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ABSTRACT

Transformer and Pose Grammar Based Deep Neural Network for 3D
Human Pose Estimation

For computers to understand human activity or behavior in a variety of scenarios, reli-

able 3D human posture estimation is a prerequisite. A number of difficulties have made

such work more complex as it is influenced by various factors, including image quality,

background, garment texture and diversity, body shape, and the presence of other objects

alongside persons in the image which has depicted the necessity of adopting the technique

of computer vision. While much work has been done on 2D human pose estimation, show-

ing state-of-the-art performance, the objective of this research is to estimate 3D human

pose from 2D joint positions. We have investigated deep neural networks comprising of

linear layers with residual blocks and proposed a hybrid deep learning framework in order

to achieve this objective. We experimented the proposed by raising the number of residual

blocks to anlaysis the performance. The final proposed architecture (HEpose) comprises

of three parallel models, one model is base one only the linear layers concept, second one

is based on the residul connection without normalization, and third model gathers the in-

formation of connection among the joints. We combined ouputs of the three model and

finally used a fully connected linear layer to estimate 3D pose. We also showed compar-

ative training results. Finally, the proposed architecture was evaluated on H3WB dataset

and presented the evaluation results considering the evaluation metrics of the mean per

joint position error (MPJPE) and the percentage of correct keypoints (PCK). The proposed

architecture performed about 50% better in terms of MPJPE and PCK@150mm for three

residual block. We had also compared the performance of HEpose with other state-of-the-

art methods of 3D pose estimator and achieved inevitable performance.
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mvims‡ÿc 

 

Transformer and Pose Grammar Based Deep Neural Network for 3D 

Human Pose Estimation 

 

wewfbœ cwiw ’̄wZ‡Z gvby‡li Kvh©Kjvc Ges AvPiY †evSvi Rb¨, gvby‡li wÎ-gvwÎK A½fw½ 

wbf©i‡hvM¨fv‡e Abygvb Ki‡Z cviv Kw¤cDUv‡ii Rb¨ c~e©kZ©| ¯f̂veMZ fv‡eB GB wÎgvwÎK 

Ae ’̄v Kw¤cDUvi‡K eySv‡bv †ek RwUj, GQvov Av‡iv wKQz d¨v±i GB KvR‡K AviI RwUj K‡i 

Zz‡j‡Q| Kw¤cDUvi‡K K¨v‡givi mvnv‡h¨ aviYK…Z Qwe †_‡K gvby‡li wÎ-gvwÎK A½fw½ eyS‡Z 

n‡e| GLb, GKwU K¨v‡givq avibK…Z wP‡Îi †h d¨v±i ¸‡jvi Kvi‡b KvRwUi RwUjZv e„w× cvq 

†m¸‡jv njt   wP‡Îi ¸Ygvb, cUf‚wg, †cvkv‡Ki †U·Pvi Ges ˆewPÎ,  kix‡ii AvK…wZ Ges Qwe‡Z 

Dcw ’̄Z †Kv‡bv e¨w³i ev e¯‘ Øviv AvswkK Avovj n‡q hvIqv BZ¨vw`| hvi d‡j, Kw¤cDUvi 

wfk‡bi †KŠkj Aej¤̂b K‡i D³ mgm¨vi mgvavb Kiv cÖ‡qvRb| BwZg‡a¨ wØ-gvwÎK gvbe 

A½fw½ Abygv‡bi Dci A‡bK KvR n‡q‡Q Ges h‡_ó mdjZv AwR©Z n‡q‡Q| gvby‡li kix‡ii 

wbw`©ó R‡q›U-c‡q›U Gi wØ-gvwÎK Ae ’̄vb †_‡K D³ R‡q›U-c‡q‡›Ui wÎ-gvwÎK Ae¯’vb wbY©q K‡i 

gvbe A½fw½ Abygvb KivB nj GB M‡elYvi g~j D‡Ïk¨| Avgiv †iwmWzqvj eøK Gi mv‡_ wjwbqvi 

†jqvi mgb¦‡q MwVZ Deep wbDivj †bUIqvK© cÖ‡qvM K‡i Mfxifv‡e ch©v‡jvPbv K‡iwQ| Ges 

Ae‡k‡l M‡elYvi D‡Ïk¨ AR©‡bi j‡¶¨ nvBweªW KvVv‡gvi cÖ Í̄ve K‡iwQ| Kvh©¶gZv we‡kølY Kivi 

Rb¨ †iwmWzqvj eø‡Ki msL¨v evwo‡q Ges Kwg‡q   cÖ —̄vweZ AeKvVv‡gvi cix¶v Kiv n‡q‡Q| P‚ovš— 

cÖ —̄vweZ AvwK©‡UKPvi (HEpose) wZbwU mgvš—ivj g‡W‡ji mgš̂‡q MwVZ| cÖ_g g‡W‡ji wfwË 

wn‡m‡e wjwbqvi †jqvi Gi mv‡_ ỳBwU w¯‹c K‡bKkb †bIqv n‡q‡Q, wØZxqwU †iwmWzqvj ms‡hv‡Mi 

Dci wfwË K‡i MVb Kiv n‡q‡Q †hLv‡b †Kv‡bv ai‡bi bigvjvB‡Rkb Kiv nqwb Ges Z…Zxq 

g‡WjwU evbv‡bv n‡q‡Q MÖvd Kb‡fvjykb w`‡q hv R‡q›U¸wji g‡a¨ ms‡hv‡Mi Z_¨ msMÖn K‡i| 

D³ wZbwU g‡W‡ji AvDUcyU GKwÎZ K‡i GKwU m¤c~Y© mshy³ wjwbqvi †jqvi (FC Layer) 

e¨env‡ii gva¨‡g P‚ovš— wÎ-gvwÎK A½fw½ Abygvb Kiv n‡q‡Q| AZtci, GB cÖ —̄vweZ KvVv‡gvi 

Zzjbvg~jK cÖwk¶Y c‡e©i djvdj we‡kølb Kiv n‡q‡Q| Ae‡k‡l, cÖ —̄vweZ AvwK©‡UKPviwU H3WB 

†WUv‡mU Øviv g~j¨vqb Kiv n‡q‡Q Ges djvdj Mean Per Joint Position Error (MPJPE) Ges 

Percentage of Correct Keypoint (PCK) Gi gva¨‡g we‡kølb Kiv n‡q‡Q|  cÖ —̄vweZ 

AvwK©‡UKPviwU wZbwU †iwmWzqvj eø‡Ki Rb¨ MPJPE Ges PCK@150mm Gi cwi‡cÖw¶‡Z cÖvq 

50% fv‡jv K‡i‡Q| cwi‡k‡l, cÖ —̄vweZ HEpose cÖPwjZ Ab¨vb¨ wÎ-gvwÎK gvbe A½fw½ 

AbygvbKvix c×wZi ‡P‡q Zzjbvg~jK (Kg©¶gZv) fvj djvdj AR©b K‡i‡Q| 
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CHAPTER 1

INTRODUCTION

Human pose refers to the way a person’s body posture or attitude is presented in different

situations or action that is perceived by human eye. That is how different body parts of a

person is arranged in any moment. The task which deals with identifying this human pose

is known as human pose estimation. Human pose can estimated in different dimension like

estimating in two-dimension (2D) or in three-dimension (3D). This chapter will represent

overview of the pose estimation in 3D, applications, motivations, research objectives and

book organization.

1.1 Thesis Background

Human 2D pose estimation means estimating the body pose in a two-dimensional coor-

dinating system. The task of human 2D pose estimation is done by identifying the (x,

y) coordinate position of different bone joint positions based on which body parts can be

moved. Number of joints is subject to the available dataset. To represent a human skeleton

in some datasets 14, 16, 17, 133, or more joint positions can be used. With the progress of

2D pose estimation, later on, this task has been extended to the real-world dimension which

is known as 3D human pose estimation. In 3D human pose estimation each joint position

is represented with the depth information i.e. (x, y, z) values.

The task of human 3d pose can be estimated from image or video. Image is a two dimen-

sional array of pixel, where each pixel carries the intensity level of red, green and blue

channel. In that image, a persons joint locations are estimated in 3D coordinate system.

For video, frame is taken to estimate 3D pose.

Image or video is captured using camera, this cameras’ different parameter like extrinsic,

intrinsic parameters can be used to reconstruct the human posture in 3D. To enhance the
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efficiency and precision of the estimated 3D pose, images of the same persons posture can

be taken from different angle which is also known as multi-view. 3D pose can be estimated

from single-view i.e. single camera’s image or multi-view i.e. multiple camera’s image

from different side or angle.

In computer vision 3D human pose facilitate to understand the human behaviour, activity

or action more accurately. Thus improvement in this research domain is highly required.

There are challenges due to the image quality as the input image from which 3D pose will

be estimated can be of low resolution, or high resolution or in bright sunlight or in low

sunlight or in the night light. Moreover, person in the image may have variety of cloths

with variety of texture in it which also create the task more challenging as the location of

the joint got hidden by the cloths. Again, due to occlusion of body parts in the image that

is some body parts got hidden somehow which makes the task further difficult. Occlusion

can be due to some object or due to another person or by the persons self occlusion (e.g.

side view). Finally the background of the image or video also needs to be considered for

the better generalization of the estimation model. The more accurate human 3D pose can

be estimated, the more precisely the action can be identified as well as analysed. This

estimation can also be used in surveillance, augmented reality, virtual reality, in vehicle

automation, scene analysis, sports analysis, robotics and in many more. Getting inspired

from the vast area of application, we have stated our journey to do research on human 3d

pose estimation. In this work, we have tried out several concept as well as architecture of

deep neural network and finally able to identify an architecture which performed better in

terms of MPJPE and PCK.

1.2 Motivation and Problem Statement

The motivation behind undertaking this thesis stems from a profound curiosity and passion

for understanding the intricacies of Human 3D Pose Estimation. In an era marked by rapid

technological advancements and evolving societal challenges, the need for comprehensive

insights into human 3D posture has been more crucial. From a personal perspective, my
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fascination with human 3D pose estimation developed during the exploration of the recent

computer vision enhancement. As the domain of computer vision research empowering

many applications to automate the AI based systems. Moreover, with the intuition of hu-

man 3D pose, in many segments where people are living alone like old age care home, it

can facilitate understanding the scene and act accordingly for the faster response. Moreover,

the academic importance of this research lies in its potential to contribute to a theoretical

framework, address a gap in the literature, or challenge existing paradigms. By exploring

deep neural networks within the context of human 3D pose, I aim to provide a nuanced

understanding that can inform future research endeavors and guide practical applications.

Furthermore, the societal implications of this research are significant. This can be used in

vehicle automation, for the monitoring of senior citizens, on street violence detection and

many more. The potential practical applications of this research extend beyond academia,

with implications for industry, security sectors as well as government. Through this re-

search journey, I aspire to not only deepen my own understanding of human 3D pose but

also to contribute valuable knowledge that may shape future research directions and have a

positive impact on our broader community.

Human pose estimation involves finding body posture from images or videos in 2D or 3D

space. It has a wide range of real world applications such as activity recognition, aug-

mented reality, sports analysis, violence recognition and so on. The challenge is to estimate

accurate localization of body parts in world coordinates. Several methods exist for 2D and

3D pose estimation considering different types of input and number of cameras (e.g. single

image, video, monocular, multi-view camera). However, in recent days, researchers have

paid attention to deep learning based methods for estimating 3D pose Chen et al. (2020);

Sarafianos et al. (2016). For example, Martinez et al. Martinez et al. (2017) divided the

process into two parts: firstly RGB image to 2D pose detection using stacked-hourglass,

then 2D to 3D mapping using a simple linear model. In another study Hossain and Little

(2018), the temporal information across a sequence of 2D joint locations has been utilized

to estimate 3D pose using a sequence-to-sequence network composed of layer-normalized

Long Short-Term Memory units. Again, a deep convolutional neural networks with synthe-

3



sized training data used for boosting the performance in [5]Chen et al. (2016). Kocabas et

al. Kocabas et al. (2020) have used a Skinned Multi-Person Linear body model integrating

with a self-attention mechanism to explore plausible motion sequences, while Xu et al. Xu

et al. (2021) have included pose grammar with the Bidirectional recurrent neural networks

for achieving robustness against appearance variations and cross-view generalization.

The increasing demand of computer vision applications of human 3D pose estimation poses

a significant role to the automation systems. Despite the implementation of various mea-

sures, there is still scope for the betterment of the task. This research seeks to investigate

the specific techniques to estimate human pose in three-dimension to facilitate computers

understanding more accurately the scene and to help people to give better intuition in any

analysis where human posture is highly required.

1.3 Thesis Objectives

The objectives of this thesis are:

1. To explore transformer based DNN architectures for estimating 3D human pose.

2. To develop a DNN architecture with pose grammar for estimating 3D human pose

3. To evaluate the developed architecture in terms of different evaluation metrics for

estimating 3D human pose

1.4 Methodological Overview

In this section, overview of the research is presented to achieve the objectives. The key

steps for the research outline is as follows:

At first, existing deep neural networks have been explored briefly. For this exploration, 2D

to 3D pose estimation architectures were mostly focused. As an extension of this explo-

ration, a new DNN architecture is proposed for 133 keypoints from 2D to 3D pose esti-
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mation which is described in detail in chapter 4. At first, the architecture were trained on

publicly available dataset considering the validation of the model. Then, the performance

of the model is measured on the test dataset using the evaluation matrics MPJPE and PCK.

Secondly, the concept of transformer is incorporated in the model considering the RGB

image as input and finding the corresponding human’s 3D pose estimation. For this, the

dataset is processed accordingly from the video files of the dataset. This model is also

trained on the dataset considering image as input to output 3D positions of 133 keypoints.

Later on, 3D poses are predicted for the test and and stored in a JSON file for further

reporting the MPJPE and PCK to represent the model’s performance.

Thirdly, the concept of pose grammar is incorporated in the model, which takes the corre-

lation among the joints rather than taking the correlation of the body parts in terms of the

kinematics, symmetry and motor-coordinate. This correlation is incorporated in the esti-

mated 2D pose to fine tune the final prediction.

Finally, all the concept of DNN and pose grammar were integrated to depict the final archi-

tecture. This architecture constructed considering three module in parallel. That’s why we

named the architecture as HEpose architecture. Module 1 and Module 2 which are DNN

with residual connection based architecture, takes 2d human poses from RGB image as

input and generate 3D poses, Module 3 which is a graph convolution based architecture,

takes body joint correlations among the joints and 2D poses of the corresponding images

as input and generate 3D poses. Output of Module-1, Module-2 and Module-3 is appended

together and final 3D poses were generated. Similarly as before, this model was trained and

performance were measured.

1.5 Organization of the Chapters

The structure of this thesis book is thoughtfully organized to provide a comprehensive ex-

ploration of the chosen topic. Chapter 2 delves into the specifics of the human pose, its ap-

plication, presenting a detailed explanation of existing approach, and representation meth-

ods. Chapter 3 serves as the foundation with a thorough literature review, offering insights
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into existing research and laying the groundwork for the subsequent chapters. Methodol-

ogy and implementation are thoroughly detailed in Chapter 4, offering a clear view of the

research process and the proposed architecture. The outcomes of the study come to light in

Chapter 5, where evaluation results are presented and analyzed. Finally, Chapter 6 encap-

sulates the entire research journey, summarizing key findings and presenting conclusions

drawn from the study, thereby offering a holistic perspective on the subject matter. This

sequential organization allows readers to follow a logical progression from background ex-

ploration to methodology, results, and ultimately, a comprehensive conclusion.
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CHAPTER 2

THEORETICAL BACKGROUND

In this chapter, we will discuss on the human pose, and its application. We will also explain

the possible way of representing human poses for the computers.

2.1 Definition of Human Pose

Pose is a short form of posture. We often say while taking pictures to give any specific pose.

Human pose refers to the way of representing human body parts in a particular manner.

The human pose estimation problem involves a computational task where the objective is

to analyze and interpret visual data, typically in the form of images or videos, with the

specific aim of identifying and describing the poses of individuals present in the data. In

more detail, the term “pose,” refers to the spatial arrangement and orientation of a person’s

body parts. This includes the positions of key joints such as shoulders, elbows, hips, knees,

and ankles. Human pose estimation seeks to locate and characterize these joints in the

provided images or video frames, effectively creating a representation of the person’s body

posture.

2.2 Application of Human Pose

In the domain of computer vision, the human pose has a significant role in understanding the

real-world scenario more appropriately which will result in better scope for the automation.

The applications of human poses are described briefly as follows:
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Figure 2.1: Application of human pose estimation in human activity recognition, Image
Source

2.2.1 Human Activity Recognition

Human activity recognition is a domain of computer vision that helps to automatically

determine human actions mostly based on the camera view. Human pose will provide the

pose information of any image i.e. spatial information or sequence of images i.e. temporal

information. This combination of spatial and temporal information can enrich the activity

recognition systems to achieve higher accuracy. This will facilitate monitoring in a wide

range. For example, in security sectors, healthcare centers, sports etc. Figure-2.1 pictures

effect of pose estimation in human activity in sports sector.

2.2.2 Violence Detection

Violence detection refers to the process of automatically identifying instances of aggres-

sive or harmful behavior in various settings, such as surveillance videos, public spaces, or

online platforms. This capability is essential for ensuring public safety, and security, and

for preventing potential harm. It’s important to note that while violence detection technolo-

gies hold promise for enhancing public safety, ethical considerations, and potential biases

must be carefully addressed to avoid unintended consequences or discriminatory outcomes.
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Figure 2.2: Application of human pose estimation for detecting violence in public, Image
Source

Additionally, ongoing research and development are essential to improve the accuracy and

reliability of violence detection systems. To improve the accuracy, human pose estimation

will play a vital role. Figure-2.2 gives a pictorial view of violence detection.

2.2.3 Animation

Animation is a visual art form that involves creating the illusion of motion through a series

of still images, known as frames. These frames are displayed rapidly in succession, creat-

ing the perception of movement. Animation can take various forms, from traditional hand-

drawn animation to computer-generated imagery (CGI). For generating motion-captured

animation, real-world movement Data needs to be gathered. Humans’ movements are

recorded using sensors, and this data is then used to animate digital characters. This Human

movement data can be generated from images using the human pose estimation technique.

2.2.4 Augmented Reality and Virtual Reality

AR and VR technologies continue to advance, and their applications span various indus-

tries, including entertainment, education, healthcare, and enterprise. AR overlays digital

information (images, text, 3D models) onto the real-world environment, enhancing the

user’s perception of reality. Users can see and interact with the real world while digital

9
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Figure 2.3: Application of human pose estimation in vehicle automation, Image Source

content is superimposed on it. If this augmented reality needs to project human actors, then

human pose estimation techniques will be helpful. As AR and VR technologies continue to

advance, and their applications span various industries, including entertainment, education,

healthcare, and enterprise. Thus, the AR and VR applications involving humans will need

the assistance of human pose estimation.

2.2.5 Vehicle Automation

Vehicle automation and human pose estimation can be related in the context of advanced

driver-assistance systems (ADAS) and autonomous vehicles. Human pose estimation, in

this context, refers to the ability to detect and understand the body posture and movements

of occupants inside a vehicle. Integrating human pose estimation with vehicle automation

systems can facilitate driver monitoring, occupant safety, autonomous vehicle interaction

with drivers, occupants as well as pedestrians.

There are many other applications in this domain. For example, in medical assistance,

human computer interaction, inference of pedestrians for car automation, sports analysis,
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personal fitness care applications, etc.

2.3 Representation of Human Pose

The representation of human pose refers to the depiction of the spatial configuration of a

person’s body, typically in the form of key points or joints, to capture the pose or posture

accurately. The choice of representation depends on the specific application and the re-

quirements of the task at hand. Advances in deep learning and computer vision have led

to the development of sophisticated pose estimation models that can effectively capture

human pose in various contexts, contributing to applications such as activity recognition,

virtual reality, and human-computer interaction. The pose of a human can be represented

in different forms. They are described below:

2.3.1 Skeleton Representation

Skeleton-based representation adopts the structure of human structure as shown in Figure-

2.4 to construct the skeleton-based representation as shown in Figure-2.5.

Figure 2.4: Human Skeleton Figure 2.5: Skeleton Based Representation
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It can be shown using joint coordinates representing the human pose using the 2D or 3D co-

ordinates of specific joints. Mostly used joints include the head, shoulders, elbows, wrists,

hips, knees, and ankles. For the 2D pose, X and Y coordinates are used for the joints, and

for the 3D pose, an additional Z coordinate is added to represent the depth. Sometimes,

joint angles are also used for expressing the pose through the angles between adjacent body

parts or limbs. It captures the relative orientation of body parts, providing information

about the posture and movement. Finally, the skeleton Structure is used to represent the

human body as a graph or skeleton, where joints are nodes and limbs are edges. Describes

how joints are connected, providing a structural understanding of the body pose. Creating

a heatmap for each joint, where the intensity of each pixel represents the likelihood of the

joint’s presence can also be used to represent joint positions.

2.3.2 Contour Representation

A contour can be expressed either as a structured sequence of edges or through a mathemati-

cal curve. A curve serves as a mathematical representation of a contour, with instances such

as line segments and cubic splines. contour representation of human is shown if Figure-2.6.

Figure 2.6: Contour Representation Figure 2.7: Volumetric Representation
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2.3.3 Volumetric Representation

Representing the human pose in as a volumetric manner is known as volumetric represen-

tation. For this kind of representation, a human-like body model is used. Sometimes it is

known as mesh representation. In mesh, thousands of points are connected in a specific

manner to construct the human structure. Figure-2.7 depicts the volumetric representation.

Authors have also focused on the volumetric representation which requires a previously

established human body model.

Figure 2.8: Scape Human learnable body model

In Loper et al. (2023), the authors have given SMPL model and in Anguelov et al. (2005)

SCAPE body models are introduced for the reconstruction of human pose as volumetric

irrespective of pose and shape. Figure-2.8 is the human model of SCAPE: Shape Com-

pletion and Animation of People and Figure-2.9 is the human model of SMPL: A Skinned

Multi-Person Linear Model.

2.4 Approaches of Estimating Human Pose

To estimate human pose different approaches can be incorporated. We can divide this

approach into two broad criteria. They are as follows:
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Figure 2.9: SMPL Human learnable body model
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Figure 2.10: Top Down Approach for Estimation Human 3D Pose

1. Top-down Approach

2. Bottom-up Approach

2.4.1 Top-down Approach

The process can be broken down into several steps. The input to the pose estimation system

is an image or a series of frames from a video, capturing one or more individuals. The

approach is shown in Figure-2.10. Initially, the Detection of humans phase is carried out.

The system must identify and locate individuals within the input image. This step is often
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carried out through object detection algorithms or methods that focus on recognizing human

shapes. Then a bounding box around the human will be provided. Based on the estimated

bounding box, a cropped image of the one individual human will be created.

Once individuals are detected, the next step is to determine the positions of key body joints

for each person. This involves identifying key points such as the head, shoulders, elbows,

wrists, hips, knees, and ankles. Different 3D pose estimation models can be used here for

the final estimation of the 3D Pose. This 3D estimation can be done by first detecting 2D

pose, 2D to 3D pose as shown in way-1 of Figure-2.10. Or it can be done by direct image

to 3D pose estimation as shown in Figure-2.10 way-2.

The detected poses are then typically represented in a structured format, such as a set of

coordinates for each joint, or a graphical overlay indicating the positions of body parts,

or as contour or as mesh/ volumetric representation. The final output of the human pose

estimation system is a description or visualization of the detected poses for each person in

the input image or video. Many researchers have focused on the uplifting the 3D poses from

2D poses as that the task of estimating human 2D pose has reached to a standard position

and there are many extablished state of the art (SOTA) methods.

2.4.2 Bottom-up Approach

A bottom-up approach to human pose estimation locates and labels individual body parts or

joints first, then combines these localizations to generate the entire human stance. This is in

contrast to a top-down method, in which the model initially detects an individual’s overall

pose before concentrating on fine-tuning the locations of individual joints.

Figure-2.11 depicts the process of bottom-up approach. The Figure shows that 2D keypoint

is identified with the help of heatmap or any other method. After that, the key joint points

are identified. Therefore, each keypoint is associated with a specific human which is very

helpful if the input image contains more than one human. From this, the 3D poses are

estimated from the localized 2D positions, and the 3D pose is reconstructed.

There are also some approaches which adopts mixture of both of the approches. This
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technology finds applications in various fields, including computer vision, robotics, sports

analysis, healthcare, and human-computer interaction. It enables machines to understand

and interpret human movements, contributing to the development of systems that can inter-

act with humans more intuitively and effectively.

2.5 Concepts and Deep Neural Networks

In this section we will discuss about the two concepts that inspired us a lot to estimate

human pose. At first we will discuss on the transformer, then we will discuss on the pose

grammar.

2.5.1 Transformer

In the context of Deep Neural Networks (DNNs) and Natural Language Processing (NLP),

the term ”transformer” typically refers to a specific type of neural network architecture

introduced in the paper titled ”Attention is All You Need” by Vaswani et al. (2017). This

transformer architecture has since become a fundamental building block for various NLP

tasks and has been widely adopted due to its effectiveness. Recently this also drew the

attention of the researchers of computer vision. For the task of classification, recently

many research work are working on vision transformer which involves only the encoder as

16



Figure 2.12: Vision Transformer Architecture, Image Source

mentioned by Dosovitskiy et al. (2020). The transformer architecture is based on the self-

attention mechanism, which allows the model to weigh different parts of the input sequence

differently during processing. This is particularly powerful for tasks involving sequential

data, such as language processing.

2.5.2 Pose Grammar

Pose grammar is the concept of grammar how the body parts are connected with each other

and how they can move arround. Authors of Fang et al. (2018); Xu et al. (2021) have given

the idea of human pose grammar. They had given three grammar; one is kinametics, second

one is the symmetricity, third one is motor co-ordinate. Figure-2.13 gives a clear idea about

the pose grammar of human body.

Kinematic grammar denotes human body motions independently of forces. These frame-

works encapsulate the movement characteristics of humans in a topological fashion. Kine-

matic grammar emphasizes the inter-connectedness of body parts and operates bidirection-
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Figure 2.13: Human Pose Grammar of Kinematics, Symmetry and Moro Coordination

ally. Forward kinematics considers the final joint in a kinematic chain, whereas backward

kinematics affects a joint in the kinematic chain in reverse from the subsequent joint.

Symmetry grammar assesses the mirror symmetry present in the human body, where a

line drawn down the center divides it into matching halves, with the left and right sides

exhibiting approximate mirror images of each other. This mirror symmetry, also known as

bilateral symmetry, is a fundamental principle in nature, observed in the vast majority of

animals including human.

The motor coordination grammar depicts the coordinated movements of multiple limbs in

a specific arrangement. Specifically, motor coordination entails the physiological processes

incorporating kinematic and kinetic parameters necessary to execute intended actions. Its

ubiquity is evident, from simple tasks like moving a limb to more complex actions such as

picking up and shooting a ball etc.
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CHAPTER 3

LITERATURE REVIEW

Human 3D pose can be estimated using different approach. In this chapter different ap-

proach and considerations for estimation Human 2D Pose or keypoint of joint location and

3D pose estiomations will be elaborately discussed.

3.1 Image to Pose Estimation

Author Xu et al. (2021) have combined two approach for estimating human 3D pose, 3D

pose grammar network and a base 3d pose network to integrate human body movement

relationships for better 3d pose estimation. To do this, they have used 2d joint positions

and image patches centered around the joints as input and predicted 3D pose. They have

used Human3.6m, HumanEva and HNOI dataset for evaluating the proposed approach. In

addition to these, authors have done a qualitative experiment on MPII dataset.

In Kocabas et al. (2020), an adversarial learning framework is designed using AMASS

Mahmood et al. (2019) dataset as well as in the wild 2d pose for finding accurate pose and

shape for video sequence. They have used a convolutional network to extract the features of

each frame which is sent through a recurrent neural network, Gated Recurrent Unit (GRU),

which gives another feature vector based on the previous frame. Their evaluations showed

that “Video Inference for Body Pose and Shape Estimation”- VIBE outperforms different

existing state-of-the-art models. They have used MPI-INF-3DHP Mehta et al. (2017) and

Human3.6M Ionescu et al. (2014) dataset with 17 keypoints.

In another study, a pose grammar is proposed for estimating 3D human pose from a single

RGB image in Xu et al. (2021). As input 2D poses of 17 keypoint is provided with image

patch centering each keypoint, are fed to a base network which learns the model for 3D

poses. Finally these estimated 3D poses are fed to a 3D pose grammar network as input

19



to interpret the human structure using recurrent neural networks which will again produce

3D poses. These 3D poses are compared with the prior 3D pose found from the base

network which defines the loss function i.e. 2D to 3D loss. Further they have provided a

data augmentation algorithm so that the model does not over fit the appearance and camera

views. After that they have also defined experimental protocol on the Human3.6m Ionescu

et al. (2014) dataset for cross-view. Finally they have shown that their proposed model, data

augmentation algorithm and experimental protocol for camera view variance can decrease

the 3D pose estimation errors significantly.

The author of Mehta et al. (2017) suggested combining a CNN-based 2D pose estimator

with kinematics of skeleton, which determines the locations of 2D to 3D joints in real time

to create a 3D posture from an RGB camera. They reported the evaluation findings using

the MPI-INF-3DHP Mehta et al. (2017) and human3.6m Ionescu et al. (2014) dataset with

respect to MPJPE and PCK.

As cross-view corresponding is challenging, the authors of article Lin and Lee (2021),

used plane sweep stereo to address both cross-view fusion and reconstruction of multi-

view multi-person 3D pose. To do this, they have estimated the 2D pose of each person for

each camera with the help of HRNet Sun et al. (2019). Then, depth of each joint position

of each person of a specific camera was estimated based on the framework which was built

up on the article Collins (1996). In this part, two stages of depth were regressed. First, a

person-level depth regressor to identify the depth of each person. And thereafter, joint-level

relative depth Regressor is used to regress the depth of each joint position of the specific

person. They have also reported their model performance in terms of Percentage of Cor-

rectly estimated Parts (PCP) on Campus Berclaz et al. (2011) and Shelf Belagiannis et al.

(2014) dataset and Average Precision (AP) and Mean Per Joint Position Error (MPJPE) on

CMU Panoptic Joo et al. (2017) dataset.
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3.2 2D-3D Pose Estimation

Author Martinez et. al. in Martinez et al. (2017), proposed a DNN network to predict 3d

positions from 2d ground truth joint locations. The authors have considered 14 to 17 joints

to represent human body of Human3.6m Ionescu et al. (2014) to compare the evaluation

results with other work. In Ramakrishna et al. (2012), the authors designed a activity inde-

pendent method ensuring anthropometric regularity to construct a 3d pose from anatomical

landmarks of a 2d image. They have used 23 landmarks or positions for each sample. To do

this they used CMU Motion Capture Dataset and concatenated PCA components. E. Simo-

Serra et. al. in Simo-Serra et al. (2013), proprosed an approach which simultaneously

detects 2D parts as well as 3D pose. And finalize the 3D pose combining the estimated 2D

pose from image. They have considered 14 joints to do the task. To represent the qual-

itative evaluation results, the authors have used Humaneva Sigal et al. (2010) dataset. In

Schwarcz and Pollard (2018), 3D pose is estimated from 2D pose which is adopted existing

state-of-the-art 2D pose detectors from sequence images of multi-view from multiple cam-

eras. They have used 14 joints of a human body and used Campus Berclaz et al. (2011) and

Shelf Belagiannis et al. (2014) dataset for this purpose. They have reported percentage of

correctly estimated parts (PCP) to evaluate their approach. In paper Zhao et al. (2022), au-

thors stack or two layer named ChevGConv and GraAttention block which is the core part

of the graph oriented framework named GraFormer which boosted the performance of the

model. They have used three hand dataset which are ObMan Hasson et al. (2019), FHAD

Garcia-Hernando et al. (2018), GHD Mueller et al. (2018), and Human3.6m Ionescu et al.

(2014) dataset for the evaluation of their proposed model.

3.3 Multi-person 3D Pose Estimation

In paper Chu et al. (2021), the authors have worked on multiple human 3D poses which

have been estimated from multiple camera views. The authors have proposed two impor-

tant modules named part-aware measurement for 2D-3D association and a joint filter. The

purpose of the joint filter is to mitigate the outlier in 2D poses. The authors have completed
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the task by four steps. At first, they detected humans in the given image using some state

of the art method which gives a bounding box around a human. Then, they have adopted

YoloV3 Redmon and Farhadi (2017) for the estimation of 2D human pose. Later on, 2D

poses from different camera views are utilized to estimate 3D human pose which is 2D-3D

association. Finally they have reconstructed the 3D human pose by correcting errors using

joint filters. The authors have reported the percentage of correct parts (PCP) scores on the

benchmark dataset for multi-view human 3d pose estimation named as Campus Berclaz

et al. (2011) and Shelf Belagiannis et al. (2014) dataset.

3.4 Synthesized and Augmentation Data to Pose Estimation

In paper Chen et al. (2016), the authors have noted that a large number of 3D annotated

ground truth dataset is hard to generate, thus near to unavailable. For this, they have pre-

sented an approach by which a synthesis dataset will be produced which can be used for

human 3D pose estimation. SCAPE Human model is clothing with different texture, back-

ground and lightning to produce the annotated database. Finally they have evaluated the 3d

human pose estimation task with a very classical CNNs that is AlexNet and VGG to output

3d coordinates and outperforms with other datasets.

In paper Gong et al. (2021), Gong et.al. focused on the performance generalization for new

datasets as the train data has a significant role for estimating 2D-3D pose. They have pro-

posed an augmentation technique named as PoseAug which augments the existing training

data for incorporating diversity in the dataset. PoseAug adjusts posture, body size, view

point and position though an operator. With the help of this PoseAug, the authors have

also proposed a part-aware 3D discriminator. The augmentation was done by changing

Bone Angle (BA), Bone Length (BL), and Rigid Transformation (RT) with the help of ro-

tation and translation parameters. They have reported their proposed PoseAug frameworks

performance on both intra-dataset (i.e. trained and tested on the same dataset) as well as

cross-dataset (i.e. trained on a specific dataset and tested on different dataset). To perform

these experiments, the authors have chosen Human3.6m Ionescu et al. (2014), 3DHP Mehta
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et al. (2017), and 3DPW Von Marcard et al. (2018) publicly available dataset and four es-

timators known as SemGCN Zhao et al. (2019), SimpleBaseline Martinez et al. (2017),

ST-GCN Cai et al. (2019) and VPose Pavllo et al. (2019). As evaluation metrics they have

projected Mean Per Joint Position Error (MPJPE) in millimeters and MPJPE over aligned

predictions with GT 3D poses by a rigid transformation (PA-MPJPE).

In paper Liu et al. (2022), authors have proposed a Adapted Human Pose (AHuP) frame-

work to enhance the estimation of 3D pose trained on synthetic dataset. They have showed

that model trained with fully synthetic data also gives comparable performance with state-

of-the-art methods which trained with real 3D data. The authors have worked on five pub-

licly available dataset known as Human3.6m, MuPoTs Mehta et al. (2018), MSCOCO Lin

et al. (2014), MPII Andriluka et al. (2014) and SURREAL Varol et al. (2017). Human3.6m

and MuPoTs used for real 3D human pose, MSCOCO and MPII used for real 2D pose

and SURREAL is used for synthetic human pose. As evaluation result they have reported

MPJPE, PA MPJPE, 3D PCK@15cm.

3.5 Chapter Summary

In sum the literature review offers a comprehensive overview of various approaches and

methodologies for estimating human 3D pose from 2D data. A wide range of methods,

from techniques for computer vision like CNN-based estimators to more recent advance-

ments involving adversarial learning and graph-oriented frameworks have been adopted in

different studies. It’s commendable that studies have been carried out on different datasets

for evaluation, including both synthetic and real-world datasets. Each dataset has different

characteristics such as the number of samples, diversity in poses, camera viewpoints, hav-

ing multiple person etc. It is also noteworthy that, for the comparison and bench-marking

most of the researchers mentioned evaluation metrics like MPJPE, PA MPJPE, and 3D

PCK@15cm. from this literature review, it is observed that the authors have applied differ-

ent concept to estimate 3D pose of human with better performance. And there is still option

to improve the performance. Moreover, very few works has been conduction considering
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the concept of giving attention to the joint relation. Thus, the objective of this research is to

propose a deep neural architecture which is incorporated with the joint relation to estimate

3D human pose.
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CHAPTER 4

METHODOLOGY AND PROPOSED ARCHITECTURE

This chapter will discuss on the elaborated methodology that is followed to carry out the

research work. Thereafter the explored model’s details will be described and the proposed

architecture will be explained.

4.1 Methodology

Methodology refers to the systematic, theoretical analysis of the methods applied in a par-

ticular field of study. It involves the principles, procedures, and rules that guide research or

other types of work. Methodology is crucial in ensuring the validity and reliability of re-

sults. Figure-4.1 represents the workflow of the methodology we have followed. At first, we

have thoroughly explored different research domain and identified the interested one. After

the selection of the research domain, we have explored recent work on computer vision and

its application. From this, we came to know about the motion-captured sculpture of human

from one of the reputed research labs. Thereafter, we looked for the relevant articles and

explored its content. The first thing that we pay heed to, is the Dataset, and how it can

be used. As a part of this we explored available datasets for example Human3.6m Ionescu

et al. (2014), 3DPW Von Marcard et al. (2018), SURREAL Varol et al. (2017), H3WB Zhu

et al. (2023), etc. At the same time, we explored approaches that followed Deep learning-

based methods. Among a lots of concepts, Transformer, concept of pose grammar, and

architectures of deep neural network drew our attention. From this, we selected to work

on H3WB dataset and explored DNN architectures. We had built hybrid architectures and

trained these using H3WB dataset. Then performance of the models have been analyzed,

compared, and reported on the selected test dataset as well as the provided test dataset by

Zhu et al. (2023) accordingly.
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Figure 4.1: Workflow of the research methodology to estimate human 3D poses

4.2 Building the Model Architectures

This section elaborately describe the model architectures, that is followed to carry out

the intended task. We have considered several DNN architectures adopted from previ-

ous works. The initial concept of the research is shown in figure-4.2. This concept diagram

consists of two part, one is Transformer and another one is Pose Grammar for Human Body.

Recently, the transformer framework has shown remarkable improvement in large language

models and vision transformers are also improving the task of image classifications. Thus,

the initial conceptual framework of this research was to feed the 2D pose or image in the

transformer model and gather information of it. At the same time, as human pose grammar

i.e. symmetry, kinematics and motor coordinate has an impact on estimating human pose,

we would like to feed 2D poses along with the connections of joints to the pose grammar

framework. Output of this two framework would be combined and feed through linear

layer for the final 3D pose estimation. Keeping the concept diagram in mind, first we had
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Figure 4.2: Conceptual diagram for the 3D Pose estimation using Transformer and Pose
grammar

examined on transformer based architecture, other DNN based architectures and a variant

of pose grammar based architecture. The subsections pertaining to articles 4.2.1 through

article-4.2.4 present the research we conducted on the transformer models, DNN models,

and pose grammar network models.

4.2.1 Building Transformer Based Architecture

With the alignment of the concept diagram of figure-4.2, we started to explore transformer

architecture. We experimented with the transformer model for a sample of data (20 images)

with 100 epochs which gave train vs validation curve as shown in figure-4.3 which indicated

a good sign. As the train-validation curve was parallel, we considered that this will perform

better if we trained on the full dataset.

Thereafter we trained the model for all 64k samples for 100 epochs but unfortunately the

train vs validation curve was not satisfactory which is shown in figure-4.4. Though the

train curve was improving, the validation curve crossing over the train curve. Then we

started working on why the model was not performing well and stabilizing. After a through

check, we found that, the dataset we were using for the purpose was not sequential. And

unfortunately, we had no way to get sequential data from the H3WB dataset. Because the

H3WB dataset created from Human3.6m dataset and shuffled, so there were no way to get

the original sequence of the data.

Therefore we started to look for a different idea instead of using transformer which is de-
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Figure 4.3: Train vs Validation on Transformer framework for 100 epoch on 20 samples

Figure 4.4: Train vs Validation on Transformer framework for 100 epoch on 64K image
samples
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Figure 4.5: Final Conceptual Framework for estimating 3D human pose from 2D joint
positions of 133 keypoints using H3WB dataset.

picted in figure-4.5. The figure itself is self-describing. We took 2D poses and fed them

to three models parallelly: first model comprises of linear block, second one prioritized the

residual block-based model and the third one is a variation of pose grammar based model

where we considered only the relations among the joints. Then we combined the results

from the three models and fed them to a fully connected layer which outputs the 3D poses

of the given 2D pose. This figure-4.5 is the final concept diagram of this research work.

4.2.2 Building Linear Layered Based Architecture: Model-1

Model-1 is adopted from network architecture given by Martinez et al. (2017) which con-

sidered a number of feed forward linear layer followed by batch normalization, ReLu and

Dropout. Figure-4.6 is the architecture of model-1. Each linear layer comprises of 1024

neuron and outputs 1024 neuron except the first and last layer. This 1024 output is normal-

ized and regularized. The model adopts 50% dropout for generalizing the models predic-

tions. The architecture of model-1 architecture was implemented with the help of pytorch

framework of python library (See Appendix-A). Model-1 is trained using on the H3WB

dataset for task-1 which defines 2D pose to 3D pose estimation of complete body.
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Figure 4.6: DNN architecture based on linear layer (model-1)
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Figure 4.7: DNN architecture with residual bock (model-2)

4.2.3 Building Residual Layered Based Architecture: Model-2

This model is the extended version of the model-1. In this architecture, several residual

blocks are used without normalization. Several residual block is handled by the value of N

as shown in Figure-4.7. In this architecture, instead of using ReLu activation, Leaky ReLu

activation function is adopted so that the model can work well with the noise or outlier in

the dataset. The architecture of model-2 architecture was implemented with the help of

pytorch framework of python library (See Appendix-A).
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Figure 4.8: Train and Validation curve of pose grammar

4.2.4 Building Pose Grammar Based Architecture

In this architecture, we have considered incorporating the pose grammar of human body

model as described in Chapter-2. Instead of using the symmetry, motor coordinate or kine-

matics grammar, a variant of pose grammar is used. That is the relation among the joint e.g.

preparing the neighbors of a joint position using adjacency matrix. To implement the this

network, I had considered using Graph Convolution Neural (GCN) network as this network

performs well with the graph like structure data reported by Kipf and Welling (2016), Chen

et al. (2020) and other authors. For giving the relation or connection of the joints an adja-

cency matrix is created which is graph in nature, so GCN is used for the building the pose

grammar based architecture. Example of the training vs validation curve is as represented

in figure-4.8. This curve give an intuition to incorporate the information with final archi-

tecture for estimating human 3D pose which is described in later section. Implementation

of pose grammar is given in Appendix-A.4.

From all of the above exploration of different models, we finalized the followings:
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• As we can not get the sequence data from H3WB, we dropped the idea of using

Transformer.

• Instead of using Transformer, we used other DNN based architecture with residual

blocks.

• As joint connection graph given a better intuition (Figure-4.8), we incorporated this

in the final proposed architecture.

4.3 Proposed Architectures

In this section, proposed architectures will be described. From the exploration of the dif-

ferent architectures as described in previous section, we have considered proposing two

architecture. One is without the pose grammar and another one is with pose grammar. The

first one is referred as Hybrid Model-3 and the second one is referred as Final-Model-4

named as HEpose.

4.3.1 Proposed Architecture-1: Hybrid Model-3

The proposed architecture (hybrid-model-3) is the combination of both model-1 and model-

2 as shown in figure 4.9. Considering the framework of Martinez et al. (2017), We have

chosen two architecture. One is simple linear layer based which we referred as model-1

is showed in Fig. 4.6 and another one with a increased linear layer and having residual

block (referred as model-2) is showed in Fig. 4.7. Later, combining these two architectures

i.e. model-1 and model-2, another architecture (referred as hybrid-model-3) have been

proposed which is showed in figure 4.9. It takes the 2D joint positions of 133 joints of each

sample as input. This joint positions i.e. (133×2) values are given as input to both model-1

and model-2 with N=3 simultaneously. Both model-1 and model-2 produces 3D pose of

133 keypoints which got concatenated just before the last layer of hybrid-model-3. In the

concatenation part the estimated poses of model-1 and model-2 are stacked together and

feed to a fully connected linear layer.

32



Linear Layer
(133x2) x 1024

Batch Normalization
ReLu, Drop out

Linear Layer
1024 x 1024

Batch Normalization
ReLu, Drop out

Linear Layer
1024 x 1024

Batch Normalization
ReLu, Drop out

Linear Layer
1024 x 1024

Batch Normalization
ReLu, Drop out

Linear Layer
1024 x 1024

Linear Layer
1024 x (133x3) 

Linear Layer
(133x2) x 1024

Linear Layer
1024 x (133x3) 

Concatenating Layer
(266x3)

Linear Layer
(266x3) x (133x3) 

1
3

3
 x

 2

x
Y

1

Y
2

m
od

el
-1

m
od

el
-2

1
3

3
 x

 3

Ypred

Yconcat

LeakyReLu

LeakyReLu

Residual Block
1024 x 1024 

Linear Layer
1024 x 1024

x 
N

R
es

id
u

al
 B

lo
ck

Fi
gu

re
4.

9:
Pr

op
os

ed
hy

br
id

de
ep

le
ar

ni
ng

fr
am

ew
or

k
(H

yb
ri

d-
M

od
el

-3
):

C
om

bi
ni

ng
m

od
el

-1
an

d
m

od
el

-2
w

ith
tw

o
ad

di
tio

na
ll

ay
er

33



This fully connected linear layer produces the final estimated 3D pose of a particular sam-

ple. In this hybrid-model-3, output of model-1 and model-2 is concatenated to generate

3D keypoints which consists of three residual block (i.e. N=3) initially and it had been

increased to explore how the performance are being varying. Mathematical representation

of working process of the hybrid-model-3 of a sample i is as follows:

• Let, xi → each sample having 2D positions i.e. (x, y) values of 133 joint positions.

so the size of xi is (133, 2)

• Y1i → 3D positions estimated through model-1 for the sample xi, output size is

(133, 3)

• Y2i → 3D positions estimated through model-2 for the sample xi, output size is

(133, 3)

• Yconcat → Y1i concatenate Y2i , the output of model-1 and model-2 are appended

together. So, size of the Yconcat is (133 + 133, 3) = (266, 3)

• Ypredi is obtained from the last fully connected layer which takes input from Yconcat

and outputs the final pose of sample xi in 3D.

4.3.2 Proposed Architecture-2: Final Model-4 (HEpose)

In this section, the final proposed architecture will be described. It is comprised of Hybrid

Model-3 with a variant Pose Grammar. The grammar we have incorporated with the hybrid-

model-3 is the connections among the joint positions. The major connections of head,

left-arm, right-arm, body, right-foot, left-foot are considered. Joint position numbers are

marked in the figure-5.1. According to the marking following connections are considered.

We have named this final model-4 as HEpose.

• branch head = [(0,1), (1,3), (0,2), (2,4), (59,64), (65,70),(71, 82), (71,83), (77,87),

(77,88),(88,89), (89,90), (71,90)]

34



• branch left arm = [(5,7), (7,9), (9,91), (91,92), (93,96), (96,100), (100,104), (104,108),

(91,108)]

• branch right arm = [(6,8), (8,10), (10,112), (112,113), (114,117), (117,121), (121,125),

(125,129), (112,129)]

• branch body = [(5,6), (6,12), (11,12), (5,11)]

• branch right foot = [(12,14), (14,16), (16,20), (16,21), (16,22)]

• branch left foot = [(11,13), (13,15), (15,17), (15,18), (15,19)]

Here, branch head is the joint positions considered for representing head, branch left arm

and branch right arm represents the edges to construct the right and left hand respectively.

branch body considers the connections among the main body joint points. branch right foot

and branch left foot represents the edges to construct right and left leg respectively.

Figure-4.10 represents the full architecture of proposed final-model-4: HEpose with the

module pose grammar incorporated. This joint connection information along with the 2D

poses are feed in the graph convolution network from lower dimension to higher dimension

that increased from 64 units to 256 units and followed by a linear layer. The linear layer

outputs 133x3 values. Output of this linear layer is concatenated with the output of hybrid-

model-3 by appending all the estimated value by three parallel path for all joints to get the

final estimated 3D poses.

Sample output of the pose grammar model is shown in figure-4.11 without incorporation of

the hybrid-model-3’s output and 4.12 gives the output after incorporating with the hybrid-

model-3.

To analyse the performance of the architectures, Human3.6m 3D Whole Body dataset

(H3WB) Zhu et al. (2023) is used which comprise of 133 keypoints of full human body

with 2D and 3D annotation for each person. We have used 80k samples of complete 2D

to 3D ground truth keypoints. In each samples, body structure, face, both hands are repre-

sented with 23, 68, and 42 keypoints respectively which is created from the Human3.6m

Ionescu et al. (2014) dataset (main dataset). These are discribed elaborately in Chapter-5.
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Figure 4.11: Output of Standalone Pose
Grammar

Figure 4.12: HEpose: Output of Pose
Grammar while incorporating it with the
proposed hybrid-model-3

The architectures model-1, model-2, hybrid-model-3, final-model-4 aka HEpose had been

trained on the train dataset from the H3WB dataset and validated during the training. Later

on the performance is evaluated on the portion of the dataset which was kept for testing

the architecture. Finally, We have simulated the model-1, model-2, hybrid-model-3, final-

model-4 aka HEpose one by one and evaluated using the evaluation metrics MPJPE and

PCK and reported the results.
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CHAPTER 5

IMPLEMENTATION AND RESULT

The specifics of implementing the proposed architectures will be covered in this chapter

along with the details of the used dataset. Sequential presentations of the training details of

the architectures, their performance on the test data, and the analysis carried out on it will

also be presented.

5.1 Dataset

We have considered Human3.6m and the extended dataset of Human3.6m for training the

proposed architectures. Evaluation results are also based on the same dataset. The proper-

ties of the datasets are described in the following sub-sections.

5.1.1 Human3.6m Dataset

Human3.6m Dataset by Ionescu et al. (2014) is one of the largest dataset containing 3.6

million samples with several annotations like 3D poses with the corresponding images as

well as videos. It contains in total 11 professional actors or subjects among them 6 subjects

are of male and 5 are of female, who performed poses in 17 scenarios. The scenarios are

directions, discussion, eating, activities while seated, greeting, taking photo, posing, mak-

ing purchases, smoking, waiting, walking, sitting on chair, talking on the phone, walking

dog and walking together. All the poses or actions are taken in the lab environment with

four camera’s mounted in four side of the lab. Ground truth positions of the joints are taken

from sensors attached to the joints.
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5.1.2 Human3.6m 3D Whole Body Dataset

Human3.6m 3D Whole Body (H3WB) dataset by Zhu et al. (2023) is the extension of

Human3.6m dataset. This dataset provided three versions for three task. They are: complete

2D pose to 3D human pose estimation, incomplete 2D pose to 3D pose estimation and

image to 3D pose estimation. It represents 133 keypoints for full human body with 2D

and 3D annotation for each person. In each samples, body structure, face, both hands are

represented with 23, 68, and 42 keypoints respectively. Training dataset comprises of 80k

samples for 2D to 3D pose estimation data with ground truth keypoints, and testing dataset

having 10k samples for both of complete and incomplete 2D-3D task. And for image to

direct 3D pose estimation task, the train dataset having 80k training samples containing

image path, bounding box around the person, 3D poses and 20k testing samples. This

dataset adopts the coco layout of human model which is shown in the Figure-5.1.

For training the proposed architectures and evaluating the models performance, complete

2D pose to 3D pose estimation dataset of H3WB dataset was considered. This dataset has

a total of Eighty Thousand samples with ground truth 3D poses. That’s why, the dataset is

divided into three portion. First portion contains sixty four thousand (64k) samples which

was used for training all the models. Second portion contains eight thousand (8k) samples

which was used for validating the model during the training phase to understand how the

models were performing with the unforeseen data. The last portion was which contains

last eight thousand (8k) samples which were used for evaluating the trained model’s perfor-

mance.

5.2 Implementation of the Architectures

The proposed architectures were implemented using pytorch framework of python. Sample

Python code segments of the implementation is given at the Appendix-A. In Appendix-

A.1 sample steps for loading the training dataset, validation and testing dataset is shown.

Appendix-A.2 gives the python code of training functions for different architectures. Im-

plementation of model-1, model-2 and hybrid-model-3 is given in Appendix-A.3. Finally,
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Figure 5.1: COCO Body Layout, Image Source
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the Appendix-A.4 gives the final-model-4 architecture i.e. HEpose along with its joint re-

lation selection through adjacency joint creation and corresponding training code.

5.3 Training Results of the Architectures

In this section, the results of training phase for all the models will be discussed. Before

projecting the proposed architecture, training result of model-1 and model-2 will also be

presented here. Following is the experimental setup which was considered during the mod-

els training and evaluating phases.

Experimental Setup:

Here, considerations to experiment on the implemented models taken, will be described for

model-1, model-2, hybrid-model-3 and final-model-4 i.e. HEpose.

We implemented our architecture using python torch framework. As shown in the Fig.

4.6, 4.7, 4.9 and 4.10 the architecture is implemented using pytorch in google colab using

TPU-4 GPU runtime environment. The author provided training data of H3WB Zhu et al.

(2023) dataset for complete 2D to 3D pose estimation task which indicated all values of

all 133 keypoints are present, was divided in to three parts. One part for training, one part

for validating during the training and the last part for testing the model. Train, validation

and test dataset split ratio was taken 80:10:10. The train data had 80K samples. We have

kept 64K samples for training, 8K samples for validating the model during the training

and 8K sample for testing the performance of the model. Each networks has been trained

for 250 epoch. During the training, the batch size was 64 and learning rate was set to

0.0001. We adopted Adam optimizer during the training of the learning curve for model-1,

model-2, hybrid-model-3 and final-model-4 i.e. HEpose. Performance of the model was

also evaluated on the author provided 10k test dataset which do not had ground truth 3D

poses. To evaluate this, the estimated 3D poses were sent the authors. The authors were

very cooperative regarding this matter.
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Figure 5.2: Train-Validation Loss of model-1

5.3.1 Training Result of Model-1

Training vs validation loss of model-1 is shown in Figure-5.2 for 250 epoch using Adam

optimizer. This figure showed that the validation dataset curve fluctuates a lot with respect

to training curve. Deviation of the fluctuation of validation curve is about 50 mm and the

figure indicated that minimum training loss is around 100.

5.3.2 Training Result of Model-2

Training vs validation loss of model-2 is shown in Figure-5.3 for 250 epoch using Adam

optimizer. This figure showed that the validation dataset curve became smoother with re-

spect to training curve. It also depicted that the training loss got reduced which is below 50

after 100 epoch.

42



Figure 5.3: Train-Validation Loss of model-2 with 3 residual block

5.3.3 Training Result of Hybrid-model-3

Training vs validation loss of hybrid-model-3 is shown in Figure-5.4 for 250 epoch using

Adam optimizer with N=3 which means three residual block got cascaded. In this figure,

training loss and validation both got reduced to below 50 after 100 epoch.

5.3.4 Training Result of Final-model-4: HEpose

Training vs validation loss of the final-model-4 i.e. the HEpose is depicted in Figure-5.5

for 250 epoch using Adam optimizer with N=3. The train-validation curves got stabilized

around 200 epoch.

5.4 Evaluation Process

In this section, at first we will discuss on the process we followed to evaluation each of the

model. The loss function during the training is the mean absolute error which is given as
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Figure 5.4: Train-Validation Loss of hybrid-model-3 with N=3

Figure 5.5: Train-Validation Loss of final-model-4 with N=3 (HEpose)
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below, where ŷ is the estimated 3D pose and y is the ground truth 3D pose for a sample.

Loss = avg

(
N∑
i=1

K∑
j=1

|ŷij − yij|

)
(5.1)

Here, K is the number of keypoints in a sample and N is the total number of samples are be-

ing used for calculating the loss. After the completion of the training, using the test dataset

(8k) kept for analysing the model’s performance was evaluated with respect to MPJPE and

PCK. Thereafter, the original test dataset by Zhu et al. (2023) was also used for analysing

the model’s performance.

5.4.1 Mean Per Joint Position Error (MPJPE)

The MPJPE is calculated by taking the mean of the Euclidean distance between the pre-

dicted 3D joint positions and the corresponding ground truth joint positions. Lower the

value of this metric is, better the model is. MPJPE of a sample is given by the following

equation:

MPJPE =
1

N
(

N∑
i=1

distance(y predi, y gti)) (5.2)

Here, N is the number of keypoints presented in each sample, y predi is the estimated,

and y gti is the ground truth 3D pose for joint i respectively. The distance() function in

equation-5.2, calculates the Euclid’s distance in 3D. MPJPE is calculated based on six cri-

teria. Four of the error values were measured by aligning each joint position along pelvis:

full body considering 133 keypoints, only the body skeleton considering 23 keypoints (17

keypoints for body and 6 keypoints for leg), 68 keypoints of face and 42 keypionts of hand.

Rest two error values were measured aligning along nose and wrist which is face and hand

respectively. For left and right hand, the alignment was done along left wrist and right wrist

respectively.
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5.4.2 Percentage of Correct Keypoints (PCK)

The PCK is measured considering a threshold value, if the distance between predicted po-

sition in 3D and the ground truth 3D position is less than the threshold value then the

keypoint is treated as correctly estimated. Thus correctly identified keypoints of N samples

are counted and reported as percentage. Higher value of this metrics represents the better-

ment of the model. In Algorithm-5.1, the process of calculating PCK is given.

Algorithm 5.1 Pesudo algorithm for calculating percentage of correct keypoints (PCK) for
a specific Threshold value
Require: num joints, Threshold, y gt, y pred

1: x← Threshold
2: N ← length(y pred)
3: total count← 0
4: for i ∈ N do
5: count← 0
6: for j ∈ num joints do
7: if distance(y pred[i, j], y gt[i, j]) ≤ x then
8: count← count+ 1
9: end if

10: end for
11: total count← total count+ count/num joints
12: end for
13: PCK =

total count

N
× 100%

We have considered the threshold value in two criterion to check the performance. One

is fixed distance in millimeter which varied from 50 mm to 500 mm and another one is

considered as the 50% of the torso length written as PCK@0.5T. Torso length is the distance

between top of the shoulder to the top of hip bone.

5.5 Evaluation Result and Analysis

We will report the results obtained from each of the model. Results of the model’s per-

formance will be analysed. We have analysed the model-1, model-2, hybrid-model-3 and

final-model-4. We have analysed the result using two test dataset. Eight thousand sam-

ples which were kept from the training dataset and the ten thousand samples which were
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provided by H3WB dataset. Moreover we have also analysed the result of hybrid-model-3

with the increment of the value of N and changing of optimizer with the final-model-4 i.e.

HEpose. All the analysis is done based on two evaluation metrics: MPJPE and PCK.

5.5.1 Test Result Analysis Based on MPJPE

To compare and analyse the results obtained from the networks are compared and analysed.

MPJPE is shown in Table-5.1 for model-1, model-2, hybrid-model-3 with N=3 and the

HEpose using Adam optimizer which represents MPJPE in six criteria. Table-5.1 showed

that the MPJPE error got reduced by almost 50% in hybrid-model-3 from model-1. Also,

it is noticed that the MPJPE got reduces if the joint connection information is incorporated.

All the errors for all six criteria is reduced by the HEpose model except the pelvis aligned

MPJPE on hand. The results of Table-5.1 were measured using the 8K samples of train

dataset which were segregated from the training.

Table 5.1: Evaluation result of MPJPE (in milimeter) of model-1, model-2 with 3 Residual
Block, hybrid-model-3 with N=3 and the proposed final-model-4 (HEpose)

MPJPE (mm) model-1 model-2,
Residual=3

hybrid-
model-
3, N=3

HEpose

1 Pelvis aligned MPJPE (133) 88.9742 51.7882 43.8661 42.2171
2 Pelvis aligned MPJPE on body (23) 86.0861 52.9780 44.7417 41.5647
3 Pelvis aligned MPJPE on face (68) 68.7416 44.2199 36.3528 34.1577
4 Nose aligned MPJPE on face (68) 19.4384 14.7677 13.8340 12.2497
5 Pelvis aligned MPJPE on hands (42) 123.3132 63.3903 55.5509 55.6231
6 Wrist aligned MPJPE on hands (42) 45.4498 34.1689 28.5183 27.1080
Value inside the first bracket represents the number of keypoints considered for evaluating
MPJPE on the segregated 8k data samples.

For further analysis, the value of N was increased from 3 to 6, 9 and 12. Figure-5.6 showed

that the MPJPE errors were increased for N=12 with Adam optimizer, which got reduced

significantly when Adamax optimizer was incorporated. While incorporating the network

of pose grammar in final-model-4 (HEpose) out-performed all the models. It is also notice-

able that for N=12 hybrid-model-3 deteriorate from its regular behavior. It happened due
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Figure 5.6: Comparative result of MPJPE while increasing the value of residual block i.e
N=6 to N=12 with Adam and only N=12 with Adamax optimizer of hybrid-model-3, and
HEpose.

the increased residual blocks the model was being overfitted with the training dataset.

5.5.2 Test Result Analysis Based on PCK

The PCK of model-1, model-2, hybrid-model-3 and final-model-4 is shown in Table-5.2.

Here, all the models were built considering N=3 for the residual blocks. It represent PCK

with fixed value threshold as well as the 50% of the torso length. At threshold PCK@0.5T,

HEpose outperformed model-1, model-2 and hybrid-model-3, and also behaved similarly

at other fixed threshold levels. PCK@150mm and PCK@0.5Torso is highlighted in the

table, because PCK at these two values are considered as the standard threshold by most of

the researchers in this domain. And we can see that, PCK@150mm and PCK@0.5T is in

acceptable region which is 89.97% and 93.93% respectively.

Figure-5.7 depicts the comparison among the models while value of N is being varying

in hybrid-model-3 and final-model-4. The hybrid-model-3’s estimation of 3D human pose

improved noticeably as N was increased. It is also noteworthy that, as the residual block
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Table 5.2: Evaluation result of Percentage of Correct Keypoint (PCK) of model-1, model-2,
hybrid-model-3 and final-model-4 i.e HEpose

PCK (mm) Model-1 Model-2 Hybrid-
model-
3: N=3

Final-
model-4:
HEpose

PCK@50 mm 11.1055 62.3753 64.0079 66.6884
PCK@100 mm 43.9461 82.7347 83.1899 84.1211
PCK@150 mm 70.0602 89.372 89.5001 89.9760
PCK@250 mm 90.8028 94.0414 94.3095 94.5006
PCK@300 mm 94.5209 95.182 95.4108 95.6835
PCK@350 mm 96.5704 96.0956 96.1553 96.4479
PCK@400 mm 97.7262 96.6873 96.6986 97.0543
PCK@450 mm 98.4982 97.202 97.1691 97.4853
PCK@500 mm 98.9521 97.6234 97.6658 97.9317
PCK@0.5Torso mm 88.5626 93.5306 93.759 93.9325

increases, though the rate of performance improved in terms of PCK, but the improvement

rate was relatively low. Furthermore, the Figure-5.7 depicts that for N=3 the model has

performed comparatively better at PCK@50 and so on. Which means that for N=3 the

model is generalizing and stabilizing as well as using less trainable parameters as residual

blocks were less. So, the best performing model with respect to N is having the value of

N=3. Thus, we selected that the value of N to be set at 3 for the proposed architecture.

Moreover, while the pose grammar is being incorporated (HEpose), then the performance

also increases compared to all other models.

5.6 Ablation Study of HEpose

In this section, behaviour of final-model-4 (HEpose) architecture will be discussed, if dif-

ferent module of it got removed. Table-5.3 and 5.4 gives the summary result of the ablation

study.

In Table-5.3, we had analysed the HEpose considering MPJPE. At first we had removed the

model-1 module from the HEpose. Then we had trained the model with 64k samples using

our selected train dataset. Then, evaluation result is generated using the 10k test dataset

provided by Zhu et al. (2023). The evaluation result showed that, without model-1 the per-

formance of HEpose architecture fall down which means model-1 is playing very important
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Figure 5.7: Comparative results of Percentage of Correct Keypoint (PCK) among the vari-
ations of Hybrid model-3 and Final model-4. Value of N is varied from 3 to 12 in hybrid-
model-3.

role in this architecture. The results are projected in the first column of the Table-5.3. Next

we had removed the model-2 portion and trained with 64k samples and evaluated using

the same dataset. From these evaluation result we found that, for three criterion of MPJPE

showed improved performance with respect to HEpose while other three criterion was not

improved. Without model-2 compared to the full HEpose which has three module or part:

model-1, model-2 and pose network model, HEpose is giving better performance on the

pelvis aligned 23 joints of body, and nose aligned 68 joints of face. The reason for this is,

the variant of pose grammar we had consider comprises most of the joint relations of the

body and face. So, this ablation study gave us the intuition to focus on building the relation

among the joints more precisely which we would like to carry on as our future work.

In Table-5.4, Procrustes aligned on MPJPE in millimeter is compared. The meaning of

procrustes aligned is to super-impose the a predicted shape on the original shape by rotating,

translating or shifting and after that calculating the deviation. In our case, the predicted 3D

poses were super-imposed considering the original ground truth 3D poses and thereafter the

MPJPE were calculated and reported. To do this task, author Zhu et al. (2023) helped as the
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Table 5.3: Performance Evaluation of HEpose with and without incorporating Model-1 and
Model-2 in terms of MPJPE

MPJPE (mm) w/o Model-1 w/o Model-2 HEpose
Pelvis aligned MPJPE (133) 624.0769 88.4820 95.1904
Pelvis aligned MPJPE on body (23) 613.2315 86.2650 81.9182
Pelvis aligned MPJPE on face (68) 701.5047 67.9163 74.3716
Nose aligned MPJPE on face (68) 128.5384 17.6050 15.3120
Pelvis aligned MPJPE on hands (42) 504.6563 122.9929 136.1652
This result is reported using the author provided test data i.e 10k samples for MPJPE

evaluation result given on the 10k author provided dataset. From Table-5.4, we had reported

the performance of the model on 10k test dataset, if the model- 1 or model-2 is removed

respectively. This also gave similar intuition like before that model-1 has significant role

in the architecture as without model-1, the performance is deteriorating. Comparing with

HEpose and without model-2 column in the table, we found that pose network improved

the estimation of face and hand. Though other two i.e. body and all joints results did not

improved, the difference is low. So we were again directed to find a more intuitive joint

relation among the joints.

Table 5.4: Model-1 and Model-2 is excluded separately to analyse the performance of the
final-model-4: HEpose considering the Procrustes aligned MPJPE on the 10K Test dataset
of H3WB dataset. Zhu et al. (2023)

PA MPJPE (mm) w/o Model-1 w/o Model-2 Final Model-4:
HEpose

PA MPJPE 401.3654 54.0126 57.4395
PA MPJPE on body 586.5677 60.2012 63.9371
PA MPJPE on face 106.9215 11.7615 10.1550
PA MPJPE on hand 87.1282 14.6668 12.4413
This result is reported using the author provided test data i.e 10k samples for PA MPJPE,
Lower value indicates better results

5.7 Comparison with SOTA methods

In this section, comparative result of the proposed final-model-4 (HEpose) is shown with re-

spect to the other state-of-the-art methods. Here we had compared our proposed model with

SimpleBaseLine by Martinez et al. (2017), SMPL-X by Pavlakos et al. (2019), CanonPose

by Wandt et al. (2021), and Jointformer by Lutz et al. (2022). SimpleBaseLine considers
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linear layered base architecture like model-1. unified model, called SMPL-X is a unified

model for SMPL eXpressive, with shape parameters trained jointly for the face, hands and

body. CannonPose comprises of 2D detectors as it takes image as input, a lifting network

using linear layer and residual block, and can support multiple view. Jointformer comprise

of Transformer based architecture for joints prediction and another refinement transformer

for boosting the predictions.

Table 5.5: Comparative analysis of the proposed final model (HEpose) with existing SOTA
methods in terms of MPJPE

MPJPE (mm) Martinez
et al.
(2017)

Pavlakos
et al.
(2019)

Wandt
et al.
(2021)

Lutz
et al.
(2022)

Ours:
HEp-
ose

Pelvis aligned MPJPE (133) 125.4 188.9 186.7 88.3 95.2
Pelvis aligned MPJPE on body (23) 125.7 166.0 193.7 84.9 81.9
Pelvis aligned MPJPE on face (68) 115.9 208.3 188.4 66.5 74.4
Nose aligned MPJPE on face (68) 24.6 23.7 24.6 17.8 15.3
Pelvis aligned MPJPE on hands (42) 140.7 170.2 180.2 125.3 136.2
Wrist aligned MPJPE on hands (42) 42.5 44.4 48.9 43.7 34.7
Value inside the first bracket represents the number of keypoints considered for evaluating
MPJPE on 10k samples of Test Dataset provided by Zhu et al. (2023).

We found that, our proposed architecture out-performed SimpleBaseLine, SMPL-X and

CanonPose in terms of MPJPE for all the six criteria. HEpose also out-perfomed in three

criteria compared with Jointformer architecture. And it is also noticeable that, though HEp-

ose lags behind in other three criteria of MPJPE, the difference with Jointformer is very

less.
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CHAPTER 6

CONCLUSION

In this chapter, our focus is on reflecting upon the significant milestones we’ve attained and

articulating our vision for the future. We explored the accomplishments that shaped our

journey thus far and elaborated on the strategies we intended to pursue moving forward.

6.1 Thesis Outcomes

The thesis investigated deep neural network for finding human 3D pose from 2D pose of an

image. As a outcome of the study, two architecture were proposed combining linear layer,

residual connection as well as network for handling the pose grammar-based approach. The

research achieved the following outcomes at the end of the research.

1. Efficient deep learning architecture was designed for human pose estimation consid-

ering skeleton based body representation.

2. A comprehensive and in-depth analysis was carried out and the final architecture

(HEpose) outperformed state-of-the-art methods on the skeleton based body model

representation for human pose estimation.

6.2 Thesis Contribution and Implications

Estimating Human 3D Pose from 2D Keypoints is one of the fundamental problem in com-

puter vision in areas like motion capture, gesture recognition, human-computer-interaction

etc. Deep Neural Network (DNN) architectures play a crucial role in estimating human 3D

pose from 2D keypoints. By exploring various architectures, the most suitable architec-

ture for estimating human 3D pose was figured out investigating different configurations of

the architectures, layer types, and connectivity patters etc. A parallel network architecture
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is designed that allows for parallel processing of information and potentially improving

performance with SOTA methods. The architectures’ parallel branches helps to operate

concurrently on different aspects of the input data. A specific dataset was explored in depth

and used for training and evaluating the model’s performance. The choice of dataset is

crucial as it determines the diversity and complexity of the data the model learns from,

thereby influencing its generalization performance. In this study, H3WB dataset is thor-

oughly explored and examined on the designed architecture. For measuring performance

of the designed architecture, we found Mean Per Joint Position Error (MPJPE) and Percent-

age of Correct Keypoints (PCK) is essential for quantitatively assessing its effectiveness.

These metrics provide insights into how accurately the model estimated 3D poses compared

to ground truth data. We explored and showed through the result analysis that combining

multiple models lead to improved performance by leveraging the strengths of each indi-

vidual model. We had also focused the effect of residual blocks. Increasing the number

of residual blocks enhanced the model’s capacity to capture complex relationships in the

data, potentially leading to better performance. But we also showed that it leads to over-

fit the model with the training dataset, that’s why it is important to determine the optimal

number of residual blocks for this task. From our study we identified that three residual

block performed best for generalizing the model’s performance. Later on, joint connection

information were incorporation which improved its ability to capture the spatial relation-

ships between different body joints. This contextual information helped the model produce

more accurate and coherent 3D pose estimations. Thus this research, not only explored

novel approaches to find human pose estimation but also demonstrated improvements in

performance through careful architectural design and model combination strategies. This

study will have an impact on the society to accurately take decisions where human 3D pose

is required.
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6.3 Limitation and Future work

In this section, we will describe on the limitations and future directions on this research

domain. Though our proposed hybrid model and final model (HEpose) resulted better per-

formance, there were some limitations. We have only used one dataset H3WB which is

provided by Zhu et al. (2023) for the task 2D to 3D pose estimation and the dataset had

complete body in the 2D pose which means there were no occlusion. And we had worked

on from the 2D pose assuming that 2D pose will be estimated using state-of-the-art 2D pose

detectors. We did not work on estimating 3D poses from image or video. Moreover, we

did not considered the presence of multiple human in the image. So, to use this proposed

architecture, one need to detect multiple person using some state-of-the-art person detector,

then use state-of-the-art 2D pose estimator to generate 2D pose of 133 keypoints of each

person and then the proposed architecture can estimate 3D pose of each of the person.

The future directions of the study is to identify the real-time performance of the architec-

ture so that it can be integrated in different action recognition or in augmented and virtual

reality. Researchers can also focus on the self-supervising or reinforcement learning for

estimation 3D pose in real-life scenario. More analysis can be conducted while directly

estimating 3D pose from image or video frames. As the image quality and angle of the

image have effect on the performance in terms of precision in identifying posture in three

dimension. Researcher can also work on the real-time applications using 3D pose estimator

to evaluate the performance of different action. For example, in sign language recognition,

the application needs to understand the hand posture as well as movement to realise the

meaning of the hand gesture. So, researching on the full body’s each parts 3D pose estima-

tion is crucial for improve the power of the computer vision and understanding scene.
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APPENDIX A

IMPLEMENTATION

1 import torch

2 import json

3 import matplotlib.pyplot as plt

4 import numpy as np

5 import datetime

6 import os

7 import torch.nn as nn

8 from torch.utils.data import TensorDataset, DataLoader

9 from sklearn.model_selection import train_test_split

10 import matplotlib.pyplot as plt

11 KEYPOINTS = 133

12

13 # ===============================================

14 # Following Codes for Loading Dataset

15 # ===============================================

16 # Original Datapath

17 # path = ’C:\\Users\Zinia\PycharmProjects\wholebody3d\datasets\json’

18 input_list, target_list = json_loader(data_path, task=1, type=’train’)

19 X = torch.stack(input_list)

20 y = torch.stack(target_list)

21

22 X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2,

random_state=42)

23 X_val, X_test, y_val, y_test = train_test_split(X_test, y_test,

test_size=0.5, random_state=42)

24

25 # PyTorch DataLoader for easier iteration during training

26 train_dataset = TensorDataset(X_train, y_train)

27 val_dataset = TensorDataset(X_val, y_val)

28 test_dataset = TensorDataset(X_test, y_test)

A-1



29

30 train_loader = DataLoader(train_dataset, batch_size=64, shuffle=True)

31 val_loader = DataLoader(val_dataset, batch_size=64, shuffle=False)

32 test_loader = DataLoader(test_dataset, batch_size=64, shuffle=False)

Listing A.1: Python code for Loading the dataset

1 # Training for a single epoch

2 def train_one_epoch(epoch_index, training_loader, model, optimizer,

loss_fn):

3 running_loss = 0.

4 last_loss = 0.

5 number_of_batch = 0

6 for i, data in enumerate(training_loader):

7 # Every data instance is an input + label pair

8 inputs, labels = data

9 inputs, labels = inputs.to(device), labels.to(device)

10 # Zeroing gradients for every batch!

11 optimizer.zero_grad()

12 # Make predictions for this batch

13 outputs = model(inputs)

14 # Compute the loss and its gradients

15 outputs = outputs.view(-1, 1, KEYPOINTS, 3)

16 loss = loss_fn(outputs, labels)

17 loss.backward()

18 # Adjust learning weights

19 optimizer.step()

20 # Gather data and report

21 running_loss += loss.item()

22 number_of_batch += 1

23 last_loss = running_loss / number_of_batch

24 return last_loss

25

26 def Model_Train(EPOCH, train_loader, val_loader, model, optimizer,

loss_function, path_of_checkpoint, ck_name):

27 training_losses = []

A-2



28 validation_losses = []

29

30 # Training loop

31 num_epochs = EPOCH

32 for epoch in range(num_epochs):

33 model.train()

34 train_loss = train_one_epoch(epoch, train_loader, model,

optimizer, criterion)

35 training_losses.append(train_loss)

36

37 model.eval()

38 running_val_loss = 0.0

39 # using validation set during train

40 with torch.no_grad():

41 for i, data in enumerate(val_loader, 0):

42 inputs, labels = data

43 inputs, labels = inputs.to(device), labels.to(device)

44 labels = labels.view(-1, 1 * KEYPOINTS * 3)

45 outputs = model(inputs)

46 loss = criterion(outputs, labels)

47 running_val_loss += loss.item()

48 val_loss = running_val_loss / len(val_loader)

49 validation_losses.append(val_loss)

50 print(f"Epoch [{epoch + 1}/{num_epochs}] - Train Loss: {

train_loss:.3f}, Val Loss: {val_loss:.3f}")

51

52 torch.save(model.state_dict(), f’{path_of_checkpoint}/{ck_name}_{

epoch+1}_final.pth’)

53 torch.save(model, f’{path_of_checkpoint}/full_{ck_name}_{epoch+1}

_final.pth’)

54 return training_losses, validation_losses

Listing A.2: Python code for Training the Model

1 import datetime

2 import os
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3 import torch

4 import torch.nn as nn

5 from torch.utils.data import TensorDataset, DataLoader

6 from sklearn.model_selection import train_test_split

7 import matplotlib.pyplot as plt

8

9

10 KEYPOINTS = 133

11 #-------------------------------------

12 # Model-1

13 #-------------------------------------

14 class Model_Arch_simpleBaseline(nn.Module):

15 def __init__(self):

16 super(Model_Arch_simpleBaseline, self).__init__()

17 self.upscale = nn.Linear(KEYPOINTS * 2, 1024)

18 self.fc1 = nn.Linear(1024, 1024)

19 self.bn1 = nn.BatchNorm1d(1024)

20 self.fc2 = nn.Linear(1024, 1024)

21 self.bn2 = nn.BatchNorm1d(1024)

22 self.fc3 = nn.Linear(1024, 1024)

23 self.bn3 = nn.BatchNorm1d(1024)

24 self.fc4 = nn.Linear(1024, 1024)

25 self.bn4 = nn.BatchNorm1d(1024)

26 self.outputlayer = nn.Linear(1024, KEYPOINTS * 3)

27

28 def forward(self, x):

29 x = x.view(-1, 1 * KEYPOINTS * 2)

30 x = self.upscale(x)

31 x1 = nn.Dropout(p=0.5)(nn.ReLU()(self.bn1(self.fc1(x))))

32 x1 = nn.Dropout(p=0.5)(nn.ReLU()(self.bn2(self.fc2(x1))))

33 x = x + x1

34 x1 = nn.Dropout(p=0.5)(nn.ReLU()(self.bn3(self.fc3(x))))

35 x1 = nn.Dropout(p=0.5)(nn.ReLU()(self.bn4(self.fc4(x1))))

36 x = x + x1

37 x = self.outputlayer(x)
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38 x = x.view(-1, 1 * KEYPOINTS * 3)

39 return x

40

41 #-------------------------------------

42 # Model-2

43 #-------------------------------------

44 # Model-2 (Archi-2)

45 class lifter_res_block(nn.Module):

46 def __init__(self, hidden=1024):

47 super(lifter_res_block, self).__init__()

48 self.l1 = nn.Linear(hidden, hidden)

49 self.l2 = nn.Linear(hidden, hidden)

50

51 def forward(self, x):

52 inp = x

53 x = nn.LeakyReLU()(self.l1(x))

54 x = nn.LeakyReLU()(self.l2(x))

55 x += inp

56 return x

57

58 class model_LargeSimpleBaseline(nn.Module):

59 def __init__(self, input_fz=133*2, output_fz=133*3):

60 super(model_LargeSimpleBaseline, self).__init__()

61 self.upscale = nn.Linear(input_fz, 1024)

62 self.res_1 = lifter_res_block()

63 self.res_2 = lifter_res_block()

64 self.res_3 = lifter_res_block()

65 self.pose3d = nn.Linear(1024, output_fz)

66

67 def forward(self, p2d):

68 x = p2d.view(-1, 1 * 133 * 2)

69 x = self.upscale(x)

70 x = nn.LeakyReLU()(self.res_1(x))

71 x = nn.LeakyReLU()(self.res_2(x))

72 x = nn.LeakyReLU()(self.res_3(x))
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73 x = self.pose3d(x)

74 x = x.view(-1, 1 * 133 * 3)

75 return x

76

77

78 #-------------------------------------

79 # Hybride-Model-3

80 #-------------------------------------

81 class ModelCombined(nn.Module):

82 def __init__(self):

83 super(ModelCombined, self).__init__()

84 self.model_1 = Model_Arch_simpleBaseline()

85 self.model_2 = model_LargeSimpleBaseline()

86 self.fc_last = nn.Linear(2*133*3, 133*3)

87

88 def forward(self, x):

89 output1 = self.model_1(x)

90 output2 = self.model_2(x)

91 concat = torch.cat((output1, output2), dim=1)

92 # print(x.shape)

93 x = self.fc_last(concat)

94 return x

Listing A.3: Implementation code of Model-1, Model-2 and Hyrid-Model-3 architecture

1 #-----------------------------------------

2 # Building Model of HEpose (Final-Model-4)

3 #-----------------------------------------

4

5 import torch

6 import torch.nn as nn

7 import torch.nn.functional as F

8

9

10 def create_adjacency_matrix(num_keypoints, connections):

11 adjacency_matrix = torch.zeros((1, num_keypoints, num_keypoints),
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dtype=torch.float32)

12 for connection in connections:

13 keypoint1, keypoint2 = connection

14 adjacency_matrix[:, keypoint1, keypoint2] = 1

15 adjacency_matrix[:, keypoint2, keypoint1] = 1 # undirected

connections

16 return adjacency_matrix

17

18

19 KEYPOINTS = 133

20

21

22 class GraphConvolution(nn.Module):

23 def __init__(self, in_channels, out_channels):

24 super(GraphConvolution, self).__init__()

25 self.linear = nn.Linear(in_channels, out_channels)

26

27 def forward(self, x, adjacency_matrix):

28 x = x.view(-1, 133, x.shape[-1])

29 x = torch.matmul(adjacency_matrix, x)

30 x = x.view(-1, x.shape[-1])

31 x = self.linear(x)

32 return x

33

34

35 class PoseGrammarNetwork(nn.Module):

36 def __init__(self, num_keypoints):

37 super(PoseGrammarNetwork, self).__init__()

38 self.gc1 = GraphConvolution(2, 64)

39 self.gc2 = GraphConvolution(64, 128)

40 self.gc3 = GraphConvolution(128, 256)

41 self.fc_keypoints = nn.Linear(256, 3)

42

43 def forward(self, x, adjacency_matrix):

44 x = F.relu(self.gc1(x, adjacency_matrix))
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45 x = F.relu(self.gc2(x, adjacency_matrix))

46 x = F.relu(self.gc3(x, adjacency_matrix))

47 x = x.view(-1, 256)

48 keypoints = self.fc_keypoints(x)

49 keypoints = keypoints.view(-1, 399)

50 return keypoints

51

52

53 class Model1_Model2_PoseGrammar(nn.Module):

54 def __init__(self, keypoints):

55 super(Model1_Model2_PoseGrammar, self).__init__()

56 self.model_pose = PoseGrammarNetwork(keypoints)

57 self.model_1 = Model_Arch_simpleBaseline()

58 self.model_2 = model_LargeSimpleBaseline()

59 self.fc_last = nn.Linear(3*133*3, 133*3)

60

61 def forward(self, x, connection):

62 output1 = self.model_1(x)

63 output2 = self.model_2(x)

64 output3 = self.model_pose(x, connection)

65 concat = torch.cat((output1, output2, output3), dim=1)

66 x = self.fc_last(concat)

67 return x

68

69 #---------------------------------------------------------------

70 # Joint Connection Buiding for the variation of the pose grammar

71 #---------------------------------------------------------------

72 num_keypoints = 133

73 list_branch_head = [(0,1),(1,3),(0,2),(2,4), (59,64), (65,70),(71, 82),

(71,83),(77,87),(77,88),(88,89),(89,90),(71,90)]

74 list_branch_left_arm = [(5,7),(7,9),(9,91),(91,92),(93,96),(96,100)

,(100,104),(104,108),(91,108)]

75 list_branch_right_arm = [(6,8),(8,10),(10,112),(112,113),(114,117)

,(117,121),(121,125),(125,129),(112,129)]

76 list_branch_body = [(5,6),(6,12),(11,12),(5,11)]
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77 list_branch_right_foot = [(12,14),(14,16),(16,20),(16,21),(16,22)]

78 list_branch_left_foot = [(11,13),(13,15),(15,17),(15,18),(15,19)]

79

80 connections = list_branch_head + list_branch_left_arm +

list_branch_right_arm + list_branch_body + list_branch_right_foot +

list_branch_left_foot

81

82 adjacency_matrix = create_adjacency_matrix(num_keypoints, connections).

to(device)

83

84 #---------------------------------------------------------------

85 # HEpose (Final-Model-4): Model1_Model2_PoseGrammar

86 # Traing the HEpose

87 #---------------------------------------------------------------

88 model_pose_hybrid = Model1_Model2_PoseGrammar(num_keypoints).to(device)

89 criterion = torch.nn.L1Loss()

90 optimizer = torch.optim.Adam(model_pose_hybrid.parameters(), lr=0.0001)

91 epoch=250

92 training_losses, validation_losses = Model_Train(epoch, train_loader,

val_loader, model_pose_hybrid, adjacency_matrix, optimizer, criterion

, path_of_checkpoint, ’model_pose_hybrid’)

Listing A.4: Implementation of the Final-Model-4 i.e. HEpose
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