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Abstract

The reconstruction and analysis of 3D objects by computational systems has been an intensive and
long-lasting research problem in the graphics and computer vision scientific communities. Traditional
acquisition systems are largely restricted to studio environment setup which requires multiple synchro-
nized and calibrated cameras. With the advent of active depth sensors like time-of-flight sensors, struc-
tured lighting sensors made 3D acquisition feasible. This advancement of technology has paved way
to many research problems like 3D object localization, recognition, classification, reconstruction which
demand innovating sophisticated/elegant solutions to match their ever growing applications. 3D human
body reconstruction, in particular, has wider applications like virtual mirror, gait analysis, etc. Lately,
with the advent of deep learning, 3D reconstruction from monocular images garnered significant interest
among the research community as it can be applied to in-the-wild settings.

Initially we started exploration of classification of 3D rigid objects due to availabilty of ShapeNet
datasets. In this thesis, we propose an efficient characterization of 3D rigid objects which take local
geometry features into consideration while constructing global features in the deep learning setup. We
introduce learnable B-Spline surfaces in order to sense complex geometrical structures (large curvature
variations). The locations of these surfaces are initialized over the voxel space and are learned during
training phase leading to efficient classification performance. Later on, we primarily focus on rather
challenging problem of non-rigid 3D human body reconstruction from monocular images. In this con-
text, this thesis presents three principle approaches to address 3D reconstruction problem. Firstly, we
propose a disentangled solution where we recover shape and texture of the 3D shape predicted using
two different networks. We recover the volumetric shape of non-rigid human body shapes given a single
view RGB image followed by orthographic texture view synthesis using the respective depth projection
of the reconstructed (volumetric) shape and input RGB image.

Secondly, we propose PeeledHuman - a novel shape representation of the human body that is robust
to self-occlusions. PeeledHuman encodes the human body as a set of Peeled Depth and RGB maps
in 2D, obtained by performing ray-tracing on the 3D body model and extending each ray beyond its
first intersection. We learn these Peeled maps in an end-to-end generative adversarial fashion using our
novel framework - PeelGAN. The PeelGAN enables us to predict shape and color of the 3D human in
an end-to-end fashion at significantly low inference rates.

Finally, we further improve PeelGAN by introducing a shape prior while reconstructing from monoc-
ular images. We propose a sparse and efficient fusion strategy to combine parametric body prior with
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a non-parametric PeeledHuman representation. The parametric body prior enforces geometrical consis-
tency on the body shape and pose, while the non-parametric representation models loose clothing and
handles self-occlusions as well. We also leverage the sparseness of the non-parametric representation
for faster training of our network while using losses on 2D maps.

We evaluate our proposed methods extensively on a number of datasets. In this thesis, we also
introduce 3DHumans dataset, which is a 3D life-like dataset of human body scans with rich geometrical
and textural details. We cover a wide variety of clothing styles ranging from loose robed clothing like
saree to relatively tight-fitting shirt and trousers. The dataset consists of around 150 male and 50 unique
female subjects. Total male scans are about 180 and female scans are around 70. In terms of regional
diversity, for the first time, we capture body shape, appearance and clothing styles for the South-Asian
population. This dataset will be released for research purposes.
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Chapter 1

Introduction

3D computer vision is an interesting and an active research domain which has wider applications

spanning across various domains like robotics, augmented/mixed reality, entertainment etc. Tradition-

ally, 3D data has largely been restricted to CAD models created by artists in1 AutoCAD like softwares.

However, the recent technical advancement in last decade has enabled us to ef�ciently capture, process

and visualize 3D data at large scale. This advancement made 3D data more accessible and cheaper.

Many of the mobile phones available now-a-days has depth sensor installed enabling 3DFace unlock

using depth features. Recently, iPad is equipped with LiDAR sensor to scan large scale objects like

trees, buildings, caves2 etc,. Additionally, the cameras are able to click pictures with very high res-

olution (upto 100 MegaPixels). This will lead to exponential increase in availability of high quality

3D data in the near future [117]. Thus, the emergence of 3D data generation capabilities along with

computational advancement in terms of GPUs, research problems like 3D object localization, recog-

nition, classi�cation, reconstruction demand innovating sophisticated/elegant solutions to match their

ever growing applications. 3D data can be broadly classi�ed into three classes of objects namely rigid

(which undergo rigid transformation e.g. chair, sofa etc.), non-rigid (undergoes non-rigid deformation

e.g. human bodies) and elastic (exhibits elastic deformation e.g. rubber). The representation of 3D

data (outlined in section 2.1) is a crucial choice which largely determines the ef�ciency of proposed

algorithms to analyze the data.

In this thesis, we initially attempted to explore classi�cation of rigid objects and then primarily fo-

cused on reconstruction of non-rigid shapes, in particular human bodies with loose clothing. Recovering

shape, pose and motion of clothed human body from the commercially available depth and RGB sen-

sors can play a crucial role in analysing their interaction with environment. Such understanding may

open doors to wide variety of applications which may require answers to questions like ”How does

the person look in other dressing out�ts?”, ”How does the person look from other side?”, ”What is the

pose of the person in 3D?”, etc. The problem related to 3D human body estimation has a long history

in computer vision community. The accurate estimation of 3D human body reconstruction is largely

1http://www.autodesk.in
2https://www.tetongravity.com/story/gear-tech/digitalisation-of-caves-proceeds-using-lidar-on-new-iphones
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Figure 1.1 Applications of 3D shape analysis. (a) Virtual Try-on (adopted from), (b) Virtual reality

for training health-care professionals (adopted from), (c) Motion transfer adopted from, (d) Animatable

human bodies [93] and (e) Robot-object interaction

limited to expensive capture studio involving multiple synchronized calibrated cameras. However, real

world scenario is quite different and pose many challenges. We cannot expect multiple images of a

same person at the same time stamp to make 3D reconstruction plausible. Hence, estimating 3D hu-

mans from monocular image, which is an ill-posed problem, has garnered wider interest in the research

community. However, the estimation/hallucination of humans from different viewpoint as compared to

input image is a mammoth task for computers while humans can easily hallucinate the occluded regions.

With the advent of deep learning, estimating 3D human body from monocular images became feasible.

Nevertheless, many of the solutions still far from obtaining a credible reconstruction. Moreover, these

solutions are expensive in time. This can be attributed to the underlying representation of 3D data which

greatly affects the performance. The goal of this thesis is to design and propose ef�cient representation

and algorithms to make computer understand 3D data, speci�cally human body.

1.1 Motivation

Enabling visual perception for computers a.k.a. computer vision had started in late 1960s with a

small scale project aiming to extract shapes of 3D objects from 2D images [119]. The invention of

commodity camera in late 1980s facilitated the research. However, with very limited computational
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power then, research was largely limited to processing images. With the advent of GPUs, the computer

vision research again started to focus on its original objective, i.e., understand 3D world from images.

Understanding 3D world around us enables us to interact and visualize the world from different

viewpoints. The pivotal task for understanding 3D world is to analyze its constituent 3D elements. These

elements vary from rigid-objects to non-rigid humans. Image is a powerful tool available with us which

captures a moment of time of the 3D world. The goals of 3D modeling and reconstruction are to replicate

the 3D world around us as faithfully as possible from the images. The �eld has made rapid progress

in the last decade due to advancements in robust algorithms for depth estimation and the availability

of consumer hardware for 3D sensing and capture. Successful reconstruction of 3D objects paves way

to many interesting applications in 3D computer vision. Some of them include understanding 3D rigid

objects enables robot to interact with these elements, virtual reality can be a new norm for training

health care professionals, motion transfer which is widely used in entertainment industry, animating

reconstructed human body and virtual try-on which is widely used in fashion industry, to name a few, as

shown in Figure 1.1.

There are many research problems to probe in order to understand humans interaction with 3D world.

These problems include human pose estimation in 3D, clothed 3D body reconstruction from images,

temporal reconstruction of human in action (4D video), etc. Reconstruction of 3D human bodies is the

primary problem of interest in this thesis as it provides accurate estimates of shape and pose.

Over the decades, the research problem of reconstructing humans from images has been solved in-

crementally with various computer vision techniques. Traditionally, active 3D sensors are employed to

capture the shape of human bodies. These scanners emit radiation i.e. laser rays, structured light and

collect the depth information of the surfaces. The complete shape can be captured by fusing multiple

partial scans of the body which poses limitation that it is hard to reconstruct the shape which is deform-

ing temporally. Also, the cost of these sensors is typically high. To address these limitations, interest

had garnered around computer vision algorithms to infer object shape. Images captured from multiple

synchronized calibrated cameras are used to maximize the 3D volume of the object with the constraint

which enforces the projection of this 3D volume to each camera view completely falls inside the sil-

houette of that view. These methods are named Shape-from-X [57, 114] where X can be silhouettes,

photometric stereo, depth, etc. However, these methods need studio setup with green screen mat. Ad-

ditionally, multiple cameras (typically 200) are to be calibrated and synchronized. These requirements

make the capture process expensive and not scalable to real-world scenarios.

Although severely ill-posed, performing monocular reconstruction makes it non-intrusive, afford-

able, and scalable to real-world environments. Computer-vision based methods may not produce recon-

struction from monocular images as the data is not available from other views. Recent advancement

in Machine Learning has helped to develop algorithms in deep learning networks which felicitated the

research along this direction. In order to generalize these models on real-world images, we need to train

the networks/models with appropriate high quality 3D data similar to that of real humans. Additionally,

the performance of these deep models are determined by the representation of 3D data that we will be
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Figure 1.2Some of the challenges include complex clothing ( link), topological noise, wide variety of

articulated poses, background clutter, variation of shapes [6].

using. Hence, keeping all the elements together, we aim to represent and reconstruct accurate estimates

3D of human body from monocular images using deep learning models effectively.

1.2 3D Human body reconstruction: challenges

An image is a projection of the 3D world to a 2D image plane, during which the depth dimension

is not retained. Speci�cally, the imaging of 3D humans onto 2D image is the result of blended effects

of various factors and the inverse mapping i.e., 3D reconstruction of human body models from image

is a very challenging task as we need to unfold the blended effects. This requires the proposed model

to implicitly or explicitly understand what the shape and appearance of a typical human is, which helps

the model to hallucinate unseen parts. Moreover, the proposed model needs to deal with challenges that

are ambient in monocular images.

These challenges include:

• Humans exhibit signi�cant diversity in body shape variation. Any solution to recover the 3D

human body must be robust to change in shape and gender. An illustration is shown in Figure 1.2.
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• Human body is non-rigid objects can exhibit a large number of complex articulated body poses,

with signi�cant subjective pose variation across individuals. Some of the poses can be as complex

as hand stand.

• Clothing partially or fully occludes the underlying body resulting in uncertainty of shape and

pose as shown in Figure 1.2. Moreover, the cloth can also undergo through complex surface

deformations. In general, there are many varieties of clothes ranging from tight clothing (wore by

athletes) to very loose clothing (wore by artists).

• Human body undergoes non-rigid deformation and geometry can also evolve over time while

interacting with objects (yielding a large space of complex body poses as well as shape variations

owing to soft-tissue deformations).

• Self occlusions are natural to human bodies due to articulated poses where body parts like limbs

occlude the other body parts which severely affects both pose and shape estimation.

• In-the-wild images are captured with complex environments with varied backgrounds. Extracting

3D human body in these settings is a challenging task.

• Human body has speci�c body structure consisting of two hands, legs etc. Monocular image can

sometimes be misleading! When there is no suf�cient information to distinguish between body

& cloth, reconstructions might result in inaccurate estimation of topology of the body parts as

visualized in Figure 1.2.

• Estimation of shape and pose from images captured at various skewed camera viewpoints which

results in occluded body parts. Moreover, solutions to the problem should ensure the consistency

across all multiple views.

• Severe change in illumination can cause the change in the appearance of the underlying human

body while imaging.

• The availability of 3D life-like datasets is crucial to train deep learning models. Lack of real-

world life-like 3D scans of humans inhibits the accuracy of models while deploying on in-the-wild

images.

1.3 Research landscape

The problem of understanding 3D human body has manifested into the four sub problems such as,

(i)Marker Based capture, (ii) Marker-less Multi-view 3D capture, (iii) Reconstruction from sensors and

(iv) Monocular 3D human body reconstruction. We review the prior art of these sub-problems in this

section.
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Figure 1.3 Drawbacks of (a) marker-based capture and (b)multi-view marker-less capture. Image

adopted from [34].

Marker based capture: These methods reconstruct humans by placing markers or sensors [27, 52,

106, 107, 89] on the body and has been one of the most common ways to estimate 3D skeletal motion.

The visible 3D markers on the body surface are used to infer the shape and articulated pose from a

proxy-3D human body model. The main drawbacks of these techniques is that the actor needs to wear

markers and with minimal cloth as shown in Figure 1.3. Hence, to address these issues research has

progressed towards marker-less capture.

Marker-less multi-view Capture: This class of 3D capture employ traditional computer vision al-

gorithms to extract 3D human body from images. Multiple images are needed to extract 3D using these

algorithms because of self-occlusions caused by body parts and clothing deformations. Early attempts

along this direction employ visual hull based methods [30, 39, 40, 97, 153] due to its ef�ciency and

robustness to approximate underlying 3D geometry. Basic visual hull algorithm can be outlined as: (i)

Each input image is segmented to obtain a silhouette of an object. (ii) using known camera parameters,

a silhouette of an object is projected to 3D space thereby creating a visual cone. (iii) a visual hull is

obtained as the intersection of all the visual cones generated for different points of view. The advan-

tage of this method is that it requires neither constant object appearance nor the presence of textured

regions. However, visual hull based algorithms cannot handle concave regions nor produce �ne-scale

details especially when the number of input views is limited.

To achieve �ne-scale details in the recovered geometry we need to consider RGB image features.

Multi-view stereo methods [125, 135, 156, 178] consider these RGB features to produce �ne-scale ge-

ometrical and textural details. On similar lines, temporal reconstruction of human bodies in action i.e.

human performance capture is also attempted using multi-view images. Extremely high-quality recon-

struction results have also been demonstrated with tens or even hundreds of cameras [34]. However,

these systems are expensive and expect capture studio and some times green screen background as
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shown in Figure 1.3(b). With the advent of Microsoft Kinect RGBD sensors, a low cost and consumer

friendly 3D reconstruction of human body is plausible. 3D human reconstruction from consumer mul-

tiple Kinect sensors is initially proposed in [139]. The algorithm is as follows, initially each pair of raw

scans are registered pairwise. After pairwise registration, the �rst and last frame does not well match

as error accumulates. Global deformation registration is used to deal with these problems. Despite ad-

vances in technology, multi-view methods often produce noise in the �nal reconstructions. Nevertheless,

we need multiple views in a studio setup and these limitations serve as a bottleneck for 3D acquisition

in in-the-wild setup.

Reconstruction from sensors:Range or depth maps give estimates of distance measurements from

a known reference coordinate system to surface points on the object to be reconstructed. In many real-

world scenarios, high quality 3D models of a static human body are obtained using commercial scanners

(range systems), that are generally expensive, but accurate. Other common sensors include LIDAR and

structured light sensors Figure 1.3. LIDAR is typically used for capturing 3D scans of outdoor scenes.

Structured light 3D scanner like in is the ideal choice for making a quick, textured and accurate 3D

model of medium sized objects such as a human body, an alloy wheel, or a motorcycle exhaust system.

It scans quickly, capturing precise measurements in high resolution. However, these scanners are ex-

pensive and thus inhibits 3D human body reconstruction in-the-wild images.

Figure 1.4 a. Sample LIDAR scan of a house, Image adopted from cite b. Structured light Artec Eva

sensor and a sample scan

Monocular 3D human body reconstruction: One potential remedy to the aforementioned problems

is to estimate 3D from monocular images captured from mobile phones. The solution to this problem

can make 3D human body reconstruction makes a wide reach. Recent advancements in deep learning,

which has capability to halucinate, accelerated the research along this direction. Deep learning based
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solutions from monocular image-based 3D reconstruction can be broadly classi�ed into (i) Model-based

approaches and (ii) Model-free approaches. Below we review these two primary paradigms:

Model-based Approaches:3D body estimation from monocular images has attracted substantial interest

because of emergence of statistical body models like SCAPE[6]. One of the early works in this direction

is optimization-based approach [46] where SCAPE model parameters are inferred from monocular im-

ages. Other methods which estimate SCAPE parameters are [49, 28]. SCAPE model is triangle-based

defomation which poses artifacts and is not compatible with rendering engines. Hence, SMPL [90]

model is proposed which is vertex-based deformation parametric model. SMPL is discussed in detail in

section 2.4. SMPLify [17] the �rst method to automatically estimate the 3D pose of the human body as

well as its 3D shape from a single unconstrained image. The objective function is formulated to optimize

pose and shape directly so that the projected joints of the 3D model are close to the 2D joints estimated

by the CNN. Several approaches have been proposed to infer the shape and pose parameters from the

input images using CNNs. One of the predominant works along this direction is [63] which proposes to

regress SMPL shape and pose parameters from the input image directly by minimizing the re-projection

loss of keypoints, which allows the model to be trained using in-the-wild images that only have ground

truth 2D annotations. Since only re-projection loss is under constrained, a discriminator is trained to

classify if the parameters are real/fake. Other cues like segmentation are used to re�ne the parameters

by various works [75, 74, 104, 85, 165]. One of major drawbacks of model-based approaches is that

the mesh obtained from parametric methods is smooth and naked. Although we can extract shape and

pose accurately, we miss out the person-speci�c details like hair, clothes etc. To address these issues,

some approaches [1, 14, 108, 4, 77] estimate offsets on these SMPL vertices. Nevertheless, the offset

estimation can handle only relatively tight clothing scenarios and fail on reconstruction loose clothing.

Another section of works deform a scanned template model of the actor in canonical pose to �t to

input monocular RGB videos. These works aim marker-less approach for temporally coherent 3D per-

formance capture of a human with general clothing. Optimization based estimation is proposed in [164].

However, this approach requires expensive computation making hard to estimate in real-time. [47] pro-

poses an ef�cient solution which can be computed in real-time. Multi-view based self-supervision while

predicting skeletal pose and non-rigid deformation proposed in [48] enabled better reconstruction accu-

racy. Physical constraints have been employed in [163, 129] while recovering motion from monocular

videos.

Model-free Approaches:These kind of approaches pose no body model constraints. Hence, we can

recover loose and arbitrary clothing using model-free approaches. The underlying representation is a

crucial choice in designing the neural network for these approaches. As discussed in section 2.1, 3D data

volumetric, implicit, point cloud and mesh representations. Early efforts along this direction proposed

to use volumetric convolution [148, 143] as it is direct extension to Euclidean convolution proposed on

pixels in 2D image. However, volumetric approaches poses a serious computational disadvantage as
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there is redundancy/wastage in computation of empty voxels outside the body surface or inside the body

surface. Moreover, these approaches are limited by voxel resolution and texture cannot be recovered in

end-to-end fashion. Another interesting deep learning solution [102] uses silhouettes as cue, however,

it requires multiple images.

Recently,implicit function approaches has gained importance as neural network can used as classi�er

which can represent arbitrary functions. In particular, the recent implicit function learning models,

PIFu [122] and PIFuHD [123] estimate voxel occupancy by utilizing pixel-aligned RGB image features

computed by projecting 3D points onto the input image. When multiple view images are available,

these methods re�ne the reconstruction by fusing features from these views. However, the pixel-aligned

features suffer from depth ambiguity as multiple 3D points are projected to the same pixel. 3D human

body reconstruction has also been attempted in the same vein by predicting front and back depth maps

in [42, 134]. However, they fail to handle self-occlusions by body parts. Nevertheless, these approaches

do not seek to enforce global consistency on the body shape/pose to encourage physically plausible

shapes and poses of human body parts. Introducing shape prior while reconstructing the shapes using

the aforementioned non-parametric approaches addresses the issue as proposed in [55, 51, 173, 174].

1.4 Goal of this thesis

This thesis addresses the problem of 3D human body reconstruction using monocular images. In this

context, we propose various solutions for associated sub-problems, and show ways of addressing the

problem. The major goals of this thesis are two-fold, (i) design effective representation/encoding for 3D

data, especially human body. The state-of-the-art 3D human body reconstruction paradigms suffer from

computational disadvantages. Our thesis proposes a new representation which is fast, sparse and robust

encoding of 3D human body shapes, (ii) deep learning solutions for effectively recovering 3D human

body from monocular images.

Humans, in general, wear wide variety of clothes ranging from tight clothing to very loose clothing

like sarees. Many of the SOTA methods fail to perform on very loose clothing. Our thesis aims to

propose reconstruction approaches which can handle any types of clothing. Also, texture is another

important aspect in 3D human body reconstruction. Many applications in current scenarios, rely on

plausible texture. However, there are hardly few works which recover shape and texture of 3D body in

an end-to-end fashion. In this thesis, we aim to recover texture and shape using a single deep learning

network. Moreover, since this area is recently grown, many of the available datasets for the problem are

either synthetic or not very challenging for real scenario, i.e. they have relatively tight clothing. Hence,

as part of this thesis, we also introduce and benchmark 3D humans dataset.

In addition to 3D human body, this thesis aims at proposing ef�cient network for 3D shape analysis,

in particular classi�cation, of rigid objects.
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1.5 Contributions of this thesis:

1. Ef�cient 3D shape classi�cation [60]: Majority of the existed deep learning networks for 3D

shape classi�cation [161] are proposed over volumetric convolution. We propose a novel, fast

and robust characterization of 3D shapes that accounts for local geometric variations as well as

global structure. We built up on the learning scheme of [83] by introducing sets of B-spline

surfaces whose positions are learnable. The input to this network is 3D shapes represented in

distance transform which is more ef�cient than volumetric convolution.

2. Volumetric reconstruction [148]: We exploit volumetric representation of 3D bodies and pro-

pose a novel deep learning module. Using this module we recover shape of the body and texture

is reconstructed using a separate novel network. To our knowledge, our proposed textured re-

construction of 3D human body models is the �rst solution along this direction. Our method

generalizes to arbitrary topology of 3D shapes and textures.

3. PeeledHuman representation [59]:Existing representation of 3D data poses disadvantages in

terms of computation and ability to represent textures. In this thesis, we present PeeledHuman,

a novel representation for encoding 3D human body shapes. PeeledHuman encodes the human

body as a set of Peeled Depth and RGB maps in 2D, obtained by performing ray-tracing on the

3D body model and extending each ray beyond its �rst intersection. This formulation allows us

to handle self-occlusions ef�ciently compared to other representations.

4. Generative model for shape reconstruction (PeelGAN) [59]:Given a monocular RGB image,

we learn these Peeled maps in an end-to-end generative adversarial fashion using our novel frame-

work - PeelGAN. We train PeelGAN using a 3D Chamfer loss and other 2D losses to generate

multiple depth values per-pixel and a corresponding RGB �eld per-vertex in a dual-branch setup.

Unlike other SOTA methods, PeelGAN predicts shape and colors in a single forward pass.

5. SHARP: Shape-Aware Reconstruction of People in Loose Clothing [61]:We further attempted

to improve PeelGAN by introducing body shape prior in the form of SMPL. To this end, we

propose SHARP which uses a sparse and ef�cient fusion strategy to combine parametric body

prior (SMPL) with a non-parametric 2D representation (PeeledHuman) of clothed humans. The

parametric body prior enforces geometrical consistency on the body shape and pose, while the

non-parametric representation models loose clothing and handles self-occlusions as well. We train

our network with only 2D losses unlike adversarial and chamfer losses used in PeelGAN making

the network signi�cantly faster to train. Our SHARP achieves signi�cantly faster inference rate

when compared to many of the SOTA methods.

6. Dataset: Many state-of-the-art methods for reconstructing 3D human bodies train their models

on expensive commercial datasets which are not publicly available for research. These datasets

have 3D human body scans which resemble real humans. This data helps the learning-based
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models to generalize well on unseen real-world scenarios. Existing datasets [14, 174, 11, 138]

are either synthetic or have minimal clothing. To bridge these gaps, we collected3DHumans,

a dataset of 3D human body scans with wide variety of clothing styles and varied poses. We

are able to retain high frequency geometrical and texture details using a commercial structured

light sensor (accurate up to 0.5mm). We also collected a real dataset of textured 3D human body

models in action and their corresponding multi-view RGBD using commercially available Kinect

V2 sensors.

1.6 Thesis roadmap

In chapter 2, we provide the necessary background for this thesis and brie�y summarize the aspects of

various way to represent 3D data, ways to capture image from 3D data i.e. ray tracing and rasterization

followed by camera projection models. We also discuss about parametric human SMPL model which is

directly relevant to the work that follows.

In chapter 3, we address the problem of rigid 3D shape classi�cation using deep learning network

we proposed. In this chapter, we show results on ModelNet dataset and compare our performance of

our method with previously published methods.

Remaining chapters focus on challenging non-rigid shape i.e. human body reconstruction from

monocular images. Chapter 4 proposes the disentangled solution where shape and texture are recov-

ered with separate networks. In this chapter, we evaluate our method on MPI, MIT's articulated mesh

animation datasets. We also perform a rigorous analysis of all steps in our approach and analyse the

results and show superior performance to SOTA methods then.

In chapter 5, we present PeeledHuman, a novel representation for encoding 3D human body shapes.

We also propose a PeelGAN - a novel deep learning network to predict the representation from monoc-

ular image. We train our method with MonoPerfCap dataset and evaluate on BUFF method where we

outperform existing methods. In chapter 6, we improve the PeelGAN by including body shape prior

while reconstructing the 3D shape. In this work, we work on CLOTH3D, THUman and our datasets. In

chapter 7, we propose state-of-the art 3D human body data with very high resolution details. We also

present multi-camera calibrated dataset. Finally, chapter 8 provides the summary of our work, impact

of this thesis. Here, we also discuss the future directions that span out of this thesis.
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