases. Its
ability to attend over all temporal steps enhances its performance in scenarios
with complex or multiple occlusions. The CRNN-based model still performs well
but is less effective in recovering from larger missing parts like both arms or com-

bined limb occlusions.
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4.5 Results Comparison with Evaluation Proto-

cols

The following evaluation protocols are used to assess the effectiveness of the re-

construction:
1. Baseline The classifier is directly applied on occluded skeletons without re-
construction.After training, GG is used independently.

2. Reference Skeletons are reconstructed using interpolation and passed to the

classifier.

3. Regression A non-adversarial regression model is used to reconstruct missing

joints.
4. Occluded Classifier is trained and tested on occluded data directly.

5. GAN-CRNN Skeletons are reconstructed using the CRNN-based GAN and

evaluated.
6. GAN-Transformer Skeletons are reconstructed using the Transformer-based

GAN and evaluated.

The dataset was split into training, validation, and testing sets using an 80%—

10%—-10% split via Scikit-learn’s train test_split method.

Evaluation was performed using the following metrics:

4.5.1 Weighted Accuracy

Weighted Accuracy (WAcc) evaluates skeleton reconstruction by giving higher
weight to key joints (hips, shoulders) and lower weight to less critical ones (wrists,
ankles), providing a more realistic measure of overall body structure and motion.

The results can be seen in Table 4.5.
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Reconstruction Results
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FI1GURE 4.18: Weighted Accuracy of Occlussion Cases
TABLE 4.5: Weighted Accuracy Comparison Across Evaluation Protocols
Case Base. Ref. Regr. Occlud. CRNN Transformer
left_arm 0.4269 0.4000 0.5134 0.5386  0.7459 0.7755

right_arm 0.5427 0.5292 0.5784 0.5427 0.7804 0.7576
both_arms 0.5380 0.4421 0.5515 0.5023 0.7110 0.7742
left leg 0.5784 0.5292 0.5380 0.5298 0.7362 0.7903
right_leg 0.5459 0.4491 0.6047 0.4672 0.7555 0.7866
both_legs 0.5959 0.3912 0.5158 0.4982 0.7601 0.7751
left_arm leg  0.4908 0.4000 0.4760 0.5023  0.7372 0.7889
right_arm_leg 0.4760 0.4135 0.5889 0.4000 0.6706 0.7690

Figure 4.18, illustrates the weighted accuracy achieved by both the CRNN-based
and Transformer-based GAN models across all occlusion types. The Transformer
model consistently outperforms CRNN, particularly in more complex occlusions
such as "both arms” or "right arm and leg,” due to its superior temporal modeling

through self-attention.

4.5.2 Evaluation MSE

Mean squared error which tells the distance between the real and the reconstructed

frame. The results of MSE are presented in Table 4.6 and shown in Figure 4.19.
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TABLE 4.6: MSE Comparison Across Evaluation Protocols
Case Base. Ref. Regr. Occlud. GAN- GAN-
CRNN Transformer
left_arm 0.5246 0.6721 0.5574 0.2951  0.0212 0.0121
right_arm 0.3115 0.5082 0.2951 0.3115 0.0147 0.0127
both_arms 0.3443 04754 0.2459 0.3607  0.0377 0.0122
left leg 0.2951 0.3115 0.3443 0.3115 0.0245 0.0124
right_leg 0.3279 0.4098 0.2951 0.3770 0.0181 0.0102
both_legs 0.2131 0.5410 0.3607 0.3443 0.0169 0.0114
left_arm_leg  0.3934 0.5738 0.3607 0.3607  0.0201 0.0117
right_arm_leg 0.4098 0.5246 0.3443 0.5738  0.0490 0.0150

4.5.3 Evaluation MAE

Mean absolute error which tells the distance between the real and the reconstructed

joints. The results are shown in Table 4.7.
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TABLE 4.7: MAE Comparison Across Protocols
Case Base. Ref. Regr. Occlud. GAN- GAN-
CRNN Transformer
left_arm 0.3934 0.4426 0.3934 0.2951 0.1093 0.0811
right_arm 0.2787 0.3443 0.2623 0.2787  0.0882 0.0910
both_arms 0.2787 0.4754 0.2459 0.2951 0.1449 0.0806
left_leg 0.2623 0.2787 0.2787 0.3115 0.1201 0.0795
right_leg 0.2951 0.3443 0.2295 0.3443 0.1001 0.0748
both_legs 0.2131 0.4098 0.2951 0.3115 0.0981 0.0790
left_arm_leg 0.3279 0.4098 0.3279 0.2951 0.1086 0.0777
right_arm_leg 0.3443 0.3934 0.2787 0.4098 0.1715 0.0927

As shown in Figure 4.20, occlusion severity impacts MAE values significantly.

Multi-limb occlusions like “right arm and leg” and “both arms” lead to the highest

reconstruction errors. However, the Transformer-based GAN still maintains lower

MAE, indicating stronger generalization to severe occlusion.
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Weighted Accuracy
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F1GURE 4.21: Proposed vs Paper Reconstruction Results

4.5.4 Comparison with Paper Results

The weighted accuracy of the paper [1] model (GAN-CRNN+LSTM (MIN and
MAX)) and our proposed models (GAN-CRNN+BiLSTM and GAN-Transformer)
are compared in the Table 4.8. The comparison focuses on how well the GAN-
based models performed in each of the eight occlusion cases (columns GAN-CRNN
and GAN-Transformer in our findings, and GAN-CRNN (Min) and GAN-CRNN
(Max) in the benchmark). As shown in Figure 4.21, this chart is basically showing

the results comparison between our proposed models vs the paper models.

In eight occlusion scenarios for skeletal reconstruction, our proposed GAN mod-
els, which use CRNN + BIiLSTM and transformer—based architectures, signif-
icantly outperformed the benchmarked GAN-CRNN+LSTM (Min) and GAN-
CRNN+LSTM (Max) models. Improvements ranging 2.59% to 26.24% (average
15.32%) are achieved by implementing the GAN-CRNN model, with the greatest
benefits occurring in difficult instances such as both_arms (0.7624 vs. 0.5000).
The GAN-Transformer model performed exceptionally well in left_arm_leg scenar-
ios, increasing by -2.48% to 23.89% (average 12.09%) (0.7889 vs. 0.5500). In
contrast to the benchmark’s unidirectional LSTM, the BiLSTM'’s bidirectional
temporal processing, the transformer’s global spatial-temporal modeling through
self-attention, and the transformer-based discriminator’s improved training enable

superior handling of occlusions.
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TABLE 4.8: Performance Comparison Across Models

Case No. Occlusion GAN- GAN- GAN- GAN-
Case CRNN- CRNN- CRNN- Transformer
LSTM LSTM  BiLSTM
(Min) (Max)

1 left_arm 0.55 0.60 0.752667  0.775511
2 right_arm 0.56 0.60 0.762630 0.757655

3 both_arms 0.50 0.55 0.762401  0.774202
4 left_leg 0.72 0.75 0.765555  0.790305
5 right_leg 0.64 0.70 0.771065  0.786622
6 both_legs 0.74 0.80 0.765883  0.775159
7 left_arm _leg 0.51 0.55 0.760265  0.788886
8 right_arm_leg  0.66 0.70 0.765261 0.769029

4.6 Classification Results

After the reconstruction of skeleton, we have feed the reconstructed skeleton data
to the our classifier Model i.e. based on LSTM. We have got followoing confusion
matrix, in which there were total 10 action classes i.e. showing which class was

recognized in all the occlusion cases.

To evaluate the classification performance of reconstructed skeletons, confusion
matrices were generated for both CRNN-based and Transformer-based GAN out-
puts. These matrices help visualize how accurately the reconstructed sequences
preserve activity-specific spatial-temporal patterns that are critical for correct clas-

sification.
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FIGURE 4.22: Model Accuracy

4.6.1 Model Accuracy

This graph is showing how well our model trained for classification and can be

observed in Figure 4.22.

4.6.2 CRNN vs Transformer

So, in this section, I have shared the classification results of our proposed model,
we have done following settings like Training: 72% Real, 8% Validated & Testing
on 20% Reconstructed. The classification results on CRNN and Transformer based

reconstructed skeleton dataset can be seen in Figures 4.23 to 4.38.

4.7 QObservations and Analysis

The Transformer-based GAN consistently outperforms the CRNN-based GAN
across all occlusion types and evaluation metrics (MSE, MAE, and Weighted
Accuracy). This suggests that attention mechanisms in Transformers offer bet-
ter temporal modeling than recurrent structures, especially for complex occlusion
patterns such as both arms or right arm and leg. However, CRNN still provides

reasonably competitive results at a lower computational cost.
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FIGURE 4.23: CRNN Left ARM
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FIGURE 4.24: Transformer Left Arm
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FIGURE 4.26: Transformer Right ARM
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FIGURE 4.27: CRNN Left Leg
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FIGURE 4.28: Transformer Left Leg
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FIGURE 4.29: CRNN Right Leg
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F1GURE 4.30: Transformer Right LEG
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FIGURE 4.31: CRNN Both Arms
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FIGURE 4.32: Transformer Both Arms
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FIGURE 4.33: CRNN Both Legs
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FIGURE 4.34: Transformer Both Legs



Results and Discussions 66

Walk SitDown StandUp Pickup Carry Throw Push Pull Waving Clapping

wi 88 0 0 0 0 0 0 0 o0 O
stoon 0 O O O O O O O O O
sy 0 O O O O O O O 0 O
riw 0 O O O O O O O 0 O
W @y 0 0O O O O 0 0 0 0 O
E mew 0 0 O O O O O O O O
Psh 0 O O O O O O O 0 O
Wi O O O O O O O O 0 O
wee 0 O O O O O O O 0 O
e 0 O O O O O O O 0 O
Predicted
FIGURE 4.35: CRNN Left Arm and Leg
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FIGURE 4.36: Transformer Left Arm and Leg
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FIGURE 4.37: CRNN Right Arm and Leg
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FI1GURE 4.38: Transformer Right Arm and Leg



Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this research, we proposed one novel generative adversarial network (GAN)
model based on Transformer while one novel approach was already proposed in
which GAN was based on CRNN generator model while we have improved this
CRNN model by which we outperform the results as compare to the previous
CRNN-+LSTM based GAN model [1] for human skeleton reconstruction under
occlusion to enhance human activity recognition (HAR). Our first model utilized
a Convolutional Recurrent Neural Network with Bidirectional Long Short-Term
Memory (CRNN+BiLSTM) as the generator, whereas the second model used
transformer as generator, both paired with a transformer-based discriminator.
Experimental results proofed that both models significantly outperformed base-
line, reference, regression, and occluded scenarios, achieving weighted accuracies
ranging from 0.7527 to 0.7903 across eight occlusion cases. As Compared to a re-
cent benchmark using a GAN with CRNN+LSTM and pix2pix GAN function, our
models exhibited notable improvements. The GAN-CRNN achieving up to 26.24%
higher accuracy (e.g., 0.7624 vs. 0.5000 for both_arms) and the GAN-Transformer
up to 23.89% higher accuracy (e.g., 0.7889 vs. 0.5500 for left_arm leg). The aver-
age improvements were 15.32% for GAN-CRNN and 12.09% for GANTransformer

which highlighting their superior performance.
68
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A number of architectural benefits are responsible for our models’ superior perfor-
mance. Unlike the benchmark’s unidirectional LSTM, which has trouble with com-
plex occlusions, the GAN-CRNN+BiLSTM has bidirectional temporal processing,
which enables it to use both past and future information to reconstruct occluded
joints. By modeling long-range spatial and temporal dependencies utilizing self-
attention, the GAN-Transformer further excels and allows for unified processing
of joint interactions and motion dynamics. By assessing global coherence, the
transformer-based discriminator improves the adversarial training procedure and
raises the generator’s accuracy in skeleton production. Although both models are
resilient to occlusions, the transformer’s ability to selectively focus on reliable data

points allows it to function best in complex scenarios (e.g., left_arm_leg: 0.7889).

Not with standing these developments, real-world HAR still has many drawbacks.
Considering the majority of datasets are gathered in controlled environments, oc-
clusions brought on by self-occlusion, environmental barriers, or interactions be-
tween multiple people continue to be difficult to overcome. Real-world application
is further constrained by sensor limits, computing complexity, and ethical issues
with data collecting. The computing demands of the GAN-Transformer in partic-

ular make real-time deployment challenging.

5.2 Future Work

In order to improve skeleton reconstruction for HAR, future studies will concen-
trate on resolving these issues. In order to minimize computational cost and
enable real-time applications, our first goal is to optimize the transformer-based
model utilizing effective versions (such as Sparse Transformers). Second, the gen-
eralizability of the model will be enhanced by creating dynamic, varied datasets
that represent actual occlusion situations. Third, adding multi-sensor systems
(such depth, RGB, and inertial sensors) could increase resistance to changes in

the environment. Fourth, the development of occlusion-handling techniques, like
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transformers that consider uncertainty, will significantly improve reconstruction

accuracy.

Finally, by establishing ethical frameworks for data collection in public spaces will
address privacy concerns and reduce biases, paving the way for robust, real-world

HAR systems.
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