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Abstract

The 3D reconstruction of a human from a monocular RGB image is an interesting yet very challeng-
ing research problem in the field of computer vision. It has various applications in the movie industry,
the gaming industry, and AR/VR applications. Hence it is important to recover detailed geometric 3D
reconstruction of humans in order to enhance the realism. The problem is ill-posed in nature owing
to high freedom of human pose, self-occlusions, loose clothing, camera viewpoint, and illumination.
Though it is possible to generate accurate geometric reconstructions using structured light scanners or
multi-view cameras these are cost expensive and require a specific setup e.g., numerous cameras, con-
trolled illumination, etc. With the current advancement of deep learning techniques, the focus of the
community shifted to the 3D reconstruction of people from monocular RGB images. The goal of the

thesis is toward 3D Human Digitization of people in loose clothing with accurate person-specific details.

The problem of reconstruction of people in loose clothing is difficult as the topology of clothing is
different from the human body. A multi-layered shape representation called PeeledHuman was able to
deal with loose clothing and occlusions but it suffered from discontinuity or distorted body parts in the
occluded regions. To overcome this we propose peeled semantic segmentation maps which provide the
semantic information of the body parts across multiple peeled layers. These Peeled semantic maps help
the network in predicting consistent depth for the pixels belonging to the same body part across different
peeled maps. Our proposed Peeled Segmentation maps help in improving reconstruction both quanti-
tatively and qualitatively. Additionally, the 3D semantic segmentation labels have various applications,

for example, can be used to extract the clothing from the reconstructed output.

The face plays an important role in 3D Human digitization, it gives a person their identity and the
realism enhances with high-frequency facial details. However, the face appears in a smaller region of
the image which captures the complete body and makes the task of high-fidelity face reconstruction
along with the body even more challenging. We reconstruct person-specific facial geometry along with
the complete body by incorporating a facial prior and refining it further using our proposed framework.
Another common challenge faced by the existing methods is the surface noise i.e, false geometric edges
generated because of the textural edges present in the image space. We address this problem by incorpo-
rating a wrinkle map prior that distinguishes the geometrical from the textural edges coming from image
space. In summary, in this thesis, we address the problem of 3D human digitization from monocular
images. We evaluate our proposed solution on various existing 3D human datasets and demonstrate that

our proposed solutions outperform the existing state-of-the-art methods. The limitations present in the
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proposed methods were mentioned and potential solutions on how to address them have been briefly
discussed. In the end, some future directions that can be potentially explored based on the proposed

solutions have been discussed. Finally, we proposed efficient and robust methods to recover accurate
and personalized 3D humans from images.
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Chapter 1

Introduction

3D computer vision is a challenging but interesting research domain that requires an understanding
of geometry and depth which has applications in various areas such as Robotics, Autonomous Driving,
3D Scene Reconstruction from point cloud data, video gaming industry, entertainment industry, Virtual
try-on, and in AR/VR industry. The advancements in hardware devices enabled the classical computer
vision methods such as SfM, depth from the stereo images, bundle adjustment, and volumetric regres-
sion to run in real time. The deep learning era further revolutionized the eld in terms of both real-time
performance and accurate predictions.

Metrically accurate and precise reconstructions of humans are possible with calibrated multi-view
systems that use RGB or structured light cameras. Arteé tao reconstruct high-quality dense tex-
tured mesh but fail in the scenario of non-rigid objects, like clothing, hair, etc. The RGBD sensors like
Microsoft's Azure Kinect enable us to capture multi-view RGB and depth data using a multi-camera
setup at lower costs. The depth data and RGB images from different devices are combined to gen-
erate a sparse point cloud. Nevertheless, they suffer from sensor noise and changes in illumination.
Further, post-processing is required to convert these point clouds into high-quality textured meshes.
The Relightable$75] is a volumetric capture system that can capture the re ectance of 3D human
performances using a Light Stage tted with 331 programmable custom LED lights and a set of high-
resolution depth sensors which generate depth maps of 4112 x 3008 pixels per viewpoint acquired at 60
Hz. It can easily integrate the performances into new environments using AR or into Ims and video
games. Though it can capture high delity volumetric 4D data with ease the setup is highly expensive.
Figure 1.1 depicts some of the existing technologies for human capture and digitization.

These methods remain inaccessible to a large part of the community owing to their strict environ-
mental setup and expensive capture systems. it's very expensive for the general public to have a large
number of cameras, structured illuminations, and hardware devices. Hence, the reconstruction of 3D
humans from a monocular RGB image garnered interest.

https:/iwww.artec3d.com/portable-3d-scanners/artec-leo
2https://azure.microsoft.com/en-us/services/kinect-dk



Figure 1.1 3D data digitization technologies: (aYlicrosoft's Azure Kinect(b) CMU Panoptic Studio
(c) Artec Leo(d) Microsoft Holoportatione) The Relightableby Google



Therefore, in this thesis, we address the problem of 3D human digitization from monocular RGB im-
ages without using any expensive capture system. We aim to generate a high- delity 3D reconstruction
of people in arbitrary clothing with person-speci ¢ details. By reconstructing highly Fidel reconstruc-
tions of the face we aim to enhance the realism and identity of the digitized human.

1.1 3D Digitization of Humans

1.1.1 Motivation

The eld of 3D human digitization Figure 1.2 has gained high attention owing to the development
of AR/VR technologies, virtual try-on, etc. Being able to generate video from multiple viewpoints
enables the user to have an immersive experience in many applications such as AR/VR, gaming, virtual
try-on, etc. as depicted in Figure 1.3. With the advent of the deep learning era, the trend of automated
acquisition of detailed 3D human reconstruction from images has gained interest both in academic
research and industrial research. A highly accurate, reliable, robust, and simple straightforward way
mechanism to digitize the 3D human in arbitrary clothing has garnered immense attention.

3D human digitization has largely been enabled by the availability of complex, expensive 3D acqui-
sition systems and highly sophisticated reconstruction algorithms. These complex capturing systems
use expensive industry-level devices under a rig set up, with high-resolution synchronized cameras cap-
turing information at high speeds. For example, the CMU Panoptic studio pipeline consists of 480 VGA
cameras, 31 HD cameras, and 10 Kinect sensors in order to capture a multitude of human activities and
perform the reconstruction. Industrial solutions such as Microsoft Holoportation antlBie infrared
structured light for high-resolution capture consisting of a lot fewer cameras in usage. However, the
huge setup of these high-quality reconstruction dome pipelines makes it infeasible to adapt to daily life
scenarios. Most of these reconstruction pipelines use complex capture systems and equipment which
involve highly sophisticated algorithms and processing to achieve the nal reconstruction. The cost-
effectiveness and huge setup, make it impractical for everyday users to adopt these systems. Hence the
need for a simple and ef cient setup that requires just a single image from a device such as a mobile or
a camera to obtain a robust and photo-realistic 3D reconstruction of people in clothing.

A huge amount of effort has been invested in the development of 3D capture hardware devices and
reconstruction algorithms. However, it has to be noticed that the traditional reconstruction pipelines
are cost-ineffective and require following tedious capture routines. These complications make the re-
construction pipelines inaccessible to the general community. Moreover, the hand-crafted pipelines are
prone to reconstruction artifacts, and noise from the capture devices, leading to a diminishment in the
visual quality of the reconstruction.

Recent advances in image-based 3D human digitization have been driven by the signi cant improve-
ment in representational power afforded by deep neural networks. Deep neural networks can be used

Shttps://8i.com/



Figure 1.2 3D digitization of humans.



to improve the reconstruction ef ciency and robustness by learning the shape and structure of humans
explicitly or implicitly from the existing 3D data. The major challenge is to achieve accurate, ef -
cient, and photo-realistic reconstruction and re-rendering of humans, using devices that are portable
and affordable. Although existing deep learning approaches have demonstrated signi cant potential in
real-world scenarios, they often fail to produce person-speci ¢ photo-realistic reconstructions with the
level of detail that is present in the input images.

Recently Facebook announced that it would focus its future and resources on the 'metaverse’. With
this announcement, there is a lot of hype around the selling of 'metaverse' which is a VR social platform.
Many other tech giants like Microsoft, Nvidia, Unity, etc. are investing in AR/VR which represents our
physical world. The most common being of the physical world is humans and virtual human modeling
is going to garner huge attention. For example, with the recent covid era many efforts have been put
towards virtual reality meetings, classes, etc. Realism and user immersion in such applications can be
achieved only when the virtual avatars are person speci ¢ and resemble their identity in the physical
world. Hence the focus is to precisely capture the body shape, person-speci ¢ geometric facial details,
along with other geometric details such as hairs, clothing deformations, etc. It is dif cult to employ
bulk complex capture systems or 3D acquisition devices as they are cost expensive and are not easily
accessible to the general public. A practical approach is to use the images(single or multiple) to recon-
struct personalized 3D human avatars. The existing state-of-the-art methods estimate reasonably well
predictions in the scenario of tight clothing but fail terribly in the scenario of loose clothing such as
robes, sarees, kurtas, frocks, gowns, etc. The existing methods also reconstruct at faces with no facial
details, as the face provides identity to a person it is important that we recover person-speci c geometric
facial details to enhance realism.

1.1.2 Research Challenges

The problem of 3D human digitization from monocular RGB images is a severely ill-posed problem
in itself. It is very challenging to obtain high-frequency geometric details prevailing in various forms
of clothing consisting of various textural patterns while also maintaining the person-speci c shape. The
face is another important aspect that gives identity to a person. A highly detailed face not only enhances
realism but also captures the person-speci ¢ identity. A visual depiction of these challenges has been
provided in Figure 1.4. We will now look into the challenges faced while digitizing 3D humans from
monocular RGB images:

» The ill-posed nature of the problem arises due to various factors such as the viewpoint, self-
occlusion with the body, and estimating the occluded parts such that they belong to the plausible
pose of the human. The model should be able to understand what all shapes are feasible and also
what poses are acceptable. Not being able to do so will lead to artifacts, irregular shapes, and
noise in the reconstruction.



Figure 1.3 Applications of 3D human digitization

Loose clothing has a topology that is entirely different from the human body. These can't be
modeled using template-based methods. Recovering the geometry of loose clothing in occlude
regions is an arduous task as the complex and skewed poses of the human, induce non-rigid
deformations in the garment. The contextual information we get from the image is not enough to
model these deformations.

It is also dif cult to obtain ne-grain facial details from the full body monocular RGB image ow-

ing to the lower resolution of the face in the image (approximagély 50in a512 512image).
Nevertheless obtaining facial details not only enhances the realism but also gives a person-speci ¢
identity.

It has been observed that various clothing has different textural patterns which get projected as
false geometrical edges in the reconstructed geometry. It is dif cult to distinguish whether the
high-frequency details are due to the geometry or coming from the image space.

Multiple layers of clothing on top of each other is an even more challenging task, where a partic-
ular garment is occluding another garment partially.



« lllumination plays a key role in the monocular reconstruction as the reconstruction is completely
based on the RGB values of the image, without proper lighting, the quality of reconstruction is
affected both in terms of geometrical details and color.

« The deep learning methods require huge amounts of data in order to generalize well on unseen in-
the-wild images. Most of the existing 3D human data is either synthetic or captured using studio
capture pipelines. These datasets often lack variations in garment styles. Hence, 3D human
reconstruction in “in-the-wild” without proper large-scale real-world image-3D human datasets
makes it challenging.

Figure 1.4 Challenges in 3D human digitizatiofa)Skewed Complex Pos€B) Extreme Loose Cloth-
ing (c) Layered Clothingd) Improper Illlumination(e) Self Occlusion(f)False Geometric Detailg)

Smooth Facial Details.

1.1.3 Problem Statement

In this thesis, we address the task of robust and high- delity 3D human digitization from monocular
RGB images with the help of deep learning techniques in computer vision. Even though accurate
reconstructions can be made using multi-view images assumptions about the calibration need to be



Figure 1.5 Problem Statement:Given a monocular RGB image as input, the nal goal is to reconstruct

robust photo-realisitc 3D humans.

made and this is not the case in in-the-wild scenarios. Hence we stick to 3D human reconstruction from
2D images which in general can be captured using a phone and are a more general case in the real world.
We mainly try to address the following challenges present in 3D human digitizgt)dRecovering
the robust 3D geometry of the human under challenging clothing(loose clothing) with cloth-speci c
deformations using a single RGB image, diid Realistic and person-speci ¢ reconstruction in terms
of overall body shape, facial details, etc. Though the problem of estimating 3D geometry from an image
is ill-posed, by using the representational power of deep learning it is plausible to model the underlying
geometry of humans just using the images. In order to deal with the ambiguities in terms of occlusion,
and loose clothing, it is always better to have statistical priors which give plausible pose and shape
information. Though deep learning has the power to model the 3D geometry from images it still needs a
huge amount of training data with various categories of clothing, poses, and shapes in order to generalize
well in an in-the-wild setting and generate robust reconstructions.

1.2 Research Landscape

As mentioned in the previous section there was a need for a robust, reliable, and straightforward way
to digitize 3D humans. The RGBD devices and complex capture rigs are not portable and affordable,
hence there is a need for 3D human digitization from an easy-to-use setup as simple as reconstruction
from monocular RGB images which are way cheaper to get than previously mentioned complex capture
systems. The representational power of deep learning methods has made it feasible to reconstruct 3D
humans from 2D RGB images. Thus learning-based geometry prediction methods can be employed to
eliminate the need for complex 3D capture and reconstruction systems.



1. Parametric Methods: These methods[2, 73, 56, 77, 17, 117] build upon the statistical body
model such as [62, 78, 10] and tries to optimize the pose and shape parameters of these models to
match the input image. Most of the current model-based approaches optimize the pose and shape
of SMPL to match image features, which are extracted with bottom-up predictors. The most
popular image features are 2D joints [17], or 2D joints and silhouettes [5]. HMR[2] proposes to
regress SMPL parameters when minimizing re-projection loss with the known 2D joints. These
methods do well in recovering reasonably accurate body pose, but the reconstructed geometry is
constrained to be within the model space which is in general low dimensional and can not capture
the surface geometrical details and loose clothing. Other works [7, 6, 14] recover static body
shape and clothing as displacements on top of the SMPL body model. Nevertheless, under this
con guration, only tight garments can be modeled. Thus, loose garments like skirts, sarees, kur-
tas, and robes, which have a different topology from body shape, are beyond their representational
range.

2. Non-Parametric Methods: The non-parametric class of monocular 3D reconstruction tech-
niques [69, 91, 93, 101, 115] uses non-parametric representations to infer detailed geometry
beyond basic body shape and pose. These non-parametric representations are either based on
voxels or implicit functions and can recover arbitrary shapes. BodyNet [101] leverages interme-
diate tasks (e.g. segmentation, 2D/3D skeletons) and estimates low-resolution body voxel grids.
Similar work to BodyNet is VRN [3], but it directly estimates occupancy voxels without solv-
ing any intermediate task. Voxel-based methods [102, 69] often produce errors at the limbs of
the body and require tting a model post-hoc [102]. However, voxel representation is of lower
resolution due to memory limitations and thus fails to recover high-frequency surface geometric
details.

Whereas, deep implicit function learning techniques train deep neural networks to estimate dense,
continuous occupancy elds from which meshes may be reconstructed e.g. via Marching Cubes
[63]. These methods either extract either a global image feature [43, 21, 57], or pixel-aligned
features [91, 93] to drive this estimation. However, these methods fail to take into account the ne-
grained local shape patterns and do not seek to enforce global consistency to encourage physically
plausible shapes and poses in the reconstructed mesh. This can lead to unnatural body shapes or
poses, and loss of high-frequency surface details within the reconstructed mesh.

3. Prior based Non-Parametric Methods: DeepHuman [115] uses the SMPL as a prior to recon-
struct the clothed body volume and tries to further re ne the surface details using image features.
However, their method fails to recover high-quality geometric surface details owing to the reso-
lution limitation of the regular occupancy volume. Geo-PlFu [37] tries to resolve the feature am-
biguity of PIFu by combining the volumetric features obtained from a 3D-UNet with 2D image
local features to learn the surface as an implicit function. Both these approaches are computa-
tionally expensive and also require surface networks for surface and texture inference. ARCH



[40] proposed a semantic deformation led(SemDF) based approach where the query points are
sampled around the body in a canonical space (A -pose), an implicit surface is learned in the
canonical space, and deformed using SemDF to match the pose in the input. However, it fails to
generate accurate results, especially in the scenarios of loose clothing. PaMIR [114] proposes to
condition the implicit eld on the SMPL prior, they do this by combining the 2D image features
with SMPL volume features while querying. SHARP [45] proposes to model the reconstruction
as two tasks (1) deforming the SMPL body prior peeled maps in order to obtain ne-grained ge-
ometric surface details. (2) directly regress the loose clothing as auxiliary peeled depth maps and
fuse both of them to obtain the reconstruction

4. Face reconstruction methodsSimilar to SMPL ([62]) for full body, 3D Morphable Models
(3DMM) [28] is proposed to model face in parametric representation. Methods proposed in
[61, 94, 34, 96] estimate parameters of 3DMM. Implicit functions are combined with 3D mor-
phable models in [109, 85]. Full head models including hair are recovered in [60, 29, 23].

It can be observed that the main limitation of parametric methods is that they fail to model loose
clothing due to the assumption of the available statistical templates. It is also not feasible to have multi-
ple garment templates for the large spectrum of clothes available to model body and clothing separately.
Non-parametric methods can deal with arbitrary clothing but fail to reconstruct high-frequency geomet-
ric details and noisy reconstructions in the scenarios of occlusion. The full body reconstruction methods
either it is parametric, non-parametric, or prior-based non-parametric methods don't focus on recover-
ing the facial details and are always smooth without minimal details such as eyes and nose. All of these
methods are prone to noisy reconstructions when high-frequency details are present in the image space.
In this thesis, we address the previously mentioned issues and provide a prior-based non-parametric
solution to deal with them.

1.3 Key Contributions of Thesis

1. Coarse-to- ne framework for 3D human digitization using peeled semantic segmentation
context: We address some of the problems existing in PeeledHuman[44] representation by propos-
ing peeled semantic segmentation maps which help in re ning the reconstruction in the occluded
regions and loose clothing. The 3D segmentation can be useful in extracting the cloth out of the
reconstructed 3D Human.

2. Noise-free 3D human digitization using wrinkle map prior: Even though peeled representation
is sparse and can handle various poses it still suffers from severe occlusions. [45] Introduced a
body prior such as SMPL to the peeled representation which solves the ambiguity of pose due
to occlusion. However, like any other method, they also suffer from noisy reconstructions due
to high-frequency details coming from texture in the image space. To address this issue, we
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introduce a wrinkle map prior which distinguishes between textural and geometric high-frequency
details. Thus, we obtain high-quality robust reconstructions without any false geometric noise due
to textural patterns.

3. Person-speci c facial geometry prediction by incorporating facial prior. The SMPL paramet-
ric model face doesn't capture person-speci ¢ details and is smooth owing to its low dimensional
representational space. The alignment between the estimated geometry and texture is misaligned
in most scenarios. We introduce a per-pixel depth-based facial prior that blends well with the
peeled representation and is aligned with the facial texture in the image. We further enhance the
facial details and re ne the overall geometry using our proposed novel framework.

1.4 Thesis Roadmap

In this chapter, we brie y introduced the 3D human digitization problem, hardware and capture
system adaptability, and challenges present in the monocular setup. A brief discussion on various classes
of existing methods, their failure cases, and limitations has been made in the earlier sections. We also
brie y discussed how we address these problems and challenges.

In Chapter-2 the background study required to have a smooth understanding of the various represen-
tations and priors used has been provided. Initially, we begin with various ways of representing 3D data,
move on to SMPL representation of a naked human in detail, then the PeeledHuman [44] representation
and its bene ts over other representations. We also discuss how to integrate the SMPL body prior into
the peeled representation as proposed in [45]

Chapter-3addresses the challenges of noisy reconstruction due to occlusions, complex poses, and
loose clothing. A novel semantic segmentation context-based approach was proposed to generate co-
herent shapes even in the scenarios of occlusion.

Chapter-4focuses on reconstructing high delity person-speci c 3D reconstruction of people in
arbitrary clothing ,texture with high-frequency facial details. In order to make the reconstruction robust,
body and face priors have been combined with non-parametric PeeledHuman representation.

Chapter-5concludes the work presented in the thesis and future directions to explore.
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Chapter 2

Background

In the following chapter, we build the basic knowledge required for the upcoming chapters. Initially,
we discuss the various ways to represent 3D objects. Then we move on to the parametric body model
SMPL which can be used as a geometric prior that guarantees shape and pose-aware 3D human recon-
structions. Later on, we study PeeledHuman representation in detail which is important for modeling
humans ef ciently. Finally, we brie y go through SHARP which combines body prior SMPL with the
PeeledHuman representation.

2.1 3D Representations

3D objects can be represented in various forms such as Raw Data (point clouds, voxels, range image),
Solids (octree, BSP tree), Surfaces (Mesh, Implicit), and high-level structures. As only point cloud and
mesh representations are used in this thesis we will do a background study of the same.

2.1.1 Pointcloud

A point cloud can be viewed as an unstructured set of 3D point samples in a given reference coordi-
nate system. These 3D spatial points are represented by the (x,y,z) coordinates in the given coordinate
frame. You can also add RGB values to each 3D point to make it a colored point cloud. Point cloud
representation captures the envelope of an object. It is possible to extract the point cloud of an object
using capture devices. These can be commonly obtained using 3D acquisition devices such as LIDAR
terrestrial laser scanners mounted on vehicles, depth and infrared sensing by Microsoft Azure Kinect,
and recently deep learning has enabled this using Generative Adversarial Networks. A point cloud can
be converted into a mesh using traditional methods such as Poisson Surface Reconstruction[51] or using
the advanced deep learning approaches. The advantage of point cloud representation is that you can
combine objects by merging the point lists, fast rendering, fast transformations,
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Figure 2.1 3D geometry represented as point cloud and mesh.

2.1.2 Mesh

A polygonal mesh is a geometric representation of the surface which allows the subdivision operation
consisting of a set of polygons. Meshes are widely used in the eld of computer graphics in order to
represent various objects or surfaces present in the scene. Mesh representation is also used to discretize
the continuous implicit surfaces. A mesh consists of vertices (3D points in the space) linked together
by faces consisting of edges between vertices to make a polygonal shape. A mesh is called triangular
mesh when all the faces of the mesh are triangles. These are the meshes that one encounters in Graphics,
Real World Capture systems, etc. We can say that meshes represent the geometry of a point cloud to
a certain extent depending on the complexity of the mesh. Mesh representation allows us to perform
various operations on mesh for e.g, simpli cation, decimation, subdivision, etc. One can increase or
decrease the number of vertices using these operations.

The common properties of the mesh that are used to represent the polygonal meshes in various le
formats likeOBJ are listed below:

» Geometric Vertices: A vertex is represented by the (x,y,z) coordinates in the 3D space. To repre-
sent a vertex "v x y 2" is used. RGB values of the corresponding vertex can also be added and are
represented using'vxyzrghb”.

« Vertex Normals: The vertex normal represents the direction associated with the vertex. Vertex
normals are represented as "vn dx dy dz".

» Texture coordinates: If the mesh is uv parameterized then for each 3D vertex there is a 2D uv
coordinate. These coordinates are represented as "vt u v".
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« Face: A face consisting of only vertices is represented by "f vl v2 ... vn". Face with normals
is represented by "f v1//nl1 v2//n2 .... vn/inn”. Face with texture coordinates is represented by
"fvl/tl v2/t2 .... vn/tn”. Face with both normals and texture coordinates is represented using "f
v1/tl/nl v2/t2/n2 .... vn/tn/nn”, where vi,ni, and ti are the indices of the corresponding vertex,
texture coordinate and normals.

2.2 SMPL: Skinned Multi-Person Linear model

SMPL[62] is a parametric model of human that disentangles the surface of a body int¢ Sheape
pos€ ) spaces. SMPL initially starts with a triangulated template meskhich is in rest pose and
consists of 6890 vertices in total. Based on the shapand posé ) parameters offsets are added to
T corresponding to shape-dependent deformatis ) and pose dependent deformatid@is( ) re-
spectively. We obtain the nal mesh by posing the offset deformed template using the skinning function
W. Formally :

T(; )=T+Bs( )+ Bp() (2.1)

M )= W(T(s )3(0): W) (2.2)

where the rest pose vertices of the deformed mean template posed using the LBS function W
around their respective parent joints which can be obtained using a joint regressor matrix that weighs
vertices contribution differently for different joints. The blend weights smooth the vertices and return
the nal posed vertices. The pose2 RG (23*1) of the SMPL is represented using the axis angle
representation consisting of relative 3D rotations for each of the 23 joints and one for the global rotation
of the body.

The entire SMPL work ow has been demonstrated in the Figure 2.2. Initially, a handcrafted template
meshT with blend weightsW by an artist as shown in column (a). These vertices are deformed by
adding (b) 3D offsets due to shape-dependent deformaBeiis) resulting in updated joint locations
which are regressed using a joint regressor matrix. In (c) pose dependent deformations are added to the
mesh. In (d) the mesh is posed using the pose parametesiag linear blend skinning function W and
skinning weightsn .

Shape parameters:Shape parameters| consist of a vector of 10 scalar values. These 10 param-
eters control the amount of expansion or shrinkage of a human subject along the principal components
which can represent physical features such as height, width, etc. The shape basis is obtained by per-
forming Principal Component Analysis on a dataset of various human subjects.

Pose Parameters:Pose parameterg(is a vector consisting of 24x3 scalar values that stores the
relative rotations of joints in axis angle representation relative to the parent joint.

Though SMPL can simulate a wide spectrum of shape variations it still cannot handle extreme shapes
owing to its low dimensional representation. SMPL doesn't capture the facial expression and hand pose.

14



Figure 2.2 (a) Triangulated template medh (b) Shape-dependent deformations (c) Pose-dependent
deformations; observe the change in shape of hips region. (d) Final mesh after reposing using blend

weights. Figure borrowed from [62]

An extension of SMPL with different basis spaces for the face, hand, and the remaining body SMPL-X
[78] was proposed with 300 shape parameters that have more control on the overall body shape, facial
expressions, and hand pose.

2.3 PeeledHuman Representation

The PeeledHuman [44] representation modeled the human body as a set of multi-layered sparse
peeled maps similar to the layered depth images in novel view synthesis. They estimate a xed number
of ray intersection points with the human body surface in the canonical view volume for every pixel in
an image, yielding a multi-layered shape representation called PeeledHuman. It has been demonstrated
that this representation can handle self-occlusions, generic poses, and loose clothing.

Under the assumption that the human body is a non-convex object placed in a virtual scene, a set
of rays originating from the camera center are traced through each pixel to the 3D world. The rst
set of ray-intersections with the 3D body is recorded as depth Bfapnd RGB magR?, capturing
the visible surface details nearest to the camera. Subsequently, the rays are extended beyond the rst
bounce to hit the next intersecting surface. The corresponding depth and RGB values of the next layer
are represented y' andR!, respectively as illustrated in Figure 2.3. PeeledHuman [44] demonstrated
that 4 intersections of each ray i.e Pdeled Depth & RGB mase suf cient to faithfully reconstruct a
human body, which can handle self-occlusions caused by the most frequent body poses. Subsequently,
a point cloud can be reconstructed from these depth maps using classical camera back projection. The
RGB vertex colors are transferred to the point cloud from respective RGB peel maps to obtain a high-
density colored point cloud as illustrated in Figure 2.4. The point cloud can be converted to mesh
using Screened Poisson Surface Reconstruction [52]. This sparse layered 2D representation is more
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