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Abstract

In recent years, advances in computer vision have opened up multiple applications in virtual reality,
healthcare, robotics, and many other domains. One crucial problem domain in computer vision, which
has been a key research focus lately, is estimating the 3D human pose, shape, and correspondences from
monocular input. This problem domain has applications in various industries like fashion, entertain-
ment, healthcare, etc. However, it is also highly challenging due to various reasons like large variations
in the pose, shape, and appearance of humans and clothing details, external and self-occlusions, chal-

lenges with ensuring consistency etc.

As part of this thesis, we tackle two key problems related to 3D human pose, shape, and correspon-
dence estimation. First, we focus on the problem of temporally consistent 3D human pose and shape
estimation from monocular videos. Next, we focus on dense correspondence estimation across images
of different (or the same) humans. We show that despite receiving a lot of research attention lately,
existing methods for these tasks still perform sub-optimally in many challenging scenarios and have
significant scope for improvement. We aim to overcome some of the limitations of existing methods

and advance state-of-the-art (SOTA) solutions to these problems.

First, we propose a novel method for temporally consistent 3D human pose and shape estimation
from a monocular video. Instead of using the traditionally used, generic ResNet-like features, our
method uses a body-aware feature representation and an independent per-frame pose and camera ini-
tialization over a temporal window followed by a novel spatio-temporal feature aggregation by using
a combination of self-similarity and self-attention over the body-aware features and the per-frame ini-
tialization. Together, they yield enhanced spatio-temporal context for every frame by considering the
remaining past and future frames. These features are used to predict the pose and shape parameters of
the human body model, which are further refined using an LSTM.

Next, we expand our focus to the task of dense correspondence estimation between humans, which
requires understanding the relations between different body regions (represented using dense corre-
spondences), including the clothing details, of the same or different human(s). We present Continuous
Volumetric Embeddings (ConVol-E), a novel robust representation for dense correspondence-matching
across RGB images of different human subjects in arbitrary poses and appearances under non-rigid
deformation scenarios. Unlike existing representations, ConVol-E captures the deviation from the un-
derlying parametric body model by choosing suitable anchor/key points on the underlying parametric

body surface and then representing any point in the volume based on its Euclidean relationship with

ix



the anchor points. This allows us to represent any arbitrary point around the parametric body (clothing
details, hair, etc.) by an embedding vector. Subsequently, given a monocular RGB image of a person,
we learn to predict per-pixel ConVol-E embedding, which carries a similar meaning across different
subjects and is invariant to pose and appearance, thereby acting as a descriptor to establish robust, dense
correspondences across different images of humans.

We thoroughly evaluate our methods on publicly available benchmark datasets and show that our
methods outperform existing SOTA. Finally, we provide a summary of our contributions and discuss
the potential future research directions in this problem domain. We believe that this thesis improves the
research landscape for the domain of the human body, pose, shape, and correspondence estimation and

helps accelerate progress in this direction.
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Chapter 1

Introduction

In recent years, advances in computer vision have opened up new avenues for applications in vir-
tual reality, healthcare, robotics, and many other domains. One key problem domain in this area is
estimating 3D human pose, shape, and correspondences from monocular input. This problem domain
has applications in various industries like fashion, entertainment, healthcare, etc. However, it is also
a highly challenging problem for various reasons, like large variations in the pose, shape, and appear-
ance of humans and clothing details, external and self-occlusions, challenges with ensuring consistency
across, etc. In this chapter, we discuss our motivation for exploring this problem domain and describe
our speci ¢ problem statements and the related research challenges. Subsequently, we brie y discuss
the existing literature and its limitations, followed by providing an outline of our major contributions.

1.1 Motivation

Vision is the most dominant human sense by a large margin. According to a study [53], it is responsi-
ble for up to 80% of our perception, cognition, and learning abilities. Consequently, signi cant research
efforts have focused on mimicking (and potentially outperforming) human visual capabilities using ma-
chines. While this eld of study - Computer Vision - has made remarkable strides in recent years, many
important problems remain to be solved. One such problem domain, which still has signi cant scope
for improvement, is estimating human body pose, shape, and the correspondences across humans from
a given visual input (videos or images).

As illustrated in Figure 1.1, estimating human pose, shape, and the correspondences between hu-
mans is an important problem with diverse applications across various elds. For instance, estimating
human shape aids in creating personalized virtual avatars, while pose estimation helps in accurately pos-
ing these avatars. This is useful in AR/VR, gaming, and the movie industries, where the need to animate
virtual characters for speci ¢ actions is common. Pose estimation is also bene cial for sports analytics
and healthcare for analyzing and identifying any potential issues in the movement patterns of a player or
a patient. Another application for pose estimation is in robotics, where understanding a person’'s motion
and predicting their future motion is helpful for tasks like collision avoidance.



Figure 1.1 Examples of diverse domains where estimating human pose, shape and correspondences is
bene cial. (A) A virtual cloth try-on platform. (B) An augmented reality platform. (C) Motion transfer
example. (D) A sports analytics platform. (E) Healthcare application - Gait analysis. (F) Robotics
application - Avoiding collisions with humans. (Image Credits: (A)-Kivisense; (B)-UK Gov Blog; (C)-

AvatarBlog @ Typepad; (D)-AIWS; (E)-Tekscan; (F)-IEEE Spectrum).



Figure 1.2 Our problem statements. (A) depicts the problem of temporally consistent 3D human pose
and shape estimation. The input is a RGB sequence, and the output is the estimated parametric body
model, visualized by overlaying it on the RGB frames. (B) depicts the problem of dense human-centric
correspondence estimation. The input is images of humans, and the output is the estimated dense corre-

spondences.

In addition to estimating the pose and shape of humans, certain problems also require understand-
ing the relations between different body regions, including the clothing details, of the same or different
human(s). For instance, 3D reconstruction requires feature matching across images. Similarly, tasks
like virtual try-on and animation/motion transfer, where we want to transfer attributes (such as clothing
details or motion) from a source human to a target can also bene t from understanding the correspon-
dences between different body regions. Thus, in addition to estimating the pose and shape, we also
focus on the task of dense correspondence estimation across humans.

1.2 Problem Statement

We focus on two important problems in the domain of human pose, shape, and correspondence
estimation from monocular input, which are described below.

« Temporally Consistent 3D Human Pose and Shape Estimation from Monocular Videos:
Given a monocular input video, our aim in this problem is to estimate the underlying human
body pose and shape dynamics by tting a parametric body model to the individual frames in a
temporally consistent fashion. This is illustrated in Figure 1.2-(A).

» Dense Human-Centric Correspondence Estimationin this problem, given two or more im-
ages containing the same or different human(s), we aim to establish dense (pixel-to-pixel) 2D cor-
respondences across the humans, including their clothing details, present in those images. This
must be done along with dealing with variations in identity, background information, appearance,
and occlusions by garments - especially loose garments. This is illustrated in Figure 1.2-(B).



1.3 Research Challenges

Both of the aforementioned problem statements present a wide range of research challenges, which
are illustrated in Figure 1.3, and described below:

« Large variations in pose, shape, and appearanceBoth humans and clothing details can ex-
hibit signi cant variations in their pose, shape, and appearance (see Figure 1.3-(A, E)), making it
dif cult to capture these diverse characteristics accurately.

« Occlusions:Occlusions ( Figure 1.3-(B)) caused by external objects in the scene (external occlu-
sion) or by the human's own body parts like crossed limbs (self-occlusions) introduce visibility
obstruction and ambiguity, thus complicating the estimation process.

« Poor Lighting Conditions: Diminished input quality due to poor lighting conditions (Figure 1.3-
(C)) makes it challenging to localize humans (and other objects) in the scene or reason about them
effectively.

« Camera viewpoint variations: Variations in camera viewpoints ( Figure 1.3-(D)) add additional
complexity, as certain viewpoints (like side-views or back-views) provide much lesser information
than other views, forcing our methods to infer about the non-visible parts of the human body.

« Clothing details: Clothing, like human bodies, exhibits a wide range of complex poses, shapes,
and appearances (Figure 1.3-(E)). Further, clothing details, particularly loose clothing, can make
it dif cult to localize the underlying human body, making the task of pose, shape, and correspon-
dence estimation more challenging.

» Ensuring Temporal Consistency Temporal data, such as videos, require maintaining tempo-
ral consistency across frames to ensure the plausibility of estimated results (refer to Figure 1.3).
However, achieving temporal consistency in estimates is not straightforward due to the complex
nature of human motion, which makes effective integration of information across frames chal-
lenging.

 Inherent ambiguity of recovering 3D information from monocular 2D input: Recovering 3D
information from monocular images is inherently challenging due to the loss of depth information
during imaging. For example, in Figure 1.3-(G), the elbow joint appears incorrectly positioned
above the head despite being behind in 3D.

« Limited reliable real-world data: Obtaining reliable ground-truth data for human pose, shape,
and correspondences is challenging. Establishing ground truth requires tting a parametric model
to raw 3D human scans using some tting method (usually multi-view optimization-based). How-
ever, this restricts the accuracy of ground truth to the accuracy of the tting method used. Fig-
ure 1.3-(G) illustrates an example of inaccurate annotations from a popular dataset, where the



Figure 1.3 Various research challenges in our target problem domain. (A) Large pose, shape and ap-
pearance variation in humans. (B) Occlusions (external and self). (C) Poor lighting conditions. (D)
Camera viewpoint variations. (E) Clothing variations. (F) Temporally consistent (and inconsistent)
results example. (G) Ambiguity of recovering 3D information from monocular 2D input; And noisy
ground truth annotations. (Image credits: (A)-Shutter Stock; (B,C)-YouTube Videos; (D,E)-3DHumans
Dataset [29]; (F) - Our results on a YouTube video; (G) MPI-INF-3DHP Dataset [45]).



Figure 1.4 Evolution of human body representations over the years. (A) Skeleton based representa-
tion, e.g., [3] (B) Geometric primitive based representation, e.g., [12], (C) Statistical body model, e.g.,
SMPL [40]. (Image Credit: [61]).

annotation erroneously depicts the right elbow as bent towards the person's head, even though it
is bent away.

1.4 Research Landscape

Humans can exhibit a wide variety of body poses and shapes. However, the human body has a well-
de ned structure, and thus can be represented using parametric body models. Figure 1.4 illustrates the
evolution of human body models over the years. The earliest body models were stick-based models [12],
where labeled landmarks were used to represent the joints, and the edges between those landmarks in-
dicated the connectivity. These models evolved into geometric primitive-based models [12], where
geometric primitives like cubes, cylinders, and spheres were used to provide a more human-like repre-
sentation of the body. More recently, state-of-the-art parametric models rely on thousands of 3D scans
of people to learn the shape and structural statistics of the human body and can provide a very realistic
representation of humans [1, 40]. These parametric body models can model the human body in much
lower dimensions than voxel-grid or point clouds. Since a lower-dimensional representation is easier
to learn, problems related to reasoning about the human body, especially pose & shape estimation, can,
thus, be modeled as a problem of estimating the pose and shape parameters of a parametric body model.

The optimal setting for recovering the 3D information about a human would involve a multi-view
calibrated camera setup. However, constructing and managing such a setup is challenging and incurs
signi cant costs. Dependence on such a setup would limit the applicability of related technologies to
specialized labs capable of affording such intricate setups. Therefore, to ensure broader accessibility,



there is a need to develop methods that can work with simple commodity input sensors like a single
mobile phone camera. Consequently, a signi cant fraction of research in this problem domain operates
under the challenging constraint of a single-view (monocular) input.

Initial efforts in the problem domain [13, 30, 35, 49, 50] focused on the task of 3D human pose and
shape estimation from monocular images. These methods typically employ a CNN-based image feature
extractor, followed by an MLP-based regressor to regress the SMPL parameters. This may be followed
by additional (learning or non-learning based) constraints to ensure physically plausible pose and shape
estimates. However, many applications critically depend on the temporal consistency of the estimated
human motion, where single-image-based methods give jittery and implausible results due to the lack
of any temporal consistency constraints. Further, when used on videos, single image-based methods, by
their very design, fail to effectively capture the temporal information available across frames and thus
perform sub-optimally.

To overcome the above-mentioned limitations of image-based methods, specialized video-based mo-
tion estimation methods have been proposed [33, 7, 65, 57, 68]. These methods typically introduce a
CNN module similar to image-based methods, followed by an RNN module to perform spatio-temporal
feature aggregation from neighboring frames before estimating the human pose and shape. However,
despite recent research efforts in this problem domain, many methods fail to capture long-term temporal
dynamics and show poor performance when the body is under partial occlusion. Thus, there is a need
to develop more robust video-based methods.

For the task of dense correspondence estimation, one approach would be to use one of the above (or
similar) methods to establish dense correspondences between the human image and the parametric body
model, followed by establishing correspondences between the humans in the parametric body model
space. DensePose [17] and Continuous Surface Embeddings (CSE) [48] follow a similiar approach.
However, since parametric body models are designed to model only the underlying human body, this
approach will not account for points lying away from the underlying human body, like clothing or
hair details. BodyMap [24] proposes to overcome this limitation by doing a geodesic distance-based
extrapolation of the CSE embeddings [48] in the SMPL's UV space. However, such extrapolation is
insuf cient to prevent distant vertices from having similar embedding values, resulting in false matching
across different regions of the human body. Additionally, BodyMap's approach does not guarantee
consistent pixel-wise embeddings for loose clothing scenarios, as the effect of geodesic distance will
diminish in the far-apart regions of the UV space. Thus, there is a need to develop a representation that
is unique across different body parts but consistent across the same body parts of different humans, even
for points at arbitrary distances from the underlying human body.



1.5 Thesis Contributions

As part of this thesis, we propose solutions for the problems of (1) Temporally Consistent 3D Human
Pose and Shape Estimation from Monocular Videos and (2) Dense Human-Centric Correspondence
Estimation. Our major contributions as part of these works are outlined below.

1. Enhanced Spatio-Temporal Context for Temporally Consistent Robust 3D Human Motion
Recovery from Monocular Videos: In this work, we propose a method for temporally consistent
3D human body pose and shape estimation, where our key contributions are:

(a) Using a body-aware feature representation instead of generic ResNet-like features, which
allows us to exploit prior knowledge about the human body and leads to more robust perfor-
mance.

(b) A self-attention and self-similarity based improved spatio-temporal feature aggregation scheme
which yields enhanced per-frame spatio-temporal context for our task, leading to more ac-
curate and temporally consistent results.

(c) An LSTM-based motion re nement module for ne-grained re nement of the initial coarse
pose and shape estimation.

2. ConVol-E: Continuous Volumetric Embeddings for Human-Centric Dense Correspondence
Estimation: In this work, we propose a method for dense correspondence estimation across
humans, where our key contributions are:

(&) A novel volumetric representation that can be used to establish dense correspondences
across images of humans, including correspondences for points lying signi cantly far away
from the underlying human body. This allows us to model details like loose clothing or hair.

(b) A novel evaluation metric to better evaluate the richness of a given representation.

1.6 Organization of the Thesis

In this chapter, we have introduced our target problem domain, our motivation for exploring it, the
related research challenges, and provided a brief overview of the existing literature and its limitations.
The remainder of this thesis is structured as follows: In Chapter 2, we describe some of the key methods
we build upon, providing the necessary background for the remainder of the thesis. In Chapters 3 and 4,
we discuss our proposed solutions for the problem of temporally consistent 3D human pose and shape
estimation from monocular videos and the problem of dense human-centric correspondence estimation
in detail. Finally, in Chapter 5, we summarize our key contributions and discuss the potential future
research directions in this problem domain.



Chapter 2

Background

In this chapter, we discuss the relevant prior literature, useful for the rest of the thesis. Speci cally,
we talk about the Skinned Multi-Person Linear Model (SMPL) [40], Continuous Surface Embeddings
(CSE) [48], and geodesic distance calculation over meshes.

2.1 Skinned Multi-Person Linear Model (SMPL)

The Skinned Multi-Person Linear Model (SMPL) [40] is a learned statistical body model, compatible
with existing rendering engines, designed to represent the human body in various poses and shapes,
including the pose-dependent shape variations, using a set of pose and shape parameters. Each SMPL
mesh compriseNl = 6890 vertices andK = 23 (body) joints, along with an additional root joint. The
joints and vertices are arranged in a kinematic tree structure. SMPL is learnt and made available in three
mesh representationdiale, Female and(Gender) Neutral

Here,nc refers to the number of shape coef cients, typically chosen to be 10 (but can be up to 300).
Overall, the model can be expressed mathematicallVagz ~; ) : Ri il 11 RSN |t should be
noted, that here, denotes the learned model parameters, which remain xed once the model has been
learnt, while and , respectively, refer to the pose and shape parameters as described above, and can
take different values during inference.

Figure 2.1 illustrates the working of the SMPL body model. We begin with a template Thesid
a set of learned blend weigh#. Next, an identity-driven blend shape function (‘identity-driven’ as it
is just based on the shape parameters and does not account for the pose-dependent shape deformations)
is used to deform the mesh based on the shape paramet&g(3s RIT  RISNi, Following this,
the pose-driven blend shape functi@y(™) : R’ RI3NI s used to add the pose-dependent shape
deformations. Finally, a standard blend skinning funchit ) is used to obtain the nal mesh by
rotating the vertices around the joint centers as per the given body pose.



Figure 2.1 Working of the SMPL body model. (a) shows the template mesh, where the different colors
represent the blend weights, while the joints are highlighted in white. (b) shows the identity-driven
(driven by the shape parameters only) shape deformation of the template mesh. (c) shows the pose-
dependent shape deformation of the mesh. It can be seen that the hips in (c) are expanded as compared

to (b). (d) shows the nal re-posed body in the target shape and pose. (Image Credit: [40].)

Mathematically, this is formulated as:
M(T )= W(Te(T )J3(7);TW) (2.1)

HereM (T ~;): R 1 RSN _W()isastandard blend skinning functiofe, (as de ned in
Equation 2.2) is the mesh obtained after deforming the template mesh with the identity-8ri(en,
(see Equation 2.3), and the pose-dri&x(™) (see Equation 2.4) shape deformatioh€™) (see Equa-
tion 2.5) are the joint locations in the deformed mesh. WhilendW are the joint angles, and the
blend skinning weights, respectively.

Te(7 )= T+ Bs(M)+ Bp() (2.2)
X
Bs(™;S) = nSn (2.3)
n=1
K
Be(GP)=  (Ra(D) Rna(7))Pn (2.4)
n=1
J(T35T:8)= 3 (T + Bs(T:9)) (2.9)

It should be noted that in Equation 2.3 above denotes the SMPL rest pose. SimilRilyjn
Equation 2.4 denotes tmé" element ofR(™), the pose rotation vector for all joints, as per the rotation
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Figure 2.2 Overview of CSE. Given an input image containing an object and a canonical mesh for that
object class, CSE helps us establish dense correspondences by learning a common embedding space for

the image and the canonical mesh (Image Credits: [48]).

matrix representation. Further, as per the notational convention, the function parameters learnt during
training but kept xed during inference are written after the °;' (semi-colon), while the parameters which
can be varied during inference are speci ed before the semi-colon.

2.2 Continuous Surface Embeddings

Continuous Surface Embeddings (CSE) [48] focuses on the task of learning dense correspondences
between deformable object categories. Methods prior to CSE provided ad-hoc solutions for speci c
object types, often with signi cant manual work involved. The key idea of CSE is to learn an image-
based representation of dense correspondences. CSE learns to predict an embedding vector for each
pixel in a 2D image, such that the embedding vector corresponds to the vertex corresponding to the
pixel in a canonical object mesh. The authors demonstrate that compared to existing methods, CSE
achieves competitive performance on the task of dense pose estimation for humans while also being
able to generalize to new object categories by sharing a single dense pose predictor across categories.

Figure 2.2 provides an overview of the method of CSE. Given an input itnagd a trained predictor
network , the per-pixel embeddings for the image are obtaine® as ( |). Now, the per-pixel
embeddings for the imag&, and the per-vertex embeddings for the canonical mE8hcan be used
to establish dense correspondences as follows:

exp(h e «(1)i)
K. exp(h e; x(1)i)

pkix; ;E% )= P (2.6)
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here,p(kjx;1;E ¢ ) is the probability, represented using a softmax-like function, thakthevector
of the canonical mesh corresponds® pixel of the imagd . While h; i denotes the inner product
between two vectors.

The model is learnt by using a modi ed version of the cross-entropy loss. Instead of using the vanilla
cross-entropy loss, the cross-entropy between a gaussian-like distribution centered on theapdint
the predicted posterior is minimized, as follows:

X
L = gs(agk)L(E;)
o=1
L(E; )= (|-6-1|Y?2 logp(kjx;I; E; ) (2.7)

1
Os(g k) /' exp ﬁds(x g Xk)

Additionally, CSE authors use spectral analysis to inject geometrical knowledge into their embed-
dings. This helps them to ensure that their embeddings are (1) of (relatively) low dimensions, (2) ag-
nostic to mesh discretization, and (3) easy to relate across two different object categories (like humans
and chimps). We refer readers to the CSE [48] paper for more details.

For our problem statements, the pre-trained CSE network is bene cial as it can help us obtain rich
information about the human body from the provided input. For the task of 3D human pose and shape
estimation, we use CSE as an initializer to provide a strong prior about the per-pixel relations with the
SMPL mesh. This leads to more robust and accurate pose and shape estimation. For the task of dense
correspondence estimation, while CSE does not solve our problem, as it can not handle points lying
away from the body model (like clothing details), it can still provide us with a strong prior about the
underlying human body, which can be used as a foundation for further reasoning about the clothing
details and other points lying away from the body model.

2.3 Geodesic Distance Calculation over Meshes

Geodesic distance represents the shortest distance between two points along a given surface, such as
a sphere or mesh surface. Unlike Euclidean distance, which measures the direct, 'straight-line’ distance
between points in a at, Cartesian space, geodesic distance considers the curvature and topology of
the underlying space. This concept is illustrated in Figure 2.3, where the straight line between points
A and B depicts the Euclidean distance, while the curved line along the surface depicts the geodesic
distance between the two points. Calculating geodesic distance becomes crucial when dealing with
non- at surfaces, where a straight-line path may not accurately re ect the actual distance between two
points. For instance, using Euclidean distance to measure distances on the Earth's surface would lead to
inaccuracies due to the Earth's curvature.

A few key application areas where geodesic distances are commonly used are:
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