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Supervised training with deep Convolutional Neural Networks (CNNs) have achieved great
success in various visual recognition tasks. However, supervised training with deep CNNs
requires large amount of well-annotated data. Data labeling, especially for large-scale image
dataset, is very expensive. How to learn an effective model without the need of training data
labeling has become an important problem for many applications. A promising solution is to
create a learning protocol for the neural networks, so that the neural networks can learn to
teach itself without manual labels. This technique is referred as the self-supervised learning,
which has recently drawn an increasing attention for improving the learning performance.

In this thesis, we first present our work on learning binary descriptors for fast image
retrieval without manual labeling. We observe that images with the same category should
have similar visual textures, and these similar textures are usually invariant to shift, scale
and rotation. Thus, we could generate similar texture patch pairs automatically for training
CNNs by shifting, scaling, and rotating image patches. Based on the observation, we design
a training protocol for deep CNNs, which automatically generates pair-wise pseudo labels
describing the similarity between the given two images. The proposed method performs more
favorably than the baselines on different tasks including patch matching, image retrieval, and
object recognition.

In the second part of this thesis, we turn our focus to the task of human-centric analy-



sis applications, and present our work on learning multi-person part segmentation without
human labeling. Our proposed complementary learning technique learns a neural network
model for multi-person part segmentation using a synthetic dataset and a real dataset. We
observe that real and synthetic humans share a common skeleton structure. During learn-
ing, the proposed model extracts human skeletons which effectively bridges the synthetic and
real domains. Without using human-annotated part segmentation labels, the resultant model
works well on real world images. Our method outperforms the state-of-the-art approaches

on multiple public datasets.

Then, we discuss our work on accelerating multi-person pose estimation using a proposed
concatenated pyramid network. We observe that each image may contain an unknown num-
ber of people that can occur at any scale or position. This makes fast multi-person pose
estimation very challenging. Different from the earlier deep learning approaches that extract
image features by using a series of convolutions, our proposed method extracts image fea-
tures from each convolution layer in parallel, which better captures image features in different
scales and improve the performance of human pose estimation. Our proposed method elim-
inates the need of multi-scale inference and multi-stage detection, and the proposed method
is many times faster than the state-of-the-art approaches, while achieving better accuracy

on the public datasets.

Next, we present our work on 3D human mesh construction from a single image. We
propose a novel approach to learn the human mesh representation without any ground truth
mesh. This is made possible by introducing two new terms into the loss function of a graph
convolutional neural network (Graph CNN). The first term is the Laplacian prior that acts
as a regularizer on the mesh construction. The second term is the part segmentation loss
that forces the projected region of the constructed mesh to match the part segmentation.
Experimental results on multiple public datasets show that without using 3D ground truth

meshes, the proposed approach outperforms the previous state-of-the-art approaches that



require 3D ground truth meshes for training.

Finally, we summarize our completed works and discuss the future research directions.
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Chapter 1

INTRODUCTION
1.1 Introduction

Learning an effective image representation is important for many visual recognition tasks. For
example, content-based image retrieval [174] aims at searching for similar images through the
analysis of image content. Along this research direction, one of the most challenging issues
is associating the pixel-level information to the high-level semantics from human percep-
tion [196]. Despite several hand-crafted feature descriptors [119, 36] have been proposed to
represent the images, the performance of these feature descriptors is limited until the break-
through of deep learning. Krizhevsky et al. [96] demonstrated outstanding performance of
deep Convolutional Neural Networks (CNNs) for extracting discriminative image represen-
tation. Since then, numerous deep learning approaches have been proposed to improve the
state-of-the-art of different visual recognition tasks, including image classification [70], object
detection [56], and semantic segmentation [117].

The success of deep learning is mainly driven by the supervised training from large amount
of well-annotated data (e.g., ImageNet [164] and COCO [113]). However, given a new visual
recognition task with vast numbers of unlabeled data, a typical solution for the state-of-the-
art models is still to perform manual data labeling to facilitate the training. Data labeling,
especially for associating pixel-level information to high-level semantics, is labor intensive,
and performing label acquisition in large-scale is prohibitively expensive. How to learn
effective models without the needs of manual labeling becomes a critical problem.

Recent studies [41, 43, 5] show that the self-supervised learning is promising to relieve the
labeling difficulty. Self-supervised learning aims at creating an auxiliary learning protocol

for the neural network model, so that the model can learn to teach itself a supervised task



without needing the expensive manual labeling. In this thesis, we will describe our works on
training deep CNN models without manual data labeling. The goal of our studies is to design,
develop, and evaluate methods that can possibly eliminate or reduce the manual labeling
requirement while achieving comparable or better performance than the fully-supervised
models.

In the first part of this thesis, we propose self-supervised approach, named DeepBit, for
learning binary descriptors for fast image retrieval [109]. We observe that images with the
same category should have similar visual textures. These textures are usually shift, scale,
and rotation invariant. Thus, we could generate similar texture patch pairs automatically
for training CNNs by shifting, scaling, and rotating image pairs. Based on the observation,
we design an auxiliary training protocol for deep CNNs, which automatically generates pair-
wise pseudo labels describing the similarity between the given two images. During training,
the proposed model learns the pair-wise image similarity, and also teaches itself to learn im-
portant properties of the binary descriptors. The proposed method performs more favorably
than the baselines on different tasks including patch matching, image retrieval, and object
recognition.

In the second part of this thesis, we turn our focus to the task of human body analysis,
which is important to many applications [65, 67, 78]. We propose a cross-domain comple-
mentary learning approach [111] for learning multi-person part segmentation without human
labeling. We observe that real and synthetically synthesized humans both have a skeleton
(pose) representation. We propose to learn an auxiliary task of human pose estimation,
which helps the proposed model to bridge the domain gap between real and synthetic do-
mains. The proposed model learns part segmentation from graphics simulation, and works
well on real images. Our method outperforms the state-of-the-art approaches on multiple
public datasets.

Then, we discuss our work on accelerating multi-person pose estimation using a proposed
concatenated pyramid network. We observe that each image may contain an unknown num-

ber of people that can occur at any scale or position. This makes fast multi-person pose



estimation very challenging. Different from the earlier deep learning approaches that extract
image features by using a series of convolutions, our proposed method extracts image fea-
tures from each convolution layer in parallel, which better captures image features in different
scales and improve the performance of human pose estimation. Our proposed method elim-
inates the need of multi-scale inference and multi-stage detection, and the proposed method
is many times faster than the state-of-the-art approaches, while achieving better accuracy
on the public datasets.

Next, we propose a novel approach for learning 3D human representation without 3D
ground truth mesh labels [110]. In the Chapter 2, we show that we can train a neural
network to estimate the part segmentation of the human body. By projecting the 3D mesh
into 2D and minimizing the error between the projection and the part segmentation, we
could learn the human mesh without a ground truth mesh. Also, for different body shapes,
the internal vertex distribution could be modeled by a Gaussian Mixture Model (GMM).
By adding a loss term using Laplacian prior, we show that we could learn the internal
vertex distribution effectively. Our technique learns human mesh construction without any
human-annotated mesh labels and achieves performance comparable to several state-of-the-
art approaches which require 3D ground truth mesh labeling.

In the end of this thesis, we summarize our completed works and describe our future

research directions.

1.2 Background

1.2.1 Deep Learning for Computer Vision

Computer vision research aims at generating high-level understanding of the image through
the analysis of the image content; hence image representation is critical in computer vision.
Deep learning [102] has become one of the most successfully approaches for computer vision
tasks due to its power of learning good representations. Deep learning is a branch of machine

learning that proposes to learn discriminative representations using many processing layers



in the neural network models. One of the most widely used models for computer vision
tasks is the deep Convolutional Neural Network (CNN). Deep CNN performs a series of
convolutions, and learns to extract image representations from low-level pixel information
to high-level semantics. Thus, the resultant image representations are discriminative for
image content analysis. For example, Krizhevsky et al. [96] firstly proposed to train deep
CNNs for image classification. Their proposed model performs classification based on the
learned image representations, and significantly outperforms the previous state-of-the-art

approaches.

1.2.2  Unsupervised Learning

Large-scale data has driven a revolution to many computer vision tasks thanks to the high-
capacity learning models such as deep CNNs. However, supervised learning has become a
bottleneck due to the difficulty of data collection. Many researchers have been exploring
to train the models without data labeling. One of the most representative approaches is
the autoencoder, which is proposed to learn the image representations by reconstructing the
input image [71]. Auoencoder is constituted by two modules: an encoder that maps the input
image into the image representations, and a decoder that maps the image representations to
a reconstruction of the original input image. The idea of autoencoder is general for learning
representations. However, it works well under an assumption that the training and test
data are drawn from the same feature space and the same distribution [137]. When the
distribution changes, most of the models need to be re-trained from scratch using the newly

collected training data. However, data collection and model re-training are very expensive.

1.2.8  Transfer Learning

Transfer learning has been proposed to accelerate the process of re-training. Transfer learn-
ing [137] aims at improving the learning on a new task, e.g., target task, by leveraging the
prior knowledge learned from a relevant task, e.g., source task. One of the most successful

examples is to firstly pre-train the deep CNN on ImageNet dataset for learning discrimina-



tive image representations, and then fine-tune the deep CNN on a new task [169]. Since the
deep CNN is initialized with the pre-trained weights learned from ImageNet, fine-tuning on
a target task can be very fast. Though effective, it still requires data labeling for the target
task.

1.2.4 Adversarial Learning

To make the knowledge transferable accross the source and target domains, recent stud-
ies [62, 157, 187, 189] proposed to train the neural networks using adversarial training for
matching the feature distributions of two domains. They proposed to train a discriminator
for distinguishing the images from two domains, and a generator for extracting the domain-
invariant features that can fool the discriminator. However, the adversarial training may not
converge due to the fact that it is difficult to maintain a balanced training between the gen-
erator and the discriminator. Thus, the performance improvement is still limited comparing

to the supervised training with manual labeling.

1.2.5  Self-Supervised Learning

Self-supervised learning has opened an interesting new avenue into unsupervised learn-
ing [125, 41, 43, 5]. Self-supervised learning methods aim at creating a learning protocol,
so that the computer can learn to teach itself a supervised task. Self-supervised learning is
attractive as it not only reduces the need of data labeling, but also improves the learning
performance. For instance, Doersch et al. [41] proposed to train deep CNN to learn the
arrangement of patches in an image. By learning the relative position of these patches, deep
CNN is forced to also learn the spatial relationship and semantics that underlie the image.
Although their model is trained to learn patch positions, they applied the learned image
representations to the target task of object detection, and achieve better performance than
other transfer learning approaches. Self-supervised learning has been rapidly evolving in

many areas including computer vision [125, 94, 157], natural language processing [217, 39],



and robotics [88, 81], and the performance of these methods is creeping closer to the fully-

supervised approaches.
1.3 Organization of the Thesis

The rest of this thesis is organized as follows:

We start by focusing on the conventional visual recognition problem with self-supervised
learning technique. We address the problem of learning binary descriptors for fast image
retrieval and object recognition. In Chapter 2, we present the proposed learning approach
for learning binary descriptors, and detailed experiments on multiple datasets. We employ
the proposed approach on different visual analysis tasks including patch matching, image
retrieval, as well as fine-grain object recognition. Experimental results on several public
benchmark datasets demonstrate the effectiveness of the proposed approach.

In the following chapters, we turn our focus to the problem of human activity analysis
and understanding. In Chapter 3, we present the proposed cross-domain complementary
learning approach for multi-person part segmentation. The proposed method removes the
data labeling requirement, and successfully transfer the knowledge from synthetic data to
real data. Through experiments, we show that without any human-annotated part seg-
mentation label, our method performs comparably with several state-of-the-art approaches
which require human labeling on Pascal-PersonParts and COCO-DensePose datasets. On
the other hand, if parts labels are also available in real images during training, our method
outperforms the supervised state-of-the-art methods by a large margin.

In Chapter 4, we present our work on accelerating multi-person pose estimation. We
propose a Concatenated Pyramid Network (CCPN) to learn different resolutions of the im-
age representations using concatenation in a deep pyramid network. The proposed model
eliminates the need for multi-stage and multi-scale detection, and accelerate pose estimation
to many times faster than the state-of-the-art approaches.

In Chapter 5, we present our proposed self-supervised learning algorithm for 3D human

mesh construction from a single image. We represent human mesh in a form of graph, and use



a graph convolutional neural network (Graph CNN) [93] to learn human mesh construction.
We observe that we could use 2D part segmentation (as presented in Chapter 2) for learning
3D mesh construction. By projecting the 3D mesh into 2D and minimizing the error between
the projection and the part segmentation, we could learn the human mesh without a ground
truth mesh. Also, for different body shapes, the internal vertex distribution could be modeled
by a Gaussian Mixture Model (GMM). In the experiments, we demonstrate that our method
is able to achieve a comparable or better results than the fully supervised methods.

In the end of this thesis, we summarize the works we have conducted and discuss our

future research directions.



Chapter 2

UNSUPERVISED LEARNING OF
BINARY DESCRIPTOR FOR IMAGE RETRIEVAL AND
OBJECT RECOGNITION

2.1 Introduction

Feature descriptors have been widely used in numerous computer vision tasks [124, 119,
63, 20] such as object recognition, image classification and panorama stitching. A feature
descriptor is desired to capture important and distinctive information in an image [124, 119]
and also to be robust to various image transformations such as rotation and scaling [123, 119].
On the other hand, a highly efficient descriptor enables fast retrieval of images from a large
corpus [174].

Over the past decade, high quality descriptors such as the rich features learned from
the deep Convolutional Neural Networks (CNN) [96, 154], and the representative SIFT
descriptor [119], have been widely explored. These descriptors demonstrate superior dis-
criminability, and bridge the gap between low-level pixels and high-level semantic informa-
tion [196]. However, they are high-dimensional real-valued descriptors, and usually require
high computational cost to search for matched images. In order to reduce the computa-
tional complexity in matching, several lightweight binary descriptors have been proposed
such as BRIEF [22], ORB [162], BRISK [103], and FREAK [6]. These binary descriptors are
highly efficient for storing and matching. Given compact binary descriptors, one can rapidly
measure the similarity of the images by computing the Hamming distance between binary
descriptors via XOR bitwise operations. Since these early binary descriptors are computed
by hand-crafted sampling patterns or simple intensity comparisons, they are usually unstable

and sensitive to scales, rotations, and noises. Some previous works [185, 47, 222, 226] im-



proved the binary descriptors by encoding the similarity information into binary codes with
learning algorithms. These approaches formulate the problem as a learning-to-match opti-
mization by encouraging similar patches to have similar binary descriptors. These methods
learn similarity relationship within the image pairs by taking the advantage of supervised
learning and pair-wised labels (e.g. matching and non-matching labels). With the supervised
learning strategy, the learned binary descriptors are highly distinctive and partially invari-
ant to lighting conditions and camera viewpoints. However, the success of these methods is
mainly attributed to similarity labels. In other words, these methods are unfavorable in the
case when training data do not have label annotations.

In this chapter, we propose an unsupervised learning approach, dubbed DeepBit, for
learning compact binary descriptors using a deep neural network. We observe that images
with the same category should have similar visual textures. These textures are usually shift,
scale, and rotation invariant. Thus, we could generate similar texture patch pairs auto-
matically for training CNNs by shifting, scaling, and rotating image pairs. Based on the
observation, we design an auxiliary training protocol for deep CNNs, which automatically
generates pair-wise pseudo labels describing the similarity between the given two images.
During training, the proposed model learns the pair-wise image similarity, and also teaches
itself to learn important properties of the binary descriptors. The proposed method per-
forms more favorably than the baselines on different tasks including patch matching, image

retrieval, and object recognition.
2.2 Related Works

Binary Descriptors: Earlier works related to binary descriptors can be traced back to
BRIEF [22], ORB [162], BRISK [103], and FREAK [6]. These binary descriptors are built
upon hand-crafted sampling patterns, and a set of pairwise intensity comparisons. While
these descriptors are efficient, their performance is limited because pairwise intensity com-
parison is sensitive to the scale and geometric transformation. To address these limitations,

several supervised approaches [186, 184, 176, 47, 222, 15, 211] have been proposed to learn
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binary descriptors. D-BRIEF [186] encodes the desired similarity relationships and learns
a project matrix to compute discriminative binary features. On the other hand, Local Dif-
ference Binary (LDB) [215] applies Adaboost to select optimal sampling pairs. Linear Dis-
criminat Analysis (LDA) is also applied to learn binary descriptors [176]. Recently proposed
BinBoost [184] learns a set of projection matrix using the boosting algorithm, and achieves
state-of-the-art performance on patches matching. In addition, Supervised Discrete Hashing
(SDH) [170] learns binary codes with the minimal classification loss of a linear classifier.
Supervised Incremental Hashing (SIH) [136] jointly optimizes the classification error and the
binary codes learning in a supervised manner. While these approaches have achieved im-
pressive performance, their success is mainly attributed to pair-wise learning with similarity

labels, and is unfavorable for the case when transferring the binary descriptor to a new task.

Unsupervised hashing algorithms learn compact binary descriptors whose distance is
correlated to the similarity relationship of the original input data [8, 61, 166, 202]. Locality
Sensitive Hashing (LSH) [8] applies random projections to map original data into a low-
dimensional feature space, and then performs a binarization. Semantic hashing (SH) [166]
builds a multi-layers Restricted Boltzmann Machines (RBM) to learn compact binary codes
for text and documents. Spectral hashing (SpeH) [202] generates efficient binary codes by
spectral graph partitioning. Iterative qauntization (ITQ) [61] uses iterative optimization
strategy to find projections with minimal binarization loss. Even if these approaches have
been proved effective, the binary codes are still not as accurate as the real-valued equivalents.

Deep Learning: Deep learning has drawn increasing attention in visual analysis since
Krizhevskyet al. [96] demonstrated the outstanding performance of the deep CNN on the
1,000 class image classification. Their success is attributed to training a deep CNN to learn
rich mid-level image representations on millions of images. Recent studies [219, 68, 221, 98]
show that training a Siamese deep network with contrastive loss based on pair-wised or triplet
image pairs achieves superior performance to SIFT for the task of local patch matching or
retrieval. Dosovitskiy et al. [43] showed that it is possible to learn discriminative real-valued

descriptors with the surrogate patch labels. Paulin et al. [139] and Balntas et al. [14] showed
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that the success of the deep descriptors learning is mainly attributed to the convolution
operation that extract local information of the patches. However, the descriptors learned
by the above mentioned approaches are generally high-dimensional real valued descriptors,
which require relatively high computational cost image matching. In contrast, the proposed
binary descriptor not only reduces the computational complexity, but also enable efficient
image and object matching.

Recent studies [197] have shown that deep learning is effective for binary codes learning.
For example, CNNH [209], DNNH [100] and DSH [116] employed deep CNN to learn a set
of hash functions. However, their methods require pair-wised similarity labels or triplets
training data. VDSH [225] proposed to learn binary codes via layer-wise local updates,
which potentially avoids the gradient vanishing problem. Instead of using the sign function,
BDNN [40] directly generated binary codes with the designed constraints on the output
layer. Huang et al. [72] proposed to jointly learn feature representations with unsupervised
discriminative clustering and weakly-supervised hashing. Deep Hashing (DH) [114] builded
a three-layer hierarchical neural network to learn the discriminative projection matrix, but
their method does not take the advantage of deep transfer learning, thus makes the binary
codes less effective. In contrast, the proposed DeepBit not only transfers the mid-level image
representations pre-trained from ImageNet to the target domain, but also learns compact
yet discriminative binary descriptor. We will show that our method achieves better or com-

parable performance than state-of-the-art descriptors on several public benchmark datasets.
2.3 Proposed Approach

Fig. 2.1 shows the learning framework of our proposed method. We introduce an unsuper-
vised deep learning approach, called DeepBit, to learn compact yet discriminative binary
descriptors. Unlike previous works [185, 47, 186, 184] that optimize the projection matrix
with hand-crafted features and label information from datasets, DeepBit learns a set of
non-linear projection functions to compute compact binary descriptors in an unsupervised

manner. We enforce three important criteria on the binary descriptors, and optimize the
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Figure 2.1: An overview of the proposed unsupervised deep learning framework for comput-
ing binary descriptors. We create a new fully-connected layer on the top of the existing deep
neural network, and employ the proposed objective functions to learn compact yet discrim-
inative binary descriptor. The proposed approach takes two inputs from the original image
and the geometric transformed one into two towers of our network, respectively. Both of the
networks share and update the same parameters. Then, we learn binary descriptors through
the optimization of the proposed objective functions. Note that the binary descriptor is
computed by applying only one tower of our network in the test phase.

parameters of the proposed network with the stochastic gradient descent technique. In this
section, we first give an overview of our approach, and then describe the proposed learning

objectives in the following sections.

2.3.1 Qwerall Learning Objectives

The proposed DeepBit aims to learn K projection functions that map each image x,, into
the binary vector b, = [bp1,bna; ..., bux] € {0,137 Fi(-) and W, represent the k-th
projection function and its associated parameter set. The projection function Fy(x,; W) is

a composition of a number of non-linear projections which can be written as:

«Fk(xn; Wk) = ka(' e fk2(fk1(37n; wkl); ka) T ;ka), (2-1)
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where L is the total number of layers in the deep neural network, and Wy, = [wg1, wga, - . ., Wi
Note that wy; represents the projection parameter learnt for the [-th layer of the deep neu-
ral network. Sigmoid activation function is applied on the last layer, thus Fy(-) € R and
0 < Fi(-) < 1. The k-th bit of the binary descriptor b, is computed by applying the

projection function Fi(-) to the input image x,, and binarizing the results:
bk = 0.5 % (sign(Fy(x,; Wy) — 0.5) + 1), (2.2)

where sign(v) = 1 if v > 0 and —1 otherwise.

Let W = [Wy, W, ..., Wk], which consists of K parameters for computing the K-bit
binary descriptor. To learn the K-bit binary descriptor, we define three important criteria
to optimize W. First, the learned binary descriptor should preserve the information of the
feature extracted from the last layer of the deep CNN. The quantization loss should be as
small as possible after projection. Second, we encourage the binary descriptor to be evenly
distributed, so that each bit of the binary descriptor will convey information as much as
possible. The third is to make the descriptor invariant to geometry transformations.

To achieve these objectives, we formulate the following optimization problem to learn W:

un E(W) = aEy(W) + BE;(W) + vE3(W)

’bnk —fk(xn;Wk)||2

e
P_ﬂz

T (2.3)
+B8> |l — 0.5
+9) > Awd+ (1 —y)(K —d)},

where N is the number of training data in a mini-batch. K is the bit length of the binary
descriptor. py is the mean of the k-th bit binary descriptor of the training data. d denotes
the distance between the compared binary descriptors b, and b,. Note that b, and b, are
computed from input image z, and z,. y denotes the relationship between the compared

binary descriptors. y = 1 if 2, = T(x,), and y = 0 if z, # T'(x,). Note that T'(-) computes
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the geometric transformation. Moreover, «, 8, and v are the hyper-parameters to balance
different objectives.

To give a better understanding of the proposed objectives, we describe the physical
meaning of (5.13) as below. First, £) minimizes the quantization loss between the binary
descriptor and the input feature vector. Then, E5 encourages the binary descriptor to be
evenly distributed to increase the information capacity of the binary descriptor. Finally, Fs
tolerates the geometry transformations by minimizing the Hamming distance between the
descriptors that describe the reference image and the transformed ones. We elaborate the

details of each proposed objective as follows.

2.3.2  Quantization Loss Minimization

The proposed DeepBit seeks to learn the projections that map the input image into a binary
string while preserving the discriminative information of the original input. We first rewrite

(2.2) as follows:

The soul idea to keep the binary descriptors informative is to minimize the quantization
loss between the binary descriptor and the rich image representation. We minimize the
quantization loss of the k-bit binary descriptor as below:

N
min By (Wy) = > 1105 x sign(Fi(z,; W) — 0.5)

n=1
— (Fe(z; W) — 0.5)]?

N (2.5)
= bk — 0.5 = Fi(an; Wi) + 0.5||?

n=1

N
=D bk = Filwa; Wi
n=1

The smaller the quantization loss is, the better the binary descriptor will preserve the in-

formation of the original data. Different from the previous work [61] that addresses this
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problem by iteratively updating W and b, with two alternating steps, we formulate this
optimization problem as the neural networks training objective. The goal of the proposed
deep neural network becomes learning W, that minimizes the quantization loss between b,
and Fi(z,; Wy). To this end, we optimize W = [W;, Wy, ..., W] for the K-bit binary

descriptor by minimizing the loss of the following objective function:

K N
win £ (W = bk — Filaa: W) | (2.6)

k=1 n=1
2.3.8 Learning Efficient Binary Descriptors

To increase the information capacity of the binary descriptors, we maximize the usage of each
bin in the binary string. Considering the variance for each bin, the higher the entropy is, the
more information the binary codes express. Accordingly, we enhance the binary descriptor
by making each bit has 50% probability of being one or zero. In other words, there is no
preference for each bit to be one or zero, and the resulting binary string will convey the
information as much as possible. To achieve this goal, we minimize the loss computed by

the forward pass of the network:

mmEQ Z||/£k—05\|2 (2.7)

where K is the bit length of the binary descriptor. For each bit, we compute mean p; using:

1 N
= Zbk (2.8)

where N is the number of images in a mini-batch.

2.8.4 Learning Transformation Invariant Descriptors

Previous studies [124, 119, 123, 20] show that an effective local descriptor should not only
be distinctive, but also invariant to geometry transformations. The local descriptors are

desired to have three important properties including (1) rotation invariance, (2) translation
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invariance, and (3) scaling invariance. To learn binary descriptors that are invariant to
these transformations, we address the problem by minimizing the difference between the
binary descriptors which are computed from the reference image and the transformed one.
The transformed image is computed by applying a set of rotation, translation and scaling
functions. In order to make the binary descriptor more distinctive, we further enhance
the binary descriptors by increasing the distance between the descriptors computed from
arbitrary images. Inspired by Dosovitskiy et al. [43] that incorporate surrogate labels (or
pseudo labels) for unsupervised learning, we formulate the optimization problem as the loss

function below:

N
min Es(W) = ; {()d+ (1 —y)(K=d)}, (2.9)
where d = ||b, — b,||. b, and b, are the binary descriptors computed from training data x,

and z,, respectively. y reveals the transformation relationship between z, and z,. y =1
if v, = T(xp), and y = 0 if x, # T'(z,). T(-) computes the geometric transformation with
random combination of rotation, scaling, and translation functions. During learning, we
encode the important characteristics of local descriptors into the top layer of the deep neural
network, including rotation, translation, and scaling invariance. Then, the binary descriptors
are learned by optimizing the network parameters through back-propagation. Since y in (2.9)
indicates the geometric transformation on or off, the objective function does not take into

account the label annotations provided by the datasets.

2.3.5 Implementation Details

We implement our proposed approach using the open source Caffe [84]. The proposed ap-
proach includes two stages. First, we initialize our network with the parameters from the
VGG16 [173], which is trained on the ImageNet dataset. Second, we replace the classifica-
tion layer of the VGG16 with a new fully-connected layer following by the sigmoid activation

function, and enforce the neurons in the new fully-connected layer to learn binary descriptor.
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The proposed method learns binary descriptors based on the Siamese-like network architec-
ture, which consists of two towers of our network. During learning, we optimize W using
the proposed objective function (see (5.13)). Note that the two towers of the network share
and update the same parameter WW. To this end, we use the stochastic gradient descent
(SGD) method and back-propagation to train our network. The bit-length of our binary
descriptor can be customized from dataset to dataset by setting the number of neurons in
the last fully-connected layer. We generate a training list with 20/ pairs of z,, and x,, where
M is the total number of images in the dataset. We shuffle the training list, and feed to the
network batch by batch. Other settings are listed below. Mini-batch size is 32. We train
our model with a learning rate 0.0001, a momentum 0.9 and a weight decay 0.0005. uy in
FE5 is replaced with the mean of the minibatch during training. Images are normalized to
256 x 256 and then randomly cropped to 224 x 224 for VGG16 as the network input. For the
parameters of the geometric transformation function, the rotation range is from —10 to 10,
shifting range is from —32 to 32 pixels, and the scaling factor is from 0.8 to 1.2. Note that
we empirically set these parameters for simulating human perspective with small variations
of viewpoints, and the performance of the binary descriptors could be further boosted by

using optimal parameter settings via hyperparameter selections.
2.4 Experimental Results

We conduct experiments on several public datasets as well as a large-scale dataset with
more than one million natural images. We provide extensive evaluations of the proposed
binary descriptor, and demonstrate its performance on various visual recognition tasks. We
start with introducing the datasets and then present the comparative evaluations with the

state-of-the-art methods. Information of the datasets can be found in Table 2.1.

2.4.1 Datasets

Brown [19] is a standard dataset for evaluating local descriptors. It consists of three subsets,

which are collected from the Photo Tourism reconstructions from three landmarks (Liberty,
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Table 2.1: Statistics of datasets used in the experiments.

Dataset Image type Label Training Test
Brown 64 x 64 patches Match or not 200,000 100,000
RomePatches 51 x 51 patches Match or not 10,000 10,000
CIFAR-10 32 x 32 patches 10 class 50,000 10,000
Flower-17 Natural images 17 class 680 340
Flower-102 Natural images 102 class 1,020 6,149
ILSVRC2012 Natural images 1,000 class ~1.2 M 50,000
Oxfordbk Landscape images N/A N/A 55
Paris6k Landscape images N/A N/A 55
Holidays Natural images N/A N/A 500
UKB Object images 2,550 class N/A 10,200

Notre Dame, and Yosemite). Each of them contains different views of a given landmark.
For each landmark, there are more than 400,000 gray-scale patches, resulting in a total of
1,200,000 patches. Each subset is split into training and test sets, with 200,000 training
pairs (100,000 matched and 100,000 non-matched pairs) and 100,000 test pairs (50,000
matched, and 50,000 non-matched pairs), respectively.

CIFAR-10 [97] is one of the most widely used datasets for evaluating classification and
retrieval. It contains 10 object categories and each class consists of 6,000 images, resulting
in a total of 60,000 images. The dataset is split into training and test sets, with 50,000 and
10,000 images, respectively. We employ the training set for network training, and use the
test set as the queries for retrieval evaluation.

RomePatches [139] is another dataset for descriptor evaluation. Different from Brown
dataset, RomePatches consists of a series of local patches with color information. The

dataset is collected from the 3D reconstruction of several landmarks in Rome. The patches
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are obtained by projecting the 3D feature points back to the 2D original images. For both
training and test sets, there are 1,000 3D feature points with 10 different views, resulting in
a total of 10,000 training patches and 10,000 test patches.

ILSVRC2012 [164] is a standard benchmark for the ImageNet Large Scale Visual Recog-
nition Challenge. It consists of 1,000 object classes, and approximately 1.2 million training
images, 50,000 validation images and 100, 000 test images. Similar to the setting in CIFAR-
10, we employ the training set to learn network parameters, and use the validation set as
the queries in the evaluation.

Flower-17 [132] contains 17 categories and each class consists of 80 images, resulting in a
total of 1,360 images. The dataset is split into the training (40 images per class), validation
(20 images per class), and test (20 images per class) sets.

Flower-102 [133] contains 102 categories and each class consists of 40 ~ 102 images, result-
ing in a total of 8,189 images. The dataset is split into the training (10 images per class),
validation (10 images per class), and test (the rest 6,149 images) sets.

Oxford [143] has 5,062 images of 11 Oxford landmarks. Images are with different variations
in viewpoints and scales, which pose practical challenges for image retrieval. In this dataset,
55 queries are used for the evaluation.

Paris [144] has 6,412 images of Paris landmarks. Similar to Oxford, there are 55 queries for
the retrieval evaluation.

INRIA Holidays [82] has 1,491 images corresponding to 500 image groups. The images
are with various rotations and scales, making the retrieval more challenging. The perfor-
mance is evaluated on 500 queries.

UKB [134] contains 2, 550 object categories and each object has 4 images in different view-

points, resulting in a total of 10,200 object images.

2.4.2 Results on Brown Dataset
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Comparison with unsupervised approaches: To evaluate the performance of local de-
scriptors, we first compare our method with state-of-the-art unsupervised binary descriptors
(DBD-MQ [45], BRIEF [22], BRISK [103], Boosted SSC [168]). Following the standard eval-
uation protocol [185], we conduct cross-validation on the three subsets, and compute the false
positive rate at 95% recall rate (95%ERR). We train our model on one subset, and apply
to the other two subsets. Thus, there are in a total of 6-round validations. The validations
can be seen as the cross-scene evaluation since the three subsets are collected from different
environments including natural scene, statue, and architecture, respectively. Fig. 2.2 shows
the ROC curves for our proposed model and the compared methods, and Table 2.2 summa-
rizes the 95% ERR for the Brown dataset. The overall performance of our model achieves
38.15% error rate when the recall rate is at 95%, which achieves lower error rates than the
compared unsupervised binary descriptors over different training and testing configurations
of the Brown dataset. In addition, we study the influence of the loss function designed for
the transformation invariance objective. As shown in Table 2.2, our model learned with the
transformation invariance objective achieves 38.15% error rate, which is better than 40.67%
of our prior work [108] which does not consider learning transformation invariant descriptor.
Since the proposed new objective function is more general for descriptor learning, our new

model performs more favorably against the previous one.

Comparison with supervised approaches: We also compare the proposed unsuper-
vised binary descriptors with the state-of-the-art supervised binary descriptors (Binary L2-
Net [178], BinBoost [185], RFD [47] and others). In Table 2.2, supervised approaches employ
similarity supervision (matched and non-matched labels) to optimize the model training, so
that their binary descriptors are more effective for estimating the visual similarity given the
pair-wised input patches. Since our method is unsupervised, where the learning process does
not take advantage of the training labels provided by the dataset, our method performs less

favorably than the supervised approaches.
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Figure 2.2: ROC curves of the proposed DeepBit descriptors and the compared binary
descriptors, across all the splits of training and testing configurations on the Brown datasets.
In parentheses: the bit length of the binary descriptor (b), and the 95% error rates.
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Figure 2.3: Correctly matched patches and mismatched ones from the Brown dataset. Top
row shows the patches from Liberty classified as matched pairs; the first three are correctly
classified, but the fourth is mismatched, which describes different architectures. Middle
row shows the image pairs from Notredame classified as the matched pairs; the fourth is
mismatched although both of them share similar pattern. Bottom row shows the patches
from Yosemite classified as matched pairs; the last one is mismatched, which are visually
similar but belong to different locations.

Lib.

Visualization of patch matching: We further visualize the image matching results on
the Brown dataset, and Fig. 2.3 shows the visualization results. As can be seen, our model
successfully matches pairs of patches when they are visually similar, as shown in the first
three columns of Fig. 2.3. The proposed method could also mismatch some patches as
shown in the fourth column of Fig. 2.3. It is worth noting that the mismatched patches are
still visually similar although they are from different scenes or locations. More specifically,
the patches from Liberty and Notre Dame describe the local structure of the statue and
architecture, where the visual similarity between different patches is usually weak. The
proposed method achieves more favorable performance in these two datasets. However, the
patches from Yosemite depict the surface of a mountain. Different local patches (such as snow
and forest) could generate visually similar patterns, making them difficult to be distinguished.
This could be the reason why our method, which tends to match patterns that are visually

similar, performs less favorable than some methods for the Yosemite dataset.
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Figure 2.4: Precision/Recall curves of different unsupervised hashing methods on the CIFAR-
10 dataset with respect to 16, 32 and 64 bits, respectively.

2.4.8 Results on CIFAR-10 Dataset

To evaluate the discriminability of the proposed binary descriptor, we further test our
method on the task of image retrieval. We compare our method with several unsuper-
vised hashing methods, including conventional hashing [8, 61, 202], and deep learning based
approaches [114, 72, 40, 45] on the CIFAR-10 dataset. Following [114], we train the con-
ventional approaches (such as ITQ) on the GIST descriptors. In addition, we also train
PCA-ITQ and LSH on the ¢y-normalized feature extracted from the fc7 layer of the VGG16

network. These can be seen as the deep learning baselines.

Performance comparison: Following the settings in [114], Table 2.3 shows the retrieval
results on CIFAR-10 in terms of the mean Average Precision (mAP) of all returned images
of different methods. Fig. 2.4 shows the Precision/Recall curves of different unsupervised
hashing methods with 16, 32, 64 bits, respectively. Our method achieves comparable or better
mAPs than these compared methods with respect to different bit lengths. This suggests
that the proposed objective function encourages each bit of our binary descriptor to be
activated, and makes the binary descriptors more efficient. Specifically, the VGG16 + PCA-

ITQ approach computes PCA to obtain the feature embedding, and performs I'TQ for better
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Table 2.3: Performance comparison (mAP, %) of different unsupervised hashing algorithms
on the CIFAR-10 dataset. This table shows the mean Average Precision (mAP) of all
returned images with respect to different number of hash bits.

Method 16 bit 32 bit 64 bit
GIST + SpeH [202] 12.55 12.42 12.56
GIST + SH [166] 12.95 14.09 13.89
GIST + PCAH [19§] 12.91 12.60 12.10
GIST + LSH [§] 12.55 13.76 15.07
GIST + PCA-ITQ [61] 15.67 16.20 16.64
VGG16 + LSH 10.67 10.57 10.03
VGG16 + PCA-ITQ 20.97 21.74 22.32
DH [114] 16.17 16.62 16.96
Huang et al. [72] 16.82 17.01 17.21
UH-BDNN [40] 17.83 18.52 ;

Ours 21.70 20.64 23.07
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feature binarization. As discussed in the literature [61, 25], PCA is very effective to preserve
semantic consistency for the small code sizes. Since our method learns the projection function
without semantic-preserving supervision, our method performs less favorably than VGG16
+ PCA-ITQ when the code size is small.

Following [108, 45], we report the mean Average Precision (mAP) of the top 1,000 re-
turned images of the recent state-of-the-art methods in Table 2.4. The results are consistent
to previous finding. Our method achieves comparable or higher mAPs than the state-of-
the-art deep learning approaches. Particularly, our method and DBD-MQ are initialized
with the pre-trained parameters from ImageNet. The results show that network initialized
with pre-trained parameters potentially avoids false local minima, and is useful to improve
unsupervised learning of binary codes. Comparing to DBD-MQ which optimizes the binary
descriptors with fine-grained multi-quantization, our proposed method is relatively robust
against overfitting since our model produces binary codes with the standard sign function. It
is worth noting that our method does not restrict the deep neural network architecture. We
train our method on the VGG16-Avg, which is a simplified VGG16, and report the retrieval
performance in Table 2.4. The retrieval performance is comparable to the counterparts.
This suggests our proposed method can be applied on the simplified network architectures
for efficient computation. We refer readers to Sec 2.4.7 for more detailed configurations of
the simplified networks. Moreover, we study how our model retain the discriminative ability
of the real valued representations. In Table 2.4, we show the performance comparison of our
binary codes and its real-valued representations before quantization. The loss of binarization
is relatively small when training on the VGG16-Avg network. Particularly, the VGG16-Avg
is a simplified network with less parameters compared to the original VGG16 network so that
it is easier for our model training. When training with the VGG16 network, E; mitigates

the quantization loss especially when the code length is longer.

Effectiveness of the learning objectives: We study the influence of individual terms

of the proposed objective function (in Eq. (5.13)). The objective function consists of three
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Table 2.4: Performance comparison (mAP, %) of different unsupervised hashing algorithms
on the CIFAR-10 dataset. This table shows the mean Average Precision (mAP) of top 1,000
returned images with respect to different number of hash bits.

Method 16 bit 32 bit 64 bit
VGG16 + LSH 10.55 11.39 10.80
VGG16 + PCA-ITQ 27.69 28.46 30.63
DeepBit [108] 19.43 24.86 27.73
DBD-MQ [45] 21.53 26.50 31.85
Ours 26.36 27.92 34.05
Method 16 bit 32 bit 64 bit
Ours, VGG16-Avg, before binarization 25.64 28.71 30.82
Ours, VGG16-Avg, after binarization 23.45 26.38 28.48
Ours, VGG16, before binarization 31.94 34.47 36.70
Ours, VGG16, after binarization 26.36 27.92 34.05
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Figure 2.5: Performance comparison (mAP, %) of DeepBit with different combinations of
hyperparameters. The bit length is 32. (a) Different parameters of § and v while « is set to
1, (b) Different scaling factors and rotation ranges.

terms that minimizing the binarization error, making codes evenly distributed, and learning
transformation invariant bits. Since the quantization term FE; in Eq. (5.13) is required to
generate binary descriptors, we study how the other two objectives affect the performance.
In particular, we fix o to 1.0, and iterate through all combinations of setting the parameter
g and 7y to 0.2, 0.4, 0.8, 1.0 and 1.2 on CIFAR-10 dataset. Fig. 2.5(a) shows the mAPs of the
proposed method with different parameters. We see that FEj is critical for learning effective
binary codes since the retrieval performance is initially proportional to 3, and converges
to similar mAPs when f is higher than 0.8. We also see that our model has better mAPs
given a higher 7, which indicates that Ej3 is helpful to enhance the binary descriptors. Our
model achieves the highest mAP when {«, 3,7} = {1.0,1.0,1.0}. Hence, combining all
these terms together is beneficial to achieve better performance. In Fig. 2.5(b), we study
the effect of different combinations of the rotation and scaling parameters. Particularly,
we observe that our model achieves the highest mAP with £20 rotation degrees and the
scaling factors from 0.2 to 1.8. It is worth noting that training with larger rotation ranges

and larger scaling factors may introduce larger variation of the training images. This may
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Figure 2.6: Distribution of the binary codes when training with different weights of the
objective function F5. The generated binary codes are evenly distributed when the mean
value for each bit is close to 0.5. The results show that our proposed objective function is
effective for learning balanced binary codes.

reduce the visual similarity between the training images, and make the learning process of the
proposed network more challenging. This is one of the key reasons that our model performs
worse when training with large rotation ranges and large scaling factors. In Table 2.4, we
compare our method with our prior work without learning transformation invariance [108].
The proposed model achieves more favorably mAPs than our prior work, which means that
our new model retrieves more relevant samples from the database. The results show that
the transformation invariance objective is more general than the rotation invariant objective.
Not only the learned feature space is discriminative to different images, but also the binary

descriptors computed from the transformed images are enforced to be centralized.
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Analysis of the generated binary codes: To further understand the learned binary
feature space, we show the distribution of the generated binary codes on the test set of
CIFAR-10 with different settings. We extract the binary codes where the bit length is 32,
and Fig. 2.6 shows the mean value for each bit when training with different 5. The results
show that the binary codes are better activated when applying a larger 5. On the other
hand, it is worth noting that we train our model with mini-batches, and the parameter N in
Eq. (2.8) is 32 in the experiments. Particularly, all the training images are used for updating
the network parameters after a number of iterations, and the information in the training set
are learned by the model. This indicates that FEs is still effective to estimate the feature

distribution for learning balance binary codes during training with mini-batches.

2.4.4 Results on RomePatches Dataset

RomePatches consists of a series of color patches for descriptor evaluation. For both training
and test set, each of them has 1,000 feature points that are viewed in 10 different orienta-
tions, resulting in 10,000 local patches. Following the evaluation protocol in RomePatches
dataset [139], we select 1,000 feature points as the queries, and the 9,000 remaining feature
points as the targets. Then, we compute mAP for evaluation. As suggested in the CIFAR-10
experiments, we simply choose the hyper-parameters {«, 5,7} = {1,1,1} in Eq. (5.13) for
evaluation.

We compare DeepBit with several local descriptors including real-valued descriptors
(SIFT [119], CKN [139], and convolutional features [96]), and binary descriptors (ORB [162],
FREAK [6], BRISK [103]). Following the evaluation protocol in [139], Table 2.5 shows the
performance comparison. Real-valued descriptors demonstrate higher mAPs than the binary
ones in most cases. Since convolutional feature (AlexNet-convb) is only translation invari-
ance, it may not be able to match relevant patches with different orientations. Comparing

the binary descriptors when the bit length is 256 (32 Bytes), our method produces more



31

Table 2.5: Performance comparison (mAP, %) of different binary descriptors on the
RomePatches dataset. This table shows the mean Average Precision (mAP) of top 1,000
returned patches.

Descriptor Feature type Bytes mAP
CKN-grad [139] Real-valued 1024 88.10
SIFT [119] Real-valued 128 87.90
AlexNet-convh [96] Real-valued 256 49.60
FREAK 6] Binary 64 23.26
BRISK [103] Binary 64 31.95
Ours Binary 64 53.04
ORB [162] Binary 32 43.83
Ours Binary 32 46.97

favorably mAP than ORB. The result shows that our designed objective is helpful to en-
hance the binary descriptors. We find similar results when comparing with other 512 bits (64
Bytes) binary descriptors. DeepBit is capable of learning effective binary descriptors with

different bit-lengths, which is consistent to the finding in the CIFAR-10 experiments.

2.4.5 Results on ILSVRC2012

ILSVRC2012 comprises more than 1.2 millions of images and 1, 000 object categories, which is
more challenging then the above datasets compared. Different from the above experiments
that the comparisons are made mostly with traditional learning approaches, we compare
DeepBit with deep learning baselines in this experiment. Since our approach learns a set
of non-linear projections that quantize the deep features to binary descriptors, we hence
compare DeepBit with the combination of deep features + PCA-ITQ [61], which can be

seen as the baseline in this experiment. PCA-ITQ [61] is one of the most representative
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Figure 2.7: Query patches and the corresponding top ranked 10 patches retrieved from
RomePatches dataset. The code length of our binary descriptor is 512.

Queries Retrleved Images from Gallery

Figure 2.8: Query images and their corresponding top 10 ranked images retrieved from
ILSVRC2012 dataset. Upper two rows are the correct retrieval results. The bottom row
shows our failure case. Images with red boarder are the false positives.
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quantization approaches for binary codes learning. Since the deep CNN models are pre-
trained on ILSVRC2012, we directly extract the 4096 dimensional features from the last
fully-connected layer of the networks, and apply PCA-ITQ for binary codes quantization.
To compare with the baseline approach which does not take into account the geometric
transformation, we train our binary descriptors by minimize the loss in Eq. (5.13) with the

first two terms for fair comparison.

In the experiment, we randomly select 1, 000 images from the validation set as the queries,
and use all the images in the training set (around 1.2 millions of images) to form a large-scale
database. Then, we compute the mAP based on the top 1,000 returned images. As can be
seen in Table 2.6, DeepBit achieves higher mAPs than the compared methods. The results
suggest our method is able to learn discriminative binary descriptors in a large corpus. In
addition, DeepBit produces consistently better performance than the baselines according
to the precision at top n samples. This suggests that our approach better centralizes the
relevant images in the feature space. ~ Comparing to the baseline method, our proposed
approach which learns deep features and binary descriptors in a single framework can perform
more favorably against the compared multi-stage approaches (deep features + PCA-ITQ).
Moreover, we report the performance of our method when training on AlexNet in Table 2.6.
AlexNet is another well-known deep neural network which consists of 5 convolutional layers
following by two fully connected layers. The results are consistent to that of the VGG16.

This indicates our approach can be realized with different deep network architectures.

Fig. 2.8 shows the retrieved top 10 images from the ILSVRC2012 dataset with our 512
bits binary descriptors. As can be seen, our approach is able to retrieve relevant images which
are visually similar. Our method also centralizes binary descriptor of the relevant images
when they are in different viewpoints. However, we notice some failure cases such as the
bottom row in Fig. 2.8. The category of the query is Coucal and the returned images with
red boarder are Black Grouse. It may be difficult for the binary descriptors to distinguish

some object categories which have visually similar patterns.
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Table 2.6: The mAP at top 1,000 returned images and precision at n samples of methods on
the ILSVRC2012 validation set. The code size is 512.

Method mAP (%) prec. (%) at n samples

5) 10 15 20 25 30
AlexNet + PCA-ITQ 31.21 43.01 41.56 40.65 39.96 39.37 38.88
VGG16 + PCA-ITQ 47.07 57.82 56.73 55.99 55.40 54.97 54.63
Ours, AlexNet 31.68 47.84 45.84 44.48 43.55 42.80 42.07
Ours, VGG16-Avg 46.28 70.78 67.16 63.90 60.43 56.62 52.86
Ours, VGG16 49.75 66.68 64.87 63.80 62.95 62.32 61.56

2.4.6  Results on Instances Retrieval

To evaluate the robustness of the proposed method, we conduct experiments on the Ox-
ford [143], Paris [144], INRIA Holidays [82], and UKB datasets [134] for instances retrieval
applications, which include various scene types and the images are in different rotations,
viewpoint and illumination changes. Since the object of interest may appear in different
scales and viewpoints, these datasets present a challenging instance-level retrieval task. To
apply our model on the instance-level retrieval, we follow the spatial search [154] approach,
which divides the images into multiple local patches and measure the patch-level similarity.
Specifically, the similarity between a query sub-patch and a gallery image is defined as the
minimum among the Hamming distances of the query sub-patch and the gallery sub-patches.
Then, the similarity between a query and a gallery image is defined as the average Hamming

distance of every query sub-patches to the gallery image.

Following [13], we train our method on the Landmark dataset [13] for learning binary
codes, and test our model on Paris, Oxford, and Holidays datasets. Table 2.7 shows the

performance comparison with the state-of-the-art approaches. Among these compared ap-
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proaches, ITQ [60] and Neural codes [13] compute binary codes for retrieval, and the rest
approaches are based on real-valued features with 4096 [154, 218] or higher dimensions [83].
In Table 2.7, we show that deep learning approaches perform better than SIFT-based meth-
ods. Our method performs more favorably than the approaches based on other binary
codes [13, 60] with the same code length. We also see that our method performs more favor-
ably against CNN+aug+ss [154] in the Paris dataset. These results show that the proposed
transformation invariant objective is effective for learning binary codes. Moreover, we con-
duct performance comparison on the UKB dataset [134]. Following the standard evaluation
protocol in [134], Table 2.8 reports the precision at the top 4 returned images of different
methods. The performance of the proposed method is comparable or slightly better than
the counterparts, which indicates that the proposed method is relatively insensitive to the

transformation variations of the input images.

2.4.7 Results on Fine-grained Recognition

Unlike previous binary descriptors that require matched /non-matched labels during training,
the proposed DeepBit learns compact binary descriptors in an unsupervised manner; thus,
DeepBit is flexible for various applications. In this section, we extend the evaluation to fine-
grain recognition, which focuses on recognizing the subclasses of the same object category,
e.g., recognizing Cowslip and Buttercup, which are both belong to flower category. Flower
recognition is a classic visual analysis task, and it is challenging due to the variation of
shapes, color distributions, and pose deformations. Besides, the computational cost and
memory requirement become demanding while one wants to recognize the flowers in the
wild using mobile devices. We show that the proposed binary descriptor performs more
favorably against some basic real-valued descriptors such as HOG [36], and SIFT [119]. We
further demonstrate that our approach can be realized on the compressed or simplified deep

networks, and still maintains comparable recognition rate.
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Table 2.7: Performance comparison of instances retrieval performance (mAP, %) of different
methods on Paris, Oxford, and Holidays datasets.

Method Paris Oxford Holidays
SIFT-based methods

BOW-200k-D [144] 46.0 36.4 54.0
IFV [83] - 418 62.6
CNN-based methods

ITQ, 256 bits [155, 60] 66.3 48.9 67.1
ITQ, 512 bits [155, 60] 66.8 50.8 73.9
Neural codes + PCA, 256 bits [13] - 55.7 78.9
Neural codes + PCA, 512 bits [13] - 55.7 78.9
CNN + aug + ss [154] 79.5 68.0 84.3
Ng et al. [218] 69.4 64.9 83.8
DF.FC1 + SL [196] 86.8 46.5 -
ReDSL.FC1 [196] 94.7 78.3 -
Ours+ss, 256 bits 82.5 60.3 81.8
Ours+ss, 512 bits 82.9 62.7 82.7

Fine-grain recognition evaluation

To get more insight about our binary descriptors, we train the multi-class SVM classifiers with

different features such as Colour, SIFT, HOG and our binary descriptor. Then, we evaluate

the quality of the feature representations according to the classification accuracy. In this

experiment, we directly use our pre-trained DeepBit model presented in Sec.?? to compute

the binary descriptors. Note that we use one descriptor per image for SVM training. Table 2.9

compares the classification accuracy of the 17 categories flowers using different descriptors
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Table 2.8: Performance comparison (Precision, %) of the top 4 returned images of different
methods on UKB dataset.

Method Feature Type Dimension Precision
VGG16 Real-valued 4096 84.40
VGG16 + LSH Binary 512 82.35
VGG16 + PCA-ITQ Binary 512 82.25
Neural codes + PCA [13] Binary 512 82.50
Ours Binary 512 82.55

proposed in [132, 133], including low-level (Colour, Shape, Texture), and high level (SIFT,
and HOG) features. The results show that DeepBit is possible to achieve comparable or
better fine-grain recognition rate than other existing features. We owe this to the fact that
our approach optimizes the projection function, which maps the features extracted from the
deep neural network to the binary string. In other words, our binary descriptor can be seen
as the abstract of the rich feature representations computed from the deep neural network.

Fig. 2.9a shows the confusion matrix results.

We also test our binary descriptor on a large flower dataset with 102 categories. Ta-
ble 2.10 reports the accuracy of the SVM classifier when training with different feature
descriptors, and Fig. 2.9b shows the confusion matrix of the 102 flower classes. Our binary
descriptor (computed based on AlexNet) achieves 61.9% accuracy, which is comparable to
many descriptors but worse than CNN-SVM [154] and BOW [51]. However, [154] and [51]
employ high-dimensional real-valued features for classifier training. CNN-SVM [154] takes
the original 4096 dimensional deep features computed from AlexNet. BOW [51] involves a
series of pre-processing, including image segmentation to remove the background regions,
and enhancing the descriptors by combining multiple features resulting in 4000 dimensional

floating-valued descriptors. In contrast, our approach is more efficient because our descrip-
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Table 2.9: The categorization accuracy (mean%) for different features on the Flower-17
dataset.

Descriptors Accuracy
Colour [132] 60.9
Shape [132] 70.2
Texture [132] 63.7
HOG [36] 58.5
HSV [133] 61.3
SIFT-Boundary [133] 59.4
SIFT-Internal [133] 70.6
DeepBit, 512 bits, AlexNet 89.2
DeepBit, 512 bits, VGG16 87.5

Table 2.10: The categorization accuracy (mean%) for different features on the Flower-102
dataset.

Descriptors Accuracy
HSV [133] 43.0
SIFT-Internal [133] 55.1
SIFT-Boundary [133] 32.0
HOG [36] 49.6
BOW [51] 65.5
CNN+SVM [154] 4.7
DeepBit, 512 bits, AlexNet 61.9

DeepBit, 512 bits, VGG16 58.6
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Figure 2.9: Confusion matrix of flower classification using the proposed binary descriptor.
(a) Flower-17 dataset. (b) Flower-102 dataset.

tors are only of 512-bit binary codes.

Learning with simplified deep neural networks

Since the ultimate goal of binary descriptors is efficient matching, we investigate the pos-
sibility of learning binary codes with the simplified deep neural network. We adopt two
more network architectures, SqueezeNet [76] and VGG16-Avg (of our own design [213]), for
fine-grain flower recognition. Table 2.11 summarizes the required storage size and the num-
ber of parameters of different network designs. SqueezeNet [76] decreases the parameters of
AlexNet by replacing 3 x 3 filters with 1 x 1 filters, and maintains the accuracy with large ac-
tivation map by max pooling with stride of 2 in the deeper layers. VGG16-Avg [213] reduces
the parameters in VGG16 by replacing the fully-connected layers with an average polling
layer. Since the average polling layer preserves the spatial information from the previous
convolutional layers, the reduced features are still effective for visual recognition.

To learn our binary descriptors, we replace the last softmax layer of the SqueezeNet with
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Table 2.11: Parameters and storage size of different network models implemented with
CAFFE.

DeepBit-512

AlexNet VGG16 VGG16-Avg SqueezeNet
# parameters 57T M 134 M 15 M 0.9 M
required storage 228 MB 537 MB 49 MB 6MB

Table 2.12: Recognition accuracy (mean%) of our method with different deep neural networks
on Flower-17 and Flower-102 datasets. We also report the recognition accuracy of SIFT for
reference.

Descriptors Flower-17 Flower-102
SIFT-Boundary [133] 59.4 32.0
SIFT-Internal [133] 70.6 55.1
DeepBit, 512 bits, SqueezeNet 76.8 33.7
DeepBit, 512 bits, AlexNet 89.2 61.9
DeepBit, 512 bits, VGG16 87.5 58.6

DeepBit, 512 bits, VGG16-Avg 90.7 62.8
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a fully-connected layer. On the other hand, we add a new fully-connected layer after the av-
erage polling layer in VGG16-Avg. Both fully-connected layers have 512 neurons, and their
parameters are initialized with random Gaussian. Then, we enforce the proposed criteria
on these neurons to learn binary descriptors, and optimized the network parameters though
back-propagation. Table 2.12 shows the fine-grain recognition rates using different networks.
Overall, DeepBit achieves better performance than SIFT in most cases when using different
networks. This indicates it is feasible to realize DeepBit with the relatively cheaper networks,
and maintains comparable performance. Note that DeepBit + SqueezeNet produces compa-
rable accuracy to SIFT, but worse than that of DeepBit + AlexNet. Since the compression
process usually requires strongly supervision to maintain accuracy, the results suggest our
approach, which belongs to unsupervised learning, may slightly drop the performance dur-
ing deep network compression. However, the recognition rate of our binary descriptor is
still comparable to some floating-valued descriptors such as SIFT-Boundary. Moreover, our
study shows that DeepBit + VGG16-Avg not only reduces the model size, but achieves
more favorably accuracy against DeepBit + the others. The main idea of VGG16-Avg is
reducing the model parameters by down-sampling the feature maps, and further decreasing
the number of parameters in the following fully-connected layers. Since the average polling
layer does not require parameter learning, it is easier for our unsupervised approach to learn
binary descriptors comparing to other compression approaches such as SqueezeNet. Our
study shows that the proposed approach can be realized on a small or light-weighted deep

network, and enable efficient visual recognition.

2.4.8 Computational Cost

Encoding time: We randomly select 1,000 test images from CIFAR-10 dataset, and com-
pute the average computational time. We report the encoding time of our approach on CPU
and GPU, and the feature extraction time for both conventional binary descriptors and hash-

ing methods. The experiments are carried out on a machine with an Intel Xeon 3.70 GHz

CPU of 8 cores, and an NVIDIA Titan-X with CUDA-7.0. Fig. 2.10 shows the encoding
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Figure 2.10: Computational cost for encoding an input image on CIFAR-10.

time (in milliseconds) of different methods. Overall, considering only the encoding time,
the conventional methods (such as ITQ) are much faster than deep learning approaches.
However, when taking feature extraction time into consideration (such as SIFT+ITQ), the
computational time of the conventional methods is comparable or slower than some of our
models. In addition, as discussed in [116], conventional methods may require additional
processes (such as BOW or multiple features) to reach comparable retrieval performance.
On one hand, since the major computational time of our method lies in the forward-pass of
the network layers, “Ours, AlexNet” (7 layers) is faster than the very deep “Ours, VGG16”
network (16 layers). In the near future, our method could be faster when employing the
compressed deep networks. However, this is outside the major scope of this work. On the
other hand, it is worth noting that the computational time of our model is independent of the
code lengths. When using the same network backbone, the encoding time of our 256-bit and

512-bit models remain the same. This is an advantage comparing to conventional methods
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such as I'TQ.

Time complexity for image retrieval: The pipeline of image retrieval can be divided
into (1) offline extracting binary codes of the images, and (2) online querying using the
binary codes. Given the database consisting of n images, the offline process computes a
single forward-pass for each image in the database, which takes time O(n). Given a novel
query, we firstly extract the binary codes of the query, and then perform linear search that
computes the hamming distance between the query and each item in the database resulting
in the time complexity O(n). Though the complexity is linear to the number of images in
the database, computing the hamming distance via XOR operation is very fast. It is worth
noting that we primarily focus on learning discriminative binary codes for improving the
retrieval performance, and the time complexity could be further reduced to sub-linear by
using advanced implementations such as multiple hash tables or exploring the Hamming ball

volume around the query [64, 199].
2.5 Conclusion

In this chapter, we have presented an unsupervised learning framework to learn compact bi-
nary descriptors. Our approach does not require label annotations provided by the dataset,
and is more practical to real-world applications compared to supervised binary descriptors.
Experiments on several public benchmark databases demonstrate that our method achieves
better performance than the state-of-the-art feature descriptors in most cases. How to si-
multaneously learn binary descriptor and its optimal code size seems to be an interesting

future work.
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Chapter 3

CROSS-DOMAIN COMPLEMENTARY LEARNING USING
POSE FOR MULTI-PERSON PART SEGMENTATION

3.1 Introduction

Human body part segmentation [27, 28, 29, 206] aims at partitioning persons in the image
to multiple semantically consistent regions (e.g., head, arms, legs), which is important to
many human analysis applications [65, 67, 78]. Supervised training with deep Convolutional
Neural Networks (CNNs) significantly improves the performance of various visual recognition
tasks including the human body part segmentation [28, 117, 227]. However, it requires large
amount of training data. Data labeling, especially at pixel level, is labor intensive and the
acquisition of such annotations in large scale is prohibitively expensive.

A promising solution to address this problem is to take advantage of the graphics sim-
ulator to generate synthetic images with ground truths automatically [121, 158, 161]. For
example, previous study [191] proposed to learn single-person part segmentation by directly
training the neural networks using synthetic images. However, their method usually produces
false alarms in the background, and it does not work well for real-world images consisting of
multi-person with interactions and occlusions. Also, recent studies [179, 183, 192] show that
the discrepancy of the pixel value statistics between real and synthetic data, so called the

domain gap, makes it challenging to transfer knowledge from synthetic data to real data.

To address the discrepancy of the pixel value statistics between the two domains, recent
studies [157, 187, 189] proposed to train the neural networks using adversarial training for
matching the feature distributions of the real and synthetic data. They proposed to train a
discriminator for distinguishing the real and synthetic images, and a generator for extracting

the domain-invariant features that can fool the discriminator. However, the adversarial
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training may not converge due to the fact that it is difficult to maintain a balanced training
between the generator and the discriminator. Previous approaches also suffer from the issue
of mode collapse, where the generator may only capture a part of the real data distribution.
Thus, the performances of previous approaches are much worse than the supervised training
on real data with pixel-wise manual labeling.

In this chapter, we observe that real and synthetic humans both have a skeleton (pose)
representation and show that the skeletons can effectively bridge the synthetic and real
domains during the training. With our proposed approach, we can take advantage of the
complementary nature of the real and synthetic data, i.e., rich and realistic variations of the
real data and the easily obtainable labels of the synthetic data, effectively. Our technique
learns multi-person part segmentation on real images without any human-annotated labels
and achieves performance comparable to several state-of-the-art approaches which require
human labeling. On the other hand, if part labels are also available in the real-images during
training, our method outperforms the supervised state-of-the-art methods by a large margin.

As shown in Figure 5.3, we have part segmentation labels from synthetic data, but do
not have part segmentation labels from real data. It should be noted that the real and
synthetic images in the figure are unrelated. We observe that real and synthetic humans
both have a skeleton representation. By learning the skeleton representation of the real
and synthetic humans, our proposed model learns a shared feature space for both real and
synthetic domains. Different from previous works that try to minimize the discrepancy of the
pixel value statistics between the domains, we propose to perform human pose estimation
to extract skeletons from the real and synthetic images, and minimize the discrepancy of
the feature spaces between the two domains by using the semantic prior of the human body
structure. The automatically extracted skeletons capture the structural body information
and can effectively bridge the real and synthetic data domains, so that both real and synthetic
data can be used in the training effectively without needing the expensive manual human
part labeling for the real images.

It is worth noting that the learning of human pose estimation requires training labels.
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Figure 3.1: We address the problem of learning multi-person part segmentation without
human labeling. Our proposed complementary learning technique learns a neural network
model for multi-person part segmentation using a synthetic dataset and a real dataset. We
observe that real and synthetic humans share a common skeleton structure. During learning,
the proposed model extracts human skeletons which effectively bridges the synthetic and real
domains. Without using human-annotated part segmentation labels, the resultant model
works well on real world images.

However, the pose labels are readily available on several public large-scale datasets like
COCO Keypoint dataset [113] and are easy to obtain than part segmentation labels. Thus,
the proposed method has the advantage of saving labeling efforts in practice.

We also show that we can extend our method to label keypoints for real images. For
example, to label keypoints on hands and feet, we just need to generate synthetic images
with hands and feet labels, and the knowledge will transfer from the synthetic domain to
the real domain using our proposed approach.

In summary, the main contributions of this work include:

e We discover that human pose is very effective to bridge the real and synthetic domains

for human-centric analysis applications.

e We introduce an effective framework, called cross-domain complementary learning with

pose, to leverage information in both real and the synthetic images for multi-person
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part segmentation.

e Through experiments, we show that without any human-annotated part segmentation
label, our method performs comparably with several state-of-the-art approaches which
require human labeling on Pascal-PersonParts and COCO-DensePose datasets. On the
other hand, if parts labels are also available in real images during training, our method

outperforms the supervised state-of-the-art methods by a large margin.

e We show that our method can be extended to generate labels for keypoints such as

those on hands and feet in real images without human labeling.
3.2 Related Works

3.2.1 Synthetic data for computer vision tasks

There has been a long-standing history of exploring the use of 3D synthetic data for computer
vision problems [107, 128, 171]. Recent studies use 3D CAD models for visual recognition
tasks, such as 3D model repository [26, 204], object recognition [142, 148, 183], human
analysis applications [78, 121, 191, 192], and semantic segmentation for urban scenes [161].
Among the literature, Varol et al. [191] proposed to render a single-person avatar on top of a
static background image, and generate ground truths for training deep CNNs. However, their
method does not leverage real data, which contains realistic variations and the real world
scenarios. Thus, their method only works for the well-controlled environment and the single-
person scenario in an image. In contrast, we address a more challenging and more general
scenario, where multiple people with interactions and occlusions are considered. Different
from training the deep CNNs using synthetic data only [191], we propose to leverage the
complementary natural of the real and synthetic data with human pose estimation. In the
experiments, we show that our method, which learns to bridge the reality gap, performs more
favorably against those proposed in previous studies [191]. In addition, as demonstrated in

the experiments, our technique reduces the requirement on the synthetic data quality because
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it effectively learns from real data.

3.2.2  Domain adaptation

Domain adaptation is a special case of transfer learning [137] that aims to learn a single
task from a source domain, so that it performs well on a target domain. Many approaches
have been proposed to address the visual dataset bias [181] for domain adaptation, including
active learning with human-in-the-loop [192], training deep CNNs with reverse gradient [53],
learning with auxiliary tasks to reduce domain variations [18, 217], and matching feature
distributions of two domains by adversarial training [157, 187, 189]. In particular, Ren and
Lee [157] proposed to learn image classifiers and object detectors using synthetic images with
adversarial training. Instead of adversarial training, our approach uses an auxiliary task of
human pose estimation to bridge synthetic and real domains which is shown to be more

effective from our experiments.

3.2.83  Multi-task learning

Prior works [44, 57, 69, 104, 137, 147, 231] have shown that multi-task learning is effective
for many vision problems. Given multiple different tasks, where a subset of these tasks
are related, multi-task learning aims to improve the learning of the original task by using
knowledge from all or some of the other tasks [163, 224]. However, most of the previous
studies assume that, for all the tasks, the labeled data have to be available for training [137].
Different from previous works, our method learns without human-annotated segmentation
labels in a cross-domain scenario, and learns to bridge the domain gap between real and

synthetic data.

3.2.4  Supervised and semi-supervised part segmentation

Recent studies [42, 59, 99, 207, 208] proposed to jointly train human part segmentation and

human pose estimation for improving the performance of part segmentation. However, the
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successes of the previous studies are mainly attributed to the supervised training with the
pixel-wised manual labeling. Different from the strongly supervised approaches, we propose
to remove the labeling requirement by learning with synthetic data, which is more applicable
to real-world applications. On the other hand, Fang et al. [48] proposed a semi-supervised
approach that aims to augment training samples by transferring the human-labeled part
segmentation from an existing dataset to another unlabeled dataset. Our method differs from

theirs in that our method does not require any human-labeled part segmentation dataset at

all.
3.3 Synthetic Data

It is a common belief that high-quality synthetic data should be created as similar as possible
to the real-world scenarios. For example, in generating single-person synthetic data [191], the
authors composed their synthetically generated human images with a variety of real world
background images. An advantage of our technique is that we reduce the requirement on
the synthetic data quality. In particular, we use a simple empty room as the background for
all of our synthetic data. The reason why our technique works well even with such a simple
synthetic background is that our technique learns about the background from the real data.

We have 20 3D human models with different body shapes and clothing. These avatars
are randomly placed at different positions in the virtual room, and they are animated to
perform a variety of actions such as walking, jumping, crawling, etc. To create realistic
human motions, we retarget the motion capture data from CMU MoCap database [4] to the
avatars. We use a ray-tracing based rendering engine [2, 3] to render the scene.

Multiple virtual cameras are set up at different positions in the environment to capture the
scene from a variety of viewpoints. Figure 3.3 shows the layout of our simulation environment.
The virtual camera model we used is a pinhole camera with a 90 degree FoV. The exposure
of the camera is 1/30-th of a second. The focal length is 35 mm.

Figure 3.2 shows the examples of our synthetic data and the ground truths. Our graph-

ics simulator generates different types of per-pixel ground truth labels for the animations.
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Figure 3.2: Samples of our synthetic data. Our synthetic data contain multiple persons
performing various actions in a 3D room. Top row: the synthetic RGB images. Middle row:
the synthetic pose labels. Bottom row: the synthetic part labels.



ol

[ J
Avatar x ==
— /

—

Avatar’s
moving path

Synthetic Environment

Figure 3.3: The layout of our synthetic environment. We render multiple avatars performing
different actions in a 3D room, and capture the animations from multiple different viewpoints.

Following the common definitions of body parts and human pose [67, 113], we generate 14
categories of body part ground truth labels, and 17 types of keypoint ground truth labels.
It is worth noting that the labels for the synthetic data can be freely extended depending
on user preferences, and are more flexible than those in the conventional real datasets. For
example, as shown in Section 3.5.6, we generate a new set of keypoints including hands and
feet from synthetic data thus allowing our model to predict new keypoints.

Another advantage of the graphics simulation is that we can easily generate large amount
of data. In this work, we generate a total of 17,211 frames and their corresponding ground

truths for model training.

3.4 Proposed Approach

Assume we have a set of synthetic data with human part segmentation labels. We would
like to learn a function that performs human part segmentation on real world data. If we
directly train a neural network with synthetic data labels, it does not generalize well to real

data due to the reality gap. Unlike existing methods [157] that try to transform the synthetic
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data to real data domain to make them look similar to each other, we use a complementary
learning strategy that effectively leverages the rich variation of the real data and the part
segmentation labels of the synthetic data. To make sure the synthetic data and real data are
aligned in a common latent space, we use an auxiliary task, pose estimation, to bridge the
two domains. In summary, our training data consist of part segmentation labels and pose
labels from synthetic data, and pose labels from real data. We learn a part segmentation

function without any part segmentation labels from real data.

3.4.1 Learning objective

Assume we have a real dataset with pose labels DP?*¢  a synthetic dataset with pose labels
Dros¢and a synthetic dataset with part segmentation labels D! we formulate the cross-

domain complementary learning (CDCL) as the following optimization problem:
L = Lyose(D}7*) + Lpose (D) + Lyart(DY™™), (3.1)

where L, is the loss function for pose estimation, and L4 is the loss function for part
segmentation. The first two terms together form the objective function for learning the
auxiliary task of pose estimation from both real and synthetic data. The third term learns
part segmentation from synthetic data.

Following the common definition of pose labels [23, 113], we use the annotations of
keypoints and Part Affinity Fields (PAFs) [23] for learning pose estimation. In particular,
let DPose = {It K!, P'}M, where M is the total number of real images, I, € R**"*? denotes
a real RGB image, K, € R**"*7 denotes a real keypoint ground truth, which has J different
maps, one per keypoint, P, € R**"*¢ denotes a real part affinity ground truth, which
has C affinity vector fields. Also, we have a synthetic dataset with pose labels DP**¢ =

{I', Ki, PIYY | where N is the total number of images in the synthetic data. Furthermore,

we have a synthetic dataset with part segmentation labels DP¥"t = {I! Bi}Y  where B, €

Rw*h*Z g the synthetic body part segmentation ground truth and Z is the total number of

body part categories. Note that it is convenient to assume DP°*¢ and DP** share the same
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Figure 3.4: An overview of the proposed framework. Our framework consists of two main
components. The first is the synthetic input training to learn body parts and human poses
on the synthetic domain. In the second component for real input training, we share the
network parameters of the backbone, keypoint map head, and part affinity field head with
the first component. During learning, we train our network using two modules within a
mini-batch, and optimize the network using back-propagation.
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set of images. In this work, we use COCO Keypoint dataset [113] as DP*.

In the following, we omit the subscript r and s and use DP°*° to represent either real
or synthetic data. The loss function we use for learning pose estimation is Lyp,s.(DP%¢) =
Lipts(I, K, K) + Lyas(I, P, P) where Lyys(-) and Ly,s(+) are the Euclidean loss functions
minimizing the differences between the predictions and the ground truths, and they are

defined below:

C
Ly (I,P.P) = 3" 3" M(6)||P(6) — P(6)] 3. (3.3)
c=1 6

where K and P denote the predicted keypoint confident map and the predicted part affinity
field, respectively, and K and P denote the ground truths. M is a binary mask, where
M(0) = 0 if the ground truth is missing at the location 6 of the image. The mask is used to
avoid penalizing the correct predictions as discussed in the literature [23].

The loss function of learning part segmentation is denoted as Lygri(DP*"") = Lypari (1, B, B)
which is defined to be the categorical cross entropy loss for classifying pixels to different
human parts, that is:

z
Lpart(1, B, B) = =Y > M(0)B(6) log(B(0)), (3.4)
=1 0
where B denotes the predicted body part maps, B denotes the synthetic part segmentation
ground truths.

In summary, the overall objective function is

L= Lkpts(Iry K, Kr) + Lpaf(L’; P, Pr)

+Lkpts<[S>K7 [_(s) +Lpaf([SaP7 Ps) (35)

+ Lpart(lsa B, BS)
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3.4.2  Network architecture

Figure 4.1 illustrates the proposed network. Our network takes an image of arbitrary size
as input, and predicts three different outputs including (1) a set of body part segmentation
maps B, (2) a set of confidence keypoint maps K, and (3) a set of Part Affinity Fields
(PAFs) P [23]. For clarity, we describe our network in two components: backbone and head

networks.

Backbone network

The backbone network is for extracting feature maps from the input. In this chapter, all the
results are obtained by using ResNet101 [70] with pyramid connections [112] as our backbone
network. We denote f as our backbone network, and the output of our backbone is F' = f(I),

where [ is an input image.

Head network

We detect multi-person body parts and human poses in a bottom-up strategy, which is in
spirit similar to OpenPose [23]. Our network predicts three target outputs in parallel, which
are B, K, and P. Each head network is a fully convolutional network. Note that this is
different from prior studies [23, 201] that have a cascaded multi-stage head architecture.
Our head networks do not have such a cascaded design, and can be seen as a single-stage
network compared to prior works. Finally, we denote the three head networks as «, 3, and 7,
respectively. The body part segmentation maps B are computed by B = «(F’), where F' is
the output of our backbone. The confidence keypoint maps K are computed by K = S(F),
and the Part Affinity Fields [23] P are computed by P = ~v(F).

3.4.3  Training

During training, we randomly pick an equal number of real and synthetic images to form

a mini-batch, and feed it to the network. Then, we compute the loss using Eq(5.13), and
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update the network parameters via Adam optimizer. The training batch size is set to 10.

3.4.4 Inference

During testing, we only predict the part segmentation. Our model predicts 14 body part score
maps and one background score map. Following DeepLab [28], we run multi-scale inference
and perform max-pooling to obtain the final part score maps. The part segmentation is

derived by using the argmax value from the final part score maps.
3.5 Experimental Results

We trained our model with COCO Keypoint dataset [113] and our synthetic dataset. We
then evaluated the performance of the resulting model on two public benchmarks, the Pascal-

Person-Parts [31], and the COCO-DensePose [67].

3.5.1 FEvaluation benchmarks

Pascal-Person-Parts [31] is a challenging dataset for multi-person body part segmentation.
It consists of 1,716 training and 1,817 test images, where the human body is split into 6
different parts including head, torso, upper and lower arms, as well as upper and lower legs.

COCO-DensePose [67] is a manually annotated dataset with the body part annota-
tions. We evaluate multi-person body part segmentation on its body part annotations. The

dataset contains 26, 151 training images, and the minival has 1,508 validation images.

3.5.2 Main results

We compare our technique with several state-of-the-art supervised approaches, including
HAZN [206], Attention [29], LG-LSTM [106], LIP [59], Graph LSTM [105], DeepLab |28, 27],
and WSHP [48]. Note that all these approaches use Pascal-Person-Parts dataset including the
part segmentation labels as the training data while our network does not need to use any of

the data from Pascal-Person-Parts at all. Following the settings of Pascal-Person-Parts [31],
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Figure 3.5: Qualitative results of the proposed method CDCL on Pascal-Person-Parts and
COCO validation images.

we predict 6 body parts and measure the prediction results using the mean Intersection of

Union (mIOU) [46].

Table 3.1 shows the performance comparison with different state-of-the-art methods, and
Figure 3.5 shows our prediction results. Without the segmentation training data provided
by Pascal-Person-Parts, the proposed method CDCL achieves 65.02% mIOU, which is com-
parable to or better than several state-of-the-art supervised approaches, such as DeepLab

v2 [28] and Graph LSTM [105].

We further compare our method with the state-of-the-art approach [48] on COCO-
DensePose. For a fair comparison, we follow the body part settings of WSHP [48], and
measure mIOU for the 6 different body parts and background. As shown on the second row
CDCL of Table 3.2, our result is slightly better than WSHP [48] which used real segmentation
training data from both Pascal-Person-Parts and AIC [1].
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Method Real Seg. GT Syn Seg. GT Head Torso U-arms L-arms U-legs L-legs Bkg Avg
DeepLab-LFOV [27] 4 X 78.09  54.02 37.29 36.85 33.73 29.61 92.85 51.78
HAZN [206] v X 80.79  59.11 43.05 42.76 38.99 34.46 93.59 56.11
Attention [29] v X 81.47  59.06 44.15 42.50 38.28 35.62 93.65 56.39
LG-LSTM [106] 4 X 82.72 60.99 45.40 47.76 42.33 37.96 88.63 57.97
LIP [59] 4 X 83.26 6240 47.80 45.58 42.32 39.48 94.68 59.36
Graph LSTM [105] v X 82.69  62.68 46.88 47.71 45.66 40.93 94.59 60.16
DeepLab v2 [28] v X - - - - - - - 64.94
WSHP [48] v+ X 87.15 7228 57.07 56.21 52.43 50.36 97.72 67.60
CDCL X v 75.53 66.26 63.28 57.14 47.75 51.4593.72 65.02
CDCL+Pascal v v 86.39 74.70 68.32 65.98 59.86 58.7095.79 72.82

Table 3.1: Performance comparison of human body part segmentation (mIOU, %) on Pascal-
Person-Parts dataset [31]. Note that WSHP [48] used an additional real dataset with human-
annotated segmentation labels.

Method Real Seg. GT Syn Seg. GT Head Torso U-arms L-arms U-legs L-legs Bkg Avg
WSHP [48] v+ X 67.33 62.22 51.50 55.66 54.22 53.11 76.81 60.12
CDCL X v 68.45 66.21 59.96 51.72 50.71 50.57 75.55 60.45
CDCL+Pascal v v 66.16 64.80 60.33 61.19 55.97 54.96 92.03 65.06
CDCL+COCO v v 73.15 68.74 63.79 67.66 63.39 60.62 93.55 70.13

Table 3.2: Performance comparison of human body part segmentation (mIOU, %) on COCO-
DensePose human body masks [67]. Note that WSHP [48] used additional real dataset with
human-annotated segmentation labels.
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Method Pascal-Person-Parts COCO-DensePose

SYN 10.18 10.12
ADV 16.42 19.24
CDCL 65.02 60.45

Table 3.3: Performance comparison of human body part segmentation (mIOU, %) of different
methods.

3.5.8  Adding real data with part segmentation labels

To obtain the performance upper bound of our technique, we evaluate our method when real
data with part segmentation labels are used during training. The bottom row CDCL+ Pascal
of Table 3.1 shows the result on Pascal-Person-Parts where Pascal-Person-Parts training data
is used. Our method outperforms WSHP by a large margin.

The same model is evaluated on the COCO-DensePose test data and the result is shown
on the third row CDCL+Pascal of Table 3.2. Again it outperforms WSHP by a large margin.

If we use COCO-DensePose training data instead, and evaluate on COCO-DensePose test
data, we obtain an additional gain and the result is shown on the fourth row CDCL+COCO
of Table 3.2.

3.5.4  Comparison with adversarial learning

Recent studies [157, 187] used adversarial training to align the feature spaces of the synthetic
and real images. Thus, we compare the performance of our method with the adversarial
training strategy. Since the model presented in [157] cannot be directly used for part seg-
mentation, we implemented our own network similar to [157]. Our network has a backbone
(ResNet101) and two head networks, one for the part segmentation head and the other for
the discriminator.

Table 3.3 shows the performance comparison on two datasets. We can see that adversarial
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Method Syn. Syn. Real Pascal COCO
Parts Poses Poses mIOU mlIOU

SYN v v X 10.18  10.12
NO-SP v X v 49.71  50.66
CDCL v v v 65.02 60.45

Table 3.4: Ablations of training with different types of data.

Input image SYN NO-SP CDCL

Figure 3.6: Qualitative comparison of the proposed method with different training strategies.

training (ADV') achieves better performance than that of training with synthetic data only
without adversarial training (SYN), but it does not perform as well as our complementary

learning technique.

3.5.5 Ablation study
Synthetic pose labels

Since our approach uses both synthetic poses and real poses, one interesting question is
whether the synthetic pose is useful. To answer this question, we have trained our network
without the synthetic poses (i.e. with synthetic parts and real poses). This configuration is
denoted as NO-SP, and the results on Pascal-Person-Parts and COCO-DensePose are shown

in Table 3.4. For completeness, we also show the results of SYN (synthetic parts + synthetic
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Figure 3.7: t-SNE visualization [120] of the feature spaces of the real and synthetic body
parts.

poses), and CDCL (synthetic parts + synthetic poses + real poses). We can see that NO-SP
outperforms SYN by a large margin thanks to the knowledge learned from the real data,
and adding synthetic poses further boosts the performance. Figure 3.6 shows a qualitative
comparison of the three configurations. SYN has trouble handling the background, NO-SP
performs much better, and CDCL further improves upon NO-SP.

Feature space visualization

We visualize the features of two different models (SYN and CDCL) from the real and syn-

thetic images using the t-SNE visualization technique [120]. In Figure 3.7, the left column
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Original No Background Gray-scale Binary Mask

Figure 3.8: Different configurations of the synthetic data.

shows the features extracted with the model SYN (trained with synthetic data only), and
the right column are from the model CDCL. The first row shows the features extracted at
the left elbow position, and the second row shows the features extracted at the right knee
position. In each plot, the red dots indicate the real data while the purple dots indicate the
synthetic data. We can see that the red and purple dots in the right column are aligned very
well, but they do not align well in the left column. This indicates that our complementary
learning technique is effective at aligning the feature space of the real data with that of the

synthetic data.

Synthetic training data analysis

Since our method learns part segmentation from synthetic data, one may wonder what
elements of the synthetic data are essential to be rendered. To answer the question, we
ablate our synthetic training data by gradually removing the background, colors, and the
human texture, and train our model with these configurations, respectively.

Figure 3.8 shows the examples of different configurations of the synthetic training data,
and Table 3.5 shows the performance comparison. Firstly, we observe that removing the
background from the synthetic data causes only a small drop on the segmentation perfor-
mance. This is an indication that our framework is learning the background from the real

data. Secondly, after we further remove the color of the synthetic data (Gray-scale), we again
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Original No Background Gray-scale Binary Mask

mIOU  65.02 63.96 62.78 43.38

Table 3.5: Performance comparison of our method on Pascal-Person-Parts using different
synthetic training data.

only see a small drop on the performance. Finally, when we degrade our synthetic data to
the extreme by just using binary masks, our framework still works reasonably well. These
studies indicate that our framework mainly requires the pose variations in the foreground
data and the rendering quality is not as critical compared to the conventional approach of

directly training from synthetic data.

3.5.6  Nowel keypoint detection

Since our approach can easily create arbitrary annotations on synthetic data and transfer
the knowledge to real domain, our method is highly scalable and flexible to users needs. For
example, suppose we want to predict a new set of keypoints including hands and feet, it
would be difficult to re-label the entire COCO dataset. With our technique, we can simply
generate new labels on the synthetic data. We have performed an experiment to demonstrate
this capability.

We create 30 novel keypoints for each avatar in the graphics simulator, and use the
proposed method to learn the new set of keypoints. Figure 3.10 shows the definition of
the novel keypoints. To enable our existing network to learn such a new task, we add two
additional head networks in our framework to learn the newly created 30 keypoints and their
Part Affinity Fields, resulting in a total of 5 head networks in our network architecture.

Figure 3.9 shows the qualitative results of our novel keypoint detection. With small
modifications of the existing network, our method learns the novel skeleton representations

from the synthetic data and transfers the knowledge to the real domain. It eliminates the
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Figure 3.9: Novel keypoint detection results on COCO validation images. Without any
human labeling effort, our method learns to predict a new set of keypoints including those
on the hands and feet.
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Figure 3.10: The definition of our created novel keypoints. There is a total of 30 keypoints
and 29 part associations for constructing fine-grained human skeleton.
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Original Test Image

Center-cropped Test Image [191] Result from [191]

Figure 3.11: There are three people in the image. Our method successfully detected multi-
person body parts in the image. Previous method required additional preprocessing, and
only detected single person body parts.

needs of ground truth labeling of the additional joints on the real data.

3.6 Conclusion

We presented a cross-domain complementary learning framework for multi-person part seg-
mentation. Without using any real data part segmentation labels, our method is able to
achieve a comparable or better performance than several state-of-the-art techniques that use
real part segmentation data for training. We further demonstrated that our technique can

also be used to learn novel keypoint detection from synthetic data.
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3.7 Supplementary Material

We have presented the cross-domain complementary learning for multi-person part segmen-
tation. Without using any real part segmentation labels for training, the proposed method
achieves comparable or better performance than the supervised state-of-the-art approaches
on Pascal-Person-Parts and COCO-DensePose datasets. Our method outperforms the su-
pervised state-of-the-art methods by a large margin when real part segmentation labels are
also available for training. In this supplementary material, we further provide qualitative

comparisons with the recent study [191] on MPII dataset.

Qualitative comparisons on MPII

Recent study [191] proposed to estimate body part segmentation by learning with synthetic
data, which is closely related to our method. Since MPII dataset [9] does not have part
segmentation labels for quantitative evaluation, [191] showed qualitative results on selected
images from MPII. Given a test image, [191] used additional preprocessing to normalize
the input. From their results on MPII dataset with multiple people, it appears that they
cropped each image centered at a specific person before feeding to their network. In contrast,
our method does not require such preprocessing. Furthermore, our method produces better
results as shown in Figure 3.11, 3.12, 3.13 and 3.14. For each example, we show the original
image from MPII dataset [9], our part segmentation result on the original image, the cropped
version which was used as the network input in [191], and the part segmentation result
of [191]. Tt is worth noting that our model does not use any real part segmentation labels

for training in this experiment.
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Original Test Image

L

Center-cropped Test Image [191] Result from [191]

Figure 3.12: There are four people playing basketball in the image. Previous method may
not work well for multi-person scenario. In contrast, our method successfully detected the
body parts of the four people in this image.
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Original Test Image

Center-cropped Test Image [191] Result from [191]

Figure 3.13: There are three people wearing white shirts in the image. In addition, there
are two people wearing red clothing behind the white-shirt people. There are also many
small people in the background. Our method generated correct part segmentation for all the
people in the image even though some of them are heavily occluded by others. In contrast,
previous method only detected a single person in the image.
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Original Test Image Our Result

Center-cropped Test Image [191] Result from [191]

Figure 3.14: There are two people fencing in the image. Our method detected the body
parts of both people in the image.
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Chapter 4

FAST MULTI-PERSON POSE ESTIMATION USING A
CONCATENATED PYRAMID NETWORK

4.1 Introduction

2D Human pose estimation is a fundamental challenge for computer vision. In practice,
recognizing the pose of multiple persons in the wild is a lot more challenging than recognizing
the pose of a single person in an image [11, 12, 180, 33]. A common approach [138, 35, 131]
is to employ a person detector and perform single-person pose estimation for each detection.
These top-down approaches directly leverage existing techniques for person detection and
single-person pose estimation [180, 33, 138, 35, 131, 69, 49, 74] and have achieved the best
accuracy on the COCO keypoint challenge [35, 69]. However, the runtime of these top-
down approaches is proportional to the number of people: for each detection, a single-person
pose estimator is run, and the more people there are, the greater the computational cost. In
contrast, bottom-up approaches are attractive as they have the potential to decouple runtime
complexity from the number of people in the image.

Unlike single-person pose estimation in top-down approaches, directly inferring the poses
of multiple people in an image presents a lot more challenges. First, each image may contain
an unknown number of people that can occur at any position or scale. Second, interactions
between people induce complex spatial interference, due to contact, occlusion, and limb
articulations, making association of parts difficult. These challenges require much more
powerful network and sophisticated learning approach.

OpenPose [23] is the most representative bottom-up approach in multi-person pose esti-
mation. It presented the first bottom-up representation of association scores via Part Affinity

Fields (PAFs). It demonstrated that by simultaneously inferring the bottom-up representa-
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tions of parts and their associations they can encode the global context sufficiently well to
allow a greedy parse to achieve high-quality results. More importantly, OpenPose achieves
near real-time runtime performance on frame by frame pose estimation without tracking.
However, to achieve near real-time performance, OpenPose has to sacrifice its best precision
achieved in multi-scale (which is 4x slower), and instead uses a single scale with much lower
precision. The main problem that limits their runtime performance is that their network
includes multi-stage sequential refinement and is sensitive to scale variation, thus highly

relying on multi-scale detection to uphold its precision.

Primarily, OpenPose is a sequential prediction framework, where the detection confidence
maps computed by the previous stage are used as the input of the next stage. By perform-
ing the multi-stage prediction, OpenPose iteratively refines the detection confidence maps,
and improves the performance of the pose estimation. However, the multi-stage network
increases the computational cost and the network parameters. Specifically, in their network
design, OpenPose requires 6 stages of successive predictions for quality detection. Thus,
the multi-stage prediction is one of the critical bottlenecks for fast detection. In addition,
since OpenPose imposes intermediate supervision at each stage, the training cost of their
method is proportional to the number of stages. On the other hand, to achieve higher ac-
curacy, OpenPose sacristies their speed and performs multi-scale detection to achieve the
state-of-the-art performance on the COCO 2016 keypoint challenge. Multi-scale detection is
the scheme that conducts detection on resized images, which is equivalent to the detection
at different scales [50, 16]. However, multi-scale detection introduces additional overhead.
More specifically, during testing, one may need to rescale the image multiple times, and

recompute the prediction multiple times.

In this chapter, we propose a novel Concatenated Pyramid Network (CCPN) as the
backbone network to learn feature map representations. The proposed concatenated pyramid
network learns different levels of representations using concatenation in a deep pyramid
network. Different from the lateral connection in the Feature Pyramid Network [112], our

network leverages both low-level and high-level semantics using concatenation for learning



72

multi-scale feature representations so that it improves the robustness to scale variations of
input instances. Also, as the feature map is largely enhanced, the head network for prediction
is much relieved such that a single stage network can achieve quality detection. Thus, the
newly proposed network, with just a single-stage and single-scale, achieves comparable or
even higher accuracy than the multi-stage OpenPose in multi-scale. Experimental results
clearly demonstrate that our proposed network improves both speed and detection quality

over OpenPose.

The main contributions of this chapter are summarized as below.

e We present an efficient Concatenated Pyramid Network (CCPN) for accelerating multi-

person pose estimation.

e Our network eliminates the need for the multi-stage and multi-scale detection.

e Our network is faster than the state-of-the-art OpenPose while achieving higher accu-

racy than OpenPose.

4.2 Related Works

Human pose estimation [11, 21, 12, 151, 145, 152, 216, 24, 182, 58, 79] is a fundamental
research problem of localizing and associating the human body parts in the images. Classical
approaches [11, 12, 180, 33] address human pose estimation by using pictorial structures or
graphical models. More recently, Convolutional Neural Networks (CNN) have been widely
applied, and achieved large improvements on pose estimation [35, 69, 138, 131, 201, 21,
182, 146]. Furthermore, multi-person pose estimation becomes increasingly important due
to the demand for practical applications. Previous works can be divided into top-down and

bottom-up approaches.
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Top-down approaches.

Top-down approaches [69, 49, 35, 138, 131, 74, 180] employ a person detector to firstly lo-
calize the possible regions in the image, and then reduce the problem to single-person pose
estimation. Given the detected bounding box, previous methods apply different models to
detect the body parts. Papandreou et al. [138] detect body part locations by predicting the
heatmaps and the offsets of the keypoints. MaskRCNN [69] predicts human body parts using
a fully convolution network head on the top of a backbone architecture. Cascaded Pyramid
Network [35] detects human body parts using deep pyramid network and online hard key-
points mining. It is worth noting that the top-down approaches are based on the assumption
that there is only one person appeared in the bounding box. With this strong prior knowl-
edge, top-down approaches simplify the task of multi-person pose estimation, and make the
learning process more efficient. That is one of the reasons top-down approach achieves better
performance than other approaches. However, top-down approaches are highly dependent on
the person detection. If the person detection fails, there will be no resource to recover in the
subsequent stages. Secondly, top-down approaches are computationally expensive for multi-
person pose estimation. The computational cost of top-down approaches is proportional to

the number of bounding boxes detected by the person detector.

Bottom-up approach.

Bottom-up approaches [130, 146, 77| firstly detect human body parts, and then associate
the parts to obtain the full skeletons. Bottom-up approaches are attractive as they do
not require person detector and bounding boxes. Despite several bottom-up methods have
been proposed, previous works may not be efficient due the costly parsing until the re-
cent breakthrough of OpenPose [23]. OpenPose demonstrates its impressive performance on
multi-person pose estimation, and speeds up the parsing via Part Affinity Fields (PAFs).
They proposed to learn the part-to-part association and the orientation using convolutional

neural networks. Particularly, PAFs are learned from the visual appearance, and are highly
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efficient for guiding the part association during parsing. However, it requires multi-stage
refinement to obtain quality results. To be specific, OpenPose performs 6 stages of succes-
sive predictions for refining the pose estimation. The multi-stage refinement increases the
network complexity and slows down the inference time. Moreover, to retain the precision,
OpenPose sacristies its speed and conducts multi-scale detection to achieve the state-of-the-
art performance. OpenPose firstly resizes the image to 4 different scales. Then, it takes
each image as the network input, and average the detection confidence maps and PAFs for
subsequent greedy parsing. Such multi-scale detection introduces large computational costs.
How to eliminate multi-stage and multi-scale detection without affecting the detection is the

motivation of this work.

4.3 Proposed Appraoch

4.3.1  Overview

Figure 4.1 illustrates the overview of the proposed approach. Specifically, the proposed
approach consists of the Concatenated Pyramid Network (CCPN) and the Skeleton Grouping

Network (SGN) for rapid multi-person pose estimation.

Different from previous works that need multi-stage refinement [23, 131, 35, 201], the
proposed network detects human skeletons in a single stage. Our network learns effective
representations using the deep pyramid network architecture. Our pyramid network leverages
the low-level and high-level semantics with the concatenation. Secondly, the proposed SGN
learns the skeleton structure and the spatial relationship between the body parts for refining
the segmented skeletons. Given the imperfect parsing results, the proposed SGN is able to
group and complement the segmented skeletons. We elaborate the details of the proposed

networks as below.
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Backbone Network (Concatenated Pyramid Network)
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Figure 4.1: An overview of the proposed Concatenated Pyramid Network (CCPN) and
Skeleton Grouping Network (SGN). In Sec 4.3.2, we present the proposed Concatenated
Pyramid Network (CCPN), which learns rich representations and multi-scale information in
a single framework for rapid multi-person pose estimation. In Sec 4.3.3, we desgin an efficient
neural network for refining the segmented skeletons in the occlusion case.
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4.3.2  Concatenated Pyramid Network

Previous studies [112, 35] show that Feature Pyramid Network (FPN) and its variants are
effective for learning representations for visual recognition tasks. However, previous pyramid
networks are designed mainly for region-based object detectors, such as MaskRCNN [69]
using Region Proposal Network (RPN) [156]. Recently, the pyramid network has also been
applied to multi-person pose estimation [35] and achieved the state-of-the-art performance
on COCO 2017 keypoint challenge. However, their method belongs to top-down approaches,
which restrict the input of the network to the person bounding box or region proposals. These
top-down approaches greatly increase the computational costs due to the large number of
person bounding boxes. Therefore, previous pyramid-based pose estimator [35] performs
slower than OpenPose.

In this paper, we propose an efficient pyramid network to learn rich representations for
detecting the human parts and their associations. As shown in Figure 4.1, the proposed
network takes an image in arbitrary size as input, and outputs a set of detection confidence
maps S and a set of part affinity fields L for part localizations and associations, respectively.
For clarity, we describe our network in two parts: backbone and head architectures. The
backbone network is for extracting useful feature maps from the input image, and the head
network is for predicting the target outputs, which are S and L in our network, from the

feature maps.

Backbone architecture. As discussed in DenseNet [73], creating short path from early
layers to later layers with element-wise summation may not maximize the information flows
between the layers. FPN learns multi-scale representations with the lateral connection, where
the semantic information at different scales are directly accumulated. The accumulated fea-
ture representations are less discriminative since it losses the property of the representations
at different levels. Instead of using the lateral connection, we propose to concatenate the
intermediate layers in a pyramid network to preserve the information flows between different

scales and different levels of semantics. We normalize the size of different feature maps by
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adopting the deconvolution operations, where the deconvolution kernels can be optimized
during learning. Then, the upsampled feature maps are concatenated along the channel axis.
Finally, we feed the concatenated feature map into the subsequent convolutional layers, and
distill the multi-scale feature representations F. In contrast to applying the element-wise
summation, concatenating the multi-scale features simultaneously preserves the semantic in-
formation at different scales and enriches the variation of the input of the subsequent head
network. This also improves the learning efficiency. This is the major difference between
our network and the previous feature pyramid networks [35, 112]. Comparing to FPN, our
training is more efficient than previous pyramid networks since each layer in our network can
directly receive the gradients back-propagated from our head networks.

Our approach is independent of the choice of the backbone convolutional networks, and
in this paper we present our results on ResNet50 [70]. Particularly, we denote the outputs
of the intermediate layers in ResNet50 as {C1,C2,C3,C4,C5} for convl, conv2, conv3,
convd, and convb. We normalize the size of the feature maps {C'1 — C5} to a fixed size
as {C,1 — C,5} via deconvolution. We then concatenate the feature maps {C,1 — C,,5} as
the input of the subsequent convolution layers. We denote the output of the subsequent

convolution layers as F.

Head architecture. Following [23], we train our network to learn human part localization
and association. We attach two network heads on the top of our backbone network. Each
network head is a fully convolution network consisting of 8 convolution layers. We denote
two network heads as p and ¢, respectively. The detection confidence maps S are computed

by S = p(F), and the Part Affinity Fields [23] L are computed by L = ¢(F).

Training. The proposed network is trained in the end-to-end fashion. We initialize our
backbone network using the parameters pre-trained on ILSVRC12 [164], while the other
parameters are randomly initialized. The learning rate for every layer in our network is
0.0002. Our loss function is similar to that of OpenPose [23]. The difference is that we

train our network for only a single stage, but OpenPose is trained for multiple stages. Note
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Input Image PAFs Meet Occlusion Parsing using PAFs Ours

Figure 4.2: The Part Affinity Fields (PAFs) are mainly dependent on visual appearance, so
that the part affinity score tends to be lower if the visual evidence is insufficient. In this
example, previous methods may not correctly infer the part affinity of the catcher’s lower
body due to the heavily occlusion resulting in fragmented skeletons. In contrast, our approach
is able to group the segments and construct the correct skeletons. Yellow arrows indicate
strong affinity fields, and red arrows are relatively weak affinity fields. See Section 4.3.3 for
details.

that our network could be extended to multi-stage network for higher accuracy by cascading
additional network heads, and in this paper we focus on single-stage network for accelerating

multi-person pose estimation.

4.3.83  Skeleton Grouping Network

The Part Affinity Fields (PAFs) [23] has been proven efficient for parts assemble. However,
a successful detection of PAFs is mainly relying on the clear visual appearance. As shown in
Figure 4.2, previous bottom-up approaches tend to produce segmented skeletons if some of
the body parts are missing, invisible, or occluded by other objects. Previous studies [146, 77|
proposed to associate the detected parts using sophisticated algorithms. But their average
running time for each image is roughly 500 seconds [77]. Therefore, previous methods may
not meet the requirement of real-time pose estimation.

In this paper, we propose a simple yet effective neural network for learning to recover

the segmented skeletons by finding their missing parts. As can be seen in Figure 4.2, given
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the lower body skeleton and the other detected skeletons, we would like to determine which
upper-body skeleton best fits the lower body skeleton. To this end, we formulate this as
a pairwise matching problem. We denote S as the skeleton, and denote P as the location
of the body part, respectively. In addition, there are in a total of 7 body parts for each
skeleton, so that S = {P, P, ..., P;}. Note that P, = 0 if the i body part is missing. Our
network takes a pair of skeletons {S,,5,} as the input, and outputs the confidence score
indicating how possible that {S,, S,} belongs to the same person. Our network consists of
three fully-connected layers followed by the binary classification layer. Each fully-connected
layer has 128 neurons. Dropout operation is applied for each layer to stimulate the case
of missing parts. To train our network, we generate the pairwise skeletons using COCO
keypoint dataset. For generating the positive pairs, we take the groundtruth skeletons in
COCO keypoint training set, and split each skeleton to a pair of segmented skeletons. To
generate the negative pairs, we synthesize the fake skeleton by randomly merging two different
skeletons appeared in an image. Then, we randomly split each fake skeleton to a pair of

segmented ones to form a negative pair.

4.4 Experimental Results

In this section, we compare the performance of the proposed method with OpenPose on
the COCO keypoint dataset [113]. Following the evaluation protocol in OpenPose [23], we
train our network on COCO 2016 train set, and test on val-1k set. Note that val-1k is
the validation subset provided by OpenPose!. Firstly, we study the effectiveness of different
backbone architectures, and evaluate the head networks with different number of stages.
Then, we compare the performance of different skeleton grouping algorithms. Finally, we

present the comparative evaluation on COCO keypoint challenge.

lyal-1k is publicly available at https://github.com/CMU-Perceptual-Computing-Lab/caffe_
rtpose/blob/master/image_info_val2014_1k.txt
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4.4.1 Backbone architectures

We compare the performance of different backbone networks including VGG19 [173], ResNet50 [70],
FPN [112] as well as the proposed Concatenated Pyramid Network (CCPN). To evaluate the
effectiveness of the backbone architectures, we fix all approaches to single-stage in this ex-
periment. For VGG19 backbone, we follow Convolutional Pose Machines (CPM) [201] and
use the first 10 layers as the backbone network. Following [112, 23], we take the residual
blocks {C} — Cs} in ResNet50 as the backbone. Table 4.1 shows the performance compar-
ison of different backbone networks using single-stage detection. Replacing VGG19 with
ResNet50 improves the Average Precision (AP) from 31.0% to 42.6% AP. This indicates
deep network structure is effective for learning part localization and association. Next, we
study the performance of the pyramid network and its variant. We design a pyramid net-
work that connects five residual blocks in ResNet50 individually to the subsequent network
heads. We denote this approach as FPN+intermediate supervision. We notice 2.6% AP
increase comparing to ResNet50. Moreover, we also evaluate FPN [112] with different resid-
ual blocks. We observe that learning with more residual blocks is helpful for improving
AP. Since FPN leverages multi-scale representation using the lateral connection, it achieves
higher AP than ResNet50. Particularity, the proposed CCPN achieves the highest AP score
than the compared backbone architectures. The results show that concatenating the multi-
scale representations preserves the semantic information at different levels, and learns more
discriminative representations. The results also show that CCPN performs more favorably
than FPN for learning multi-scale representations. It is worth noting that the our single-
stage and single-scale method achieves 50.3% AP, which is higher than 31.0% AP of the
single-stage and single-scale OpenPose (denoted as VGG19 in Table 4.1).

Furthermore, we analyze the details of the pyramid network designs. FPN [112] proposes
to use the lateral connection and element-wise summation for leveraging the information at
different levels. To make it feasible, nearest neighbor upsampling is applied to fix the size of

feature maps for summation. However, this approach introduces potential drawbacks. First,
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Table 4.1: Performance comparison (Average Precision, %) of different backbone networks
using single-stage and single-scale detection.

Method AP AP0 APT APM APE
VGG19 [173] 31.0 62.9 26.0 32.3 30.6
ResNet50 [70] 42.6 71.1 42.9 37.4 52.6
FPN + intermediate supervision 45.2 72.8 45.8 39.7 595.7
FPN (C34C4+C5) [112] 48.3 74.9 50.0 43.3 57.8
FPN (C2+C3+C4+C5) [112] 48 .4 75.1 49.6 43.3 58.0
FPN (C14C2+C3+C4+C5) [112] 48.7 75.9 50.5 43.9 58.0
Ours, CCPN (C14C2+C3+C4+4-C5) 50.3 76.9 52.6 45.0 60.5

nearest neighbor upsamping scales the feature maps in coarse resolution. Secondly, element-
wise summation blends the feature maps and losses the property of the representations
at different levels. In contrast, the proposed CCPN removes the lateral connection and
directly concatenates the feature maps learned from different layers. We eliminate the nearest
neighbor upsampling, and apply deconvolution for learning the optimal upsampling in the
network. Table 4.2 shows the performance comparison of different network designs. It is
clear that our CCPN performs more favorably than FPN in terms of AP. Deconvolution
and concatenation are both effective for learning representations in a pyramid network. The
results show that our CCPN is an effective backbone network, and performs more favorably

against the previous backbone architectures.

4.4.2  Head networks

We analyze the network heads in the section. Previous approaches propose to cascade
multiple heads on the top of the backbone networks, and perform sequential predictions

for refining the detection results. It can be seen in Table 4.3, multi-stage refinement is
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Table 4.2: Performance comparison (Average Precision, %) of different pyramid networks
using single-stage and single-scale detection

Method AP AP AP APM  APE

NN unsampling + Lateral connections [112]  48.3 74.9 50.0 43.3 57.8

Deconv. + Lateral connections 48.7 75.6 50.3 43.7 08.2
NN unsampling + Concatenate 49.0 75.8 50.5 44.2 58.1
Deconv. + Concatenate (Ours, CCPN) 50.3 76.9 52.6 45.0 60.5

critical for OpenPose to improve its performance. By increasing the number of stages from
the single stage to 6 stages, OpenPose gains an overall 16.7% AP increase. Though effective,
multi-stage detection greatly increases the computational cost, and slows down its runtime
performance. In contrast, the proposed single-stage network performs more favorably against
multi-stage OpenPose in terms of both precision and speed. Our network removes the need
for multi-stage refinement, and thus accelerates the detection. The results also point out
that, our network learns more discriminative representations using the concatenated pyramid

network architecture, so achieves higher precision than OpenPose.

4.4.8 Skeleton grouping

We further evaluate the performance of different skeleton grouping approaches in this section.
After associating the body parts, OpenPose removes the skeletons if the detected body parts
are less than 3. Thus, it may not detect a person who are occluded by others, and potentially
increases the false negative errors. In Table 4.4, the proposed Skeleton Grouping Network
(SGN) improves the original parsing approach by 1.6% AP. The results show that, when
the segmented skeletons are available, our neural network is able to group the segmented
skeletons and further reduce the false negative errors. It also shows that our network can

learn the spatial relationship between body parts without image inputs. Note that we also



83

Table 4.3: Performance comparison (Average Precision, %) of different methods using multi-
stage refinement.

Method Multi-scale Stages AP AP0 AP APM APT
OpenPose [23] X 1 31.0 62.9 26.0 32.3 30.6
OpenPose [23] X 2 41.2 71.5 39.7 38.9 46.7
OpenPose [23] X 3 44.8 73.8 44.5 41.0 52.7
OpenPose [23] X 4 46.2 4.7 46.7 42.0 54.9

OpenPose [23] X ) 47.3 74.8 48.6 42.6 56.6
OpenPose [23] X 6 47.7 74.7 49.5 43.0 57.0
Ours, CCPN X 1 50.3 76.9 52.6 45.0 60.5

Table 4.4: Performance comparison (Average Precision, %) of different skeleton grouping
approaches using single-stage and single-scale detection.

Method AP AP AP APM  APE

Greedy parsing 50.3 76.9 52.6 45.0 60.5
Greedy parsing + Skeleton Grouping Network  51.9 78.7 54.3 46.5 62.5
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Table 4.5: Performance comparison (Average Precision, %) of different methods on COCO
2016 keypoint val-1k set.

Method Multi-scale Stages AP AP AP™ ApM APE
OpenPose [23] v 6 58.4 81.5 62.6 54.4 65.1
Ours v 1 62.3 83.4 67.0 59.2 69.2

train the Siamese network to learn skeleton matching, but we observe worse performance.
Note that the segmented skeletons can be seen as sparse vectors. The sparse inputs are

challenging for training the Siamese network.

4.4.4  Results on COCO keypoint 2016 and 2017

Following OpenPose’s evaluation protocol that applies multi-scale detection with four differ-
ent scales, Table 4.5 shows the performance comparison between OpenPose and our method
on the COCO 2016 val-1k set. Note that val-1k is a subset of the COCO validation set,
which consists of 1,160 images that are randomly selected and provided by OpenPose. Our
method achieves 62.3% AP, and performs more favorably against OpenPose while multi-scale
detection is adopted. Moreover, Table 4.6 shows the performance comparison of different
methods when training with data augmentation. Benefiting from data augmentation, our
network achieves 60.5% and 64.7% AP using single-scale and multi-scale detection, respec-
tively. It can be seen that our single-stage and single-scale network performs more favorably
against multi-stage and multi-scale OpenPose.

Following COCO 2017 keypoint challenge, we train our network on COCO 2017 train and
val set, and evaluate the performance on the test-dev set. Table 4.7 shows the performance
comparison with different methods. Our method performs more favorably than OpenPose
in terms of speed and accuracy.

Note that the best performance of OpenPose published in COCO keypoint leaderboard is
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Table 4.6: Performance comparison (Average Precision, %) of different methods on COCO
2016 keypoint val-1k set using training data augmentation.

Method Multi-scale ~ Stages AP AP AP APM  APE
OpenPose + aug [23] v 6 59.8 81.5 64.6 56.6 67.3
Ours + aug X 1 60.5 84.1 65.1 59.3 63.5
Ours + aug v 1 66.6 86.3 72.0 65.0 70.5

Table 4.7: Performance comparison (Average Precision, %) of different methods on COCO
2017 keypoint test-dev set.

Method Strategy External data  Single model = Multi-scale AP fps
OpenPose [23]  Bottom-up X v v 55.5 189
Ours Bottom-up X v v 59.6 33.1

61.8% AP. However, this is achieved by using additional person detection model and single-
person pose estimation algorithms (clarified by [69]). For a fair comparison, we compare

only the performance of multi-person pose estimation in the experiments.

4.4.5  Runtime analysis

We discuss the computational cost of different methods in this section. We randomly select
1,000 test images from COCO val-1k dataset, and compute the average computational time.
The experiments are carried out on a machine with an Intel Xeon E5 CPU, and an NVIDIA
Titan XP with CUDA-8.0. Following [23], we fix all testing images to a scale 368x654.
Figure 4.3 shows the comparison between speed and detection quality. Our method achieves
better performance than the state-of-the-art OpenPose in terms of both speed and accuracy.
Note that our skeleton grouping network does not influence the overall computational cost

since its cost is two orders of magnitude less than the forward-pass of our Concatenated
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Figure 4.3: Average precision and speed on COCO 2016 keypoint val-1k dataset.

Pyramid Network.

4.5 Conclusion

We have presented a simple yet effective bottom-up approach for accelerating multi-person
pose estimation. Experimental results demonstrate that our proposed network improves
both speed and detection quality over the state-of-the-art OpenPose. Applying our method
to other human analysis tasks such as human activity analysis can be an interesting future

work.
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Figure 4.4: Keypoint detection results on COCO test-dev using FastPose.
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Chapter 5

NONPARAMETRIC HUMAN MESH CONSTRUCTION FROM
A SINGLE IMAGE WITHOUT GROUND TRUTH MESH

5.1 Introduction

Edge
. Human mesh Human mesh can be represented as a graph G = (V,E)
Input image . - .
construction with the edges E and the vertices V'

Figure 5.1: Illustration of the human mesh construction. Human mesh construction aims to
estimate the 3D human mesh associated with the humans in the given input image.

A human in an image can be modeled by a 3D mesh. Let G denotes the 3D mesh of a
generic human body, where G can be represented as a 3D graph G = (V, E) with the edges F
and the vertices V. As shown in Figure 5.1, 3D human mesh construction aims to estimate
the 3D graph associated with the humans in the input image.

Estimating the 3D mesh of a human body is one of the fundamental challenges in com-
puter vision. Human mesh construction [118, 203, 67, 78, 101, 141, 67, 95, 194, 91] has re-

cently drawn an increasing attention as it plays an important role for a variety of applications
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Input frame Our result Input frame Our result
Figure 5.2: Given a challenging video, our proposed approach constructs the human meshes
for the two people. Our proposed method does not require expensive ground truth mesh
labeling, and achieves comparable or better performance than the previous state-of-the-art
methods which require ground truth mesh labels for training.

such as augmented reality, human-computer interaction, and activity analysis. While many
studies have demonstrated effective 3D mesh construction using depth sensors [129, 172], in-
ertial measurement units (IMUs) [228, 75, 194], and multiple cameras [126, 87, 140], people
are exploring to use a monocular camera setting which is more convenient and efficient. How-
ever, it remains challenging to construct the human mesh from a single monocular image due

to complex deformation of the human body, object occlusion, and limited 3D information.

Supervised training with deep convolutional neural networks has shown great progress
on human mesh construction from a single image. However, many existing approaches [101,
141, 67, 95, 220] require 3D ground truth mesh labels for training. Since it is difficult and
expensive to capture 3D ground truth meshes for a large variety of scenes, it is desirable
to avoid the requirement on the ground truth meshes. To address the problem, recent
studies [141, 89, 135, 66] propose to use a parametric human model such as skinned multi-
person linear model (SMPL) [118] and regress the shape and pose coefficients of the model.
However, parameter regression remains a very challenging task and it usually requires a
large number of paired image-SMPL data for supervised training. Also, the parametric

representation has limitations. Construction of the model like SMPL requires digitizing a
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large number of people with different shapes and poses, and it is very time consuming and
expensive. In practice, only a limited amount of shape and pose variations can be captured
in a dataset. As a result, the resulting parameter space may not cover all the variations in
the real world, which affects the performance of the algorithms.

In this chapter, we observe that 2D pose labels, 3D pose labels, and 2D part segmentation
labels are readily available in many datasets [101, 78]. Using these labels we can train a neural
network to estimate the part segmentation of the human body. By projecting the 3D mesh
into 2D and minimizing the error between the projection and the part segmentation, we
could learn the human mesh without a ground truth mesh. Also, for different body shapes,
the internal vertex distribution could be modeled by a Gaussian Mixture Model (GMM). By
adding a loss term using Laplacian prior [175, 127], we show that we could learn the internal
vertex distribution effectively. Our technique learns human mesh construction without any
human-annotated mesh labels and achieves performance comparable to several state-of-the-
art approaches which require ground truth mesh labeling. On the other hand, if ground
truth mesh labels are also available during training, our method outperforms the supervised
state-of-the-art methods by a large margin.

Like the recent state-of-the-art approach [95], we represent human mesh in a form of
graph, and use a graph convolutional neural network (Graph CNN) [93] to learn human
mesh construction. Since we do not use ground truth meshes in training, we introduce
two new terms in the loss function. The first term is the Laplacian prior that acts as a
regularizer in the mesh construction to learn the correct internal vertex distribution for
different body shapes. Laplacian prior has been used widely for geometric modeling and
mesh editing [177, 175, 127], but we are the first to use it with Graph CNN to learn the
mesh construction. The second term is the part segmentation loss that forces the projected
region of the constructed mesh to match the part segmentation.

Since the existing datasets like UP-3D [101] and Human3.6M [78] do not contain many
scenes with occlusions, the learned model usually does not handle occlusions very well. To

address this problem, we propose to feed the 2D pose and part segmentation heatmaps to
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3D Pose Loss Laplacian Prior Loss

Features

Embedding
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Pose-Part
Network

Pre-train Pose-Part Network
using 2D Pose Loss and
2D Part Segmentation Loss

2D Pose Loss 2D Part Segmentation Loss

Figure 5.3: An overview of our mesh construction framework. It consists of three subnet-
works: (1) Pose-Part Network that extracts the pose heatmaps and body part feature maps
from the input image, (2) Feature Embedding Network that converts the feature maps to a
feature embedding, and (3) Graph Convolutional Neural Network (Graph CNN) that takes
as input the feature embedding and outputs the 3D coordinates of all the mesh vertices. We
use four loss terms to optimize Graph CNN including Laplacian prior for regularizing the
locations of the vertices, part segmentation loss for constructing correct body shape, 3D and
2D pose loss for optimizing the pose of the human mesh.

the feature embedding network. The 2D pose and part segmentation heatmaps are learned
by leveraging the existing pose and part segmentation datasets like MSCOCO [113] and
Pascal-Person-Parts [32] (both containing large number of images with occlusions). As a
result, our method works much better in handling occlusions.

As shown in Figure 5.2, our proposed method constructs correct human meshes for the
two people walking on the street in all the frames even though the two people have different
pose interactions and variations.

The main contributions of this chapter include:

e We are the first to learn nonparametric body shape construction from a single image

without mesh supervision.

e We introduce Laplacian prior and part segmentation loss terms into the Graph CNN



92

framework to learn the 3D human mesh model without the need of ground truth mesh

labels.

e We show that by explicitly feeding 2D pose and part segmentation heatmaps into the
feature embedding network, the robustness in occlusion scenarios can be significantly

improved.

e Experimental results on multiple datasets show that our proposed method achieves
comparable or better performance than the state-of-the-art methods which require

ground truth meshes in training.

The remainder of the chapter is organized as follows. Section 5.2 provides a survey of
the related works. Section 5.3 presents the proposed method. In Section 5.4, extensive
experiments are conducted to validate the proposed approach. Finally, concluding remarks

are given in Section 5.5.

5.2 Related Works

5.2.1 Parametric approach

Human mesh construction using parametric approaches has a long-standing history. Majority
of the previous works adopt the SMPL parametric model [118], and propose to regress
the shape and pose parameters. The regression can be done with the help of various 2D
human body features such as human skeletons [101, 141], silhouettes [141], and body part
segmentations [135]. Kanazawa et al. [89] proposed to integrate the differentiable SMPL
model as a layer within a neural network, and estimate SMPL parameters from an input
image using pose prior with an adversarial training framework. Tung et al. [188] proposed

to learn SMPL parameters using a self-supervised strategy.
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5.2.2  Nonparametric approach

Instead of using a parametric model, various works have been reported to directly estimate
the body shape from an image including leveraging depth [172] or 2D-to-3D correspon-
dences [67], and representing a 3D mesh into a volumetric space [190] or graph [95]. Specifi-
cally, Varol et al. [190] proposed to embed the 3D mesh into a volumetric space for learning
human body shape. The volumetric representation is memory intensive resulting in a limited
resolution. In addition, it requires ground truth meshes obtained from synthetic datasets.
Giiler et al. [67, 7] proposed to associate image pixels with part-based UV maps. However,
manual label acquisition is very expensive, and model prediction does not explicitly provide
semantic information of the 3D geometry. Kolotouros et al. [95] showed that the regression
can be significantly easier than the conventional approaches by using graph convolutional
neural networks (Graph CNNs), but it requires well-annotated ground truth meshes since its
regression target for each vertex is its 3D ground truth location. Zhu et al. [232] proposed a
multi-stage deformation refinement, and used depth information to find surface variations.
But it needs to manually define the handles on the surface for controlling the mesh deforma-
tion. Natsume et al. [126] cast the problem as a multi-view silhouette-based construction,
but rely heavily on multi-view segmentation synthesis. Saito et al. [165] proposed to learn
a 3D occupancy field using depth information. Among the literature, the common theme
of all these works is that they have focused on strongly supervised learning using labeled
training data. However, the acquisition of large-scale 3D mesh labels, especially for human
body shape, is very expensive. We propose to relieve the need for ground truth meshes by
formulating a new learning objective function using Laplacian prior and part segmentation

in a Graph CNN framework.

5.2.3  Graph convolutional neural networks for computer vision

While deep convolutional neural networks [102] are effective for extracting hidden patterns

from data, there are many computer vision tasks where the data can be represented in a form
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of graph [205]. By using the graph as the representation, it is shown to be more effective
for high-level semantic analysis, such as scene graph generation [210, 214], image content
generation [85], category-specific object modeling [200], 3D hand estimation [55, 223, 195], 3D
face construction [153], human action recognition [80, 212], human-object interaction [149],
semantic segmentation [150], and image classification [54]. Recently Graph CNN has been
used [95, 115, 193] to estimate the 3D shape of a human body, however, these methods
require the 3D ground truth locations for each vertex of the mesh as their regression target.
These limitations have motivated us to develop a technique that does not require ground

truth mesh supervision.
5.3 Proposed Method

Given a dataset D with 2D pose labels, 3D pose labels, and 2D part segmentation labels.
Let D = {I, Ji,, Jip, Bip}M, where M is the total number of training images, I € Rv*"*3
denotes an image, Jop € R¥*? denotes the ground truth 2D coordinates of the joints and K
is the number of joints on a person. Similarly, J;p € RX*3 denotes a 3D joint ground truth.
Byp € RV*"Z is the body part segmentation ground truth and Z is the total number of
body part categories.

Figure 5.3 is an overview of our proposed framework. Our proposed framework takes
an image of size 224 x 224 as input, and predicts a set of mesh vertices Y. The proposed
model consists of three subnetworks: Pose-Part Network, Feature Embedding Network, and
Graph CNN. We first pre-train a Pose-Part Network for extracting the part segmentation
and pose heatmap from a given input image. Then, we use a Feature Embedding Network to
convert the input image and the extracted feature maps (i.e., the part segmentation and pose
heatmap) to a feature embedding with a much lower dimension. Finally, we train a Graph
Convolutional Neural Network (Graph CNN) which takes the feature embedding as input
and output the vertex coordinates of the human mesh. We use four loss terms: Laplacian
prior, 3D pose loss, 2D pose loss, and part segmentation loss to train the Graph CNN. The

detail is described as follows.
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5.83.1 Pose-Part Network

In the first part of our model, we train a Pose-Part Network similar to the multi-task net-
works [69, 111] to extract human-related feature maps from the input image. The human-
related feature maps include the human pose heatmaps and the body part feature maps.
These feature maps describe the high-level semantics including the human pose variations
and the human shape information, which are very helpful for Graph CNN to learn hu-
man mesh construction. We denote P as our Pose-Part Network, and its outputs are
HyD, BoD = M(I), where [ is an input image, Hop denotes the pose estimation heatmaps,
and Bsp denotes the body part feature maps. To train the Pose-Part Network, we minimize
the differences between the prediction and the ground truth by using the Mean Square Error
(MSE) loss functions proposed in the previous works [69, 111].

5.3.2  Feature embedding network

While the input image describes the appearance and the color information, the human-related
feature maps extract rich semantics including the joint locations and the shape of different
body parts. To leverage the information from both the input image and the human-related
feature maps, we proposed to convert these information to a feature embedding (i.e., feature
vector with a much reduced dimension). To achieve the goal, we concatenate the input image
and the human-related feature maps, and use a CNN to extract the feature embedding. To
be specific, the inputs to the Feature Embedding Network include the input image I, the
pose heatmaps Hsp, and the body part feature maps Bsp. It outputs feature vector X as
the input of the Graph CNN. In this work, we use a ResNet50 network [70], and extract a
2048-dimension feature vector. We denote F as our Feature Embedding Network, and its

output is X = E(I, Hop, Bap).
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5.3.83  Graph CNN

The Graph CNN in our proposed method constructs a human mesh by applying the projec-

tion matrix to the input feature vectors X and then compute the vertex coordinates:
Y =F(X;A W), (5.1)

where A € RV*N denotes the adjacency matrix of the human mesh. X € RV*? denotes a set
of d-dimension feature vectors which are the output of the embedding network. ¥ € RV*3 is
the estimated 3D coordinate for the mesh vertices. F/(X; A, W) is a composition of a number

of projections which can be written as:
FX;AW) = fr(-- fo(L(XGA WD) A, W) - A, W), (5.2)

where f;(-) takes the input X;, the adjacency matrix A, and parameter W, as inputs, and

produces the projection result X;,; by using:
Xy = fil Xy A, Wi) = U(AXtWt)a (5.3)

where o(+) is the activation function introducing non-linearity to the network model. We use
rectified linear unit (ReLU) in this work.

The proposed method aims to learn a series of Graph Convolution layers, which are T
projection matrices W = {W;, Ws, - -+, Wy} that map the input feature vectors X into the
output vertex coordinates Y.

In summary, we estimate the 3D coordinates of the mesh vertices by using the Graph
CNN. Our Graph CNN is in spirit similar to [95], but we do not have a SMPL regression
network. Given the feature vector X extracted from our Feature Embedding Network, we
attach X to the 3D coordinates of each vertex in the graph. Then, we perform a series of
convolutions on the graph and output the mesh vertices Y. In addition, we use Graph CNN
to predict the camera parameters c¢,, = [s,1,,1,]|, where s, t,, t, indicate the scaling factor
and translation of two directions, respectively. We denote R as our Graph CNN; and the
outputs of our Graph CNN are {Y, ¢, } = R(X).
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In the following, we describe the details of the proposed loss functions for training our

Graph CNN.

5.3.4 Laplacian prior

Laplacian prior has been commonly used for geometric modeling and mesh editing [175, 229,
127, 38]. In this work, we are the first to use it with Graph CNN to learn human mesh
construction. Let GG denote the 3D mesh of a generic human body, where G is represented
as a graph G = (V, E) with the edges E and the vertices V. We denote V' = [v1,vq,- -+, Uy]

and v; = [Vig, Viy, ;). Given a vertex v;, the Laplacian of v; can be written as:

0i = Z wij(vi - Uj) =V — Z WiV | (5-4)

{i,j}cE {i,j}eE
where Z{i’j}e pw;; = 1. To compute the Laplacians for the human body mesh, assume
we have n vertices in the mesh, which means V = [v1, vy, ,v,]T. We can use an n x n
Laplacian matrix: )
Wi if {i,j} € E
Lij=4{ -1 ifi=j (5.5)
\0 otherwise,
and compute the Laplacians A = [y, &o, -, §,,]7 using
A=1LV. (5.6)

In the reminder of this chapter, we use the uniform Laplacian [38, 127] where the 1-ring
vertex neighbors are equally weighted. The uniform Laplacian of v; points to the centroid
of its neighboring vertices, and has the nice property that its weights do not depend on the
vertex positions. To obtain the Laplacian for the entire mesh, we compute the z, y and z

coordinates of the Laplacian Ay = [014, 024, -, Ona|’, d € {z,y, 2}, separately as

Aq =LV, (5.7)
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where Vj is the position of the vertices in d coordinate, and d € {z,y,z}. That is, V, =
(V12 V2, 5 Una) 5 Vy = [U1y, Vay, -, Uy ]T, and Vi, = [v1, Vo, -, Un2]

Unlike a rigid object mesh where its Laplacian is a constant, the shape of the human
body can be deformed in various ways depending on different poses and body movements.
To learn the Laplacian prior, we randomly sample pose parameters and generate a large
number of meshes with different poses for the average person in the SMPL database [118].
We model the density distribution of Laplacian under the framework of Gaussian Mixture
Model (GMM). Given a batch of M mesh samples, we can estimate the parameters in GMM

as follows.

K
P(A,) :Z GarN (Aglfiar, Sa), (5.8)

k=1

where édk, ke Sgr are mixture probability, mean, co-variance for component k in GMM for
Ay, d € {x,y, z} respectively. With the estimated parameters, the overall loss function for

the Laplacian prior is written as:
‘CLap(W) =
exp <—%(Ad — far) T (Ag — ﬂdk))

K
—1 ¢ —
Z og ; dk s

de{z,y,z}

(5.9)

In our experiments, we assume Sy are diagonal matrices and estimate the GMM param-
eters using the EM algorithm [37]. We enforce the learning objective on the top layer of our

graph convolutional network and learn the model parameters W with back-propagation.

5.8.5 8D Pose estimation

We optimize the 3D pose estimation, where the 3D pose is derived from the output mesh.
Assume we have an output mesh, which is computed from the graph convolutional neural
network. We regress the output mesh to the 3D pose, and minimize the error between the

predicted 3D pose Jzp and the ground truth Jsp. Similar to previous study [95], we apply
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L1 loss function to achieve this objective:

(5.10)

17

1 & ,
'C?)DPose(W) - ? Z HJ?)D - JSD‘
=1

where K is the total number of joints.

5.8.6 2D Pose estimation

In addition to 3D pose estimation, we enhance the performance of pose estimation by pro-
jecting the 3D pose to the 2D pose using the weak-perspective projection with the predicted
camera parameters. Following the previous works [95, 89], the camera parameters consist of
a scaling factor and a 2D translation. The camera parameters are regressed using the graph
convolutional neural network. We then minimize the prediction error between the predicted

2D pose Jop and the ground truth Jop.

1 & .
'CZDPOSE(W) = E Z HJQD - J2D‘ ‘1 . (511)
=1

5.3.7 2D Part segmentation

Inspired by previous studies [52, 167, 159, 92] that have shown the effectiveness of using
silhouette information for 3D object modeling, we add the part segmentation in our loss
function. Given the predicted camera parameters, we project the output mesh to the 2D
part segmentation masks Byp, and minimize the difference between the predicted part seg-
mentation masks Byp and the ground truth masks Byp. We apply Mean Square Error (MSE)

loss function to obtain the objective:

2
.. (5.12)

1Z _
Loppar(W) = — > _||Bap — Bap)|
=1

where Z is the number of body part categories. To achieve end-to-end training, we use a
differentiable rendering model [92] to render the part segmentation masks, and approximate

the gradients for back propagation.
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5.3.8 Qwerall objective

To learn the neural network parameters W, the entire objective function is given as

min LW) = aLlpeyy(W)+ BLsppose(W)
(5.13)

+ 7£2DP056(W) + 6£2DPart<W>7

where L4, is the Laplacian prior term, L3ppose is the 3D pose loss, Loppese is the 2D pose
loss, and Loppa is the part segmentation loss. «, 3, v, 6 are the hyperparamters to balance

the loss terms.

5.3.9  Training

We train our model in an end-to-end fashion. We first train our Pose-Part Network using
MSCOCO [113] and Pascal-Person-Parts [32] to extract human-related feature maps. Next,
we train our Graph CNN using UP-3D [101] and Human3.6M [78] datasets to learn the
mesh construction. Specifically, we train our Graph CNN by applying the proposed loss
functions on the output of the Graph CNN. We use an Adam optimizer with a learning rate
3 x 1074, and the batch size is 32. Although some of the existing datasets have the 3D mesh
annotations, we do not use the ground truth meshes for training. To have a fair performance
comparison, we follow the previous studies [101, 135, 95, 160, 89, 141] and use the same
human mesh topology as the SMPL model [118] in the experiments. To be specific, the
human mesh topology consists of 6980 vertices. It is worth noting that our method does not
have restrictions on the human mesh topology, and can be extended to other human mesh
that does not have SMPL parameters.

In the experiment, we observe that the proposed part segmentation loss is usually larger
than 2D and 3D pose estimation losses. We also observe the proposed Laplacian prior loss
is usually smaller than 2D and 3D pose estimation losses. To balance the loss terms, we

empirically set a = 10, # = 1.0, v = 1.0, § = 0.1 in our experiments.
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Input GraphCMR Ours

Figure 5.4: Qualitative comparison with the state-of-the-art nonparametric approach on the
UP-3D dataset. Light blue color indicates the results of the proposed method, and light pink
color indicates the results of GraphCMR [95]. Without using ground truth meshes in the
training, our method achieves comparable or better performance than the state-of-the-art
method which requires ground truth meshes.
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5.4 Experimental Results

In this section, we first describe the evaluation benchmarks, and present the experimental
results and the comparisons with the state-of-the-art approaches using different evaluation
metrics. Finally, we show the qualitative comparisons on a challenging video and demonstrate

the robustness of the proposed approach.

5.4.1 FEvaluation benchmarks

e UP-3D [101] is an outdoor-image dataset with rich annotations including 3D pose,
2D pose, part segmentation, and mesh ground truthes. The images are collected from
2D human pose benchmarks, such as MPII [10] and LSP [86]. The annotations are
created by performing shape fitting on each human in the image. We train our model
using UP-3D training data, and evaluate the performance using the metric of mean

Per-Vertex-Error (mPVE) on the UP-3D test set.

e Human3.6M [78] is an indoor large-scale dataset with 3D pose annotations. Each
image has a subject performing a different action. Following the common setting [95],
we use the subjects S1, S5, S6, S7 and S8 for training, and use the subjects S9 and S11

for testing.

e LSP [86] is an outdoor-image dataset. We evaluate part segmentation performance

on LSP test set, where the segmentation labels are provided by Lassner et al.[101].

e 3DPW [194] is an outdoor large-scale dataset with mesh ground truth labels. We
evaluate the robustness of our method with cross-dataset evaluation, i.e., trained on

UP-3D dataset and applied to 3SDPW dataset.



103

Table 5.1: Performance comparison of human mesh construction using metric mean Per-
Vertex-Error (mPVE) on the UP-3D test set. The unit is millimetter (mm).

Method mean Per-Vertex-Error
Lassner et al.[101] 169.8
NBF [135] 134.6
HMR [89] 149.2
DC [160] 137.5
Pavlakos et al.[141] 100.5
GraphCMR [95] 100.2
Ours 81.5
Ours + GT Inputs 73.7

Table 5.2: Performance comparison of human mesh construction using metric mean Per-
Vertex-Error (mPVE) on 3DPW sequences. The unit is millimeter (mm).

Method DTCrossStreets DTRampAndStairs DTRunForBus DTWarmWelcome OutdoorsFencing CourtyardDancing
GraphCMR [95] 85.22 86.69 70.57 85.02 73.90 112.36
Ours 83.47 83.99 68.87 83.92 70.88 71.04

5.4.2  Main results

We compare the performance of our method with the state-of-the-art approaches which
require either ground truth meshes or 2D-to-3D dense correspondence labels. We evaluate the
performance of mesh construction by using the metric mean Per-Vertex-Error (mPVE) [141],
where the unit is millimeter (mm). For each mesh vertex, we estimate the Euclidean distance
between the ground-truth location and the predicted location. We average over all the
vertices to provide the mPVE. Table 5.1 shows the performance comparison on UP-3D
dataset. Our method outperforms the previous state-of-the-art approaches by a significant

margin.
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Since we use Pose-Part Network to extract human-related features (pose heatmaps and
body part feature maps) from the input image, one may wonder what if we use the ground
truth labels for both pose heatmaps and body part masks as the inputs of our Feature
Embedding Network. To answer the questions, we have conducted this experiment and the
result is shown in the bottom row of Table 5.1. The results show that pose estimation and
part segmentation are useful for human mesh construction.

Figure 5.4 shows the qualitative comparisons with the state-of-the-art nonparametric
approach (GraphCMR, [95]) which also uses graph convolutional neural network but directly
regresses the ground truth mesh vertices. The results show that, without using the ground
truth meshes, our method is on par or even slightly better than the existing techniques which
require ground truths.

We evaluate the robustness of the proposed method on the 3DPW dataset [194]. Table 5.2
shows the performance comparison with the state-of-the-art nonparametric approach [95].
Both models are trained using UP-3D and Human3.6M but without 3DPW dataset. Our
method does not use any of the 3D ground truth meshes in either UP-3D or Human3.6M,
while GraphCMR [95] used the ground truth meshes of both UP-3D and Human3.6M. For
a fair comparison, we use ground truth bounding boxes to crop the persons as the inputs for
the two methods. Our method performs comparably or better than GraphCMR [95].

We evaluate the 3D pose of the constructed mesh by comparing the performance of 3D
pose estimation on Human3.6M dataset [78] using Protocol 2 Reconstruction Error met-
ric [78, 230, 122], where the unit is millimeter (mm). In Table 5.3, the upper-rows show the
state-of-the-art results that try to regress SMPL parameters for human mesh construction.
The bottom two rows show the comparison of our method with the state-of-the-art nonpara-
metric method that does not regress SMPL parameters. Our method does not use any of
the ground truth meshes in training, and achieves comparable or even better performance
than several baseline approaches that require Human3.6M ground truth meshes.

We also evaluate the 3D shape by comparing the performance of part segmentation on

LSP test set. Following the common settings [89, 95|, we report the segmentation accuracy
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Table 5.3: Evaluation of 3D pose estimation on Human3.6M dataset using Protocol 2. The
results are Reconstruction errors in millimeter (mm). Our approach is competitive with the

state-of-the-art approaches.

Method SMPL  Reconst. Error (mm)
Lassner et al.[101] v 93.9
SMPLify [17] v 82.3
Pavlakos et al. [141] 4 75.9
HMR unpaired [89] v 66.5
NBF [135] v 59.9
HMR [89] v 56.8
GraphCMR+SMPL [95] v 50.1
GraphCMR [95] X 69.0
Ours X 58.5

Table 5.4: Performance comparison of segmentation on LSP test set.
accuracy scores and F1 scores. The top three rows show the approaches that perform
some optimization (post)-processing. The bottom three rows show the comparison with
the regression-based approaches. Without using ground truth meshes in training, our ap-
proach is competitive with the state-of-the-art methods which require ground truth mesh

labels.
FB Seg. Part Seg.
Method Accuracy F1  Accuracy F1
SMPLify [17] 91.89 0.88 87.71 0.64
SMPLify on [141]  92.17  0.88 8824  0.64
BodyNet [190] 92.75 0.84 — —
HMR [89] 91.67 0.87 87.12 0.60
GraphCMR [95] 91.46 0.87 88.69 0.66
Ours 91.23 0.86 88.86 0.66

The numbers are
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Input w/o Laplacian w/ Laplacian

Figure 5.5: Qualitative comparison of our method using different training configurations.

and the average F'1 score for six body parts and the background in Table 5.4. We also report
the results on foreground-background segmentation. Our method achieves comparable or
better performance than the state-of-the-arts approaches that use ground truth meshes in

training.

5.4.8  Ablation study

Laplacian prior. Since our approach learns with the Laplacian prior, one interesting ques-
tion is whether the proposed learning objective is useful. To answer this question, we have
trained our network without the Laplacian prior (i.e. with pose and segmentation losses
only). This configuration is denoted as w/o Laplacian, and the qualitative comparisons are

shown in Figure 5.5. We can see that Laplacian prior is critical to our learning objective for
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Table 5.5: Ablation study of the proposed two loss terms, evaluated on UP-3D test set with
mean Per-Vertex-Error. The unit is millimeter (mm).

Laplacian prior Part Seg Loss mean Per-Vertex-Error

X v 240.3
v X 91.3
v 4 81.5

Table 5.6: Ablation study of the Pose-Part Network, also evaluated on UP-3D test set with
mean Per-Vertex-Error. The unit is millimeter (mm).

Method mean Per-Vertex-Error
Ours w/o Pose-Part Net 110.0
Ours 81.5

human mesh construction.

Part segmentation loss. We also evaluate the effectiveness of the proposed part segmenta-
tion loss, and Table 5.5 shows the comparison. For completeness, we also show the results of
training with the Laplacian prior. We can see that training only with part segmentation loss
does not work well, and Laplacian prior further improves the results. Our model achieves

the best performance when two proposed loss terms are used.

Pose-Part Network. Since our Pose-Part Network predicts pose heatmaps and part seg-
mentation masks, one may wonder whether this is useful. To answer the question, we train
our model without Pose-Part Network, and Table 5.6 shows the results. We can see that

pose heatmaps and part segmentation masks significantly improve the learning.
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Input Image Output mesh Output mesh in another view

Lap. Smoothness

Laplacian Prior

Figure 5.6: Comparison of Laplacian smoothness and the proposed Laplacian prior.

Analysis of different regularizers. Laplacian smoothness is commonly used in the liter-
ature [200, 90] as a regularizer to avoid self-intersections for 3D object modeling. One may
wonder what if we replace the proposed Laplacian prior with the Laplacian smoothness. We
have conducted this experiment and Figure 5.6 shows the qualitative comparison. We can
see that training with Laplacian smoothness produces wrong results. This is because Lapla-
cian smoothness term is not a strong enough regularizer, and as a result the training process
usually gets stuck in a local minimum. The results show that it is very helpful to model
the Laplacian prior with Gaussian Mixture Model (GMM) because it effectively models the

distribution of the human mesh vertices.

Extension to supervised training. We study the upper bound performance of our method
when ground truth meshes are available for training, and Table 5.7 shows the results. We

add a vertex regression loss to our learning objective (Eq.(5.13)), and train our model with
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Table 5.7: Ablation study of our method with and without using GT meshes in training,
evaluated on UP-3D test set with mean Per-Vertex-Error. The unit is millimeter (mm).

Method mean Per-Vertex-Error
Ours, without GT meshes 81.5
Ours, with GT meshes 65.1

the ground truth meshes provided in UP-3D training set. Our model improves the previous

state-of-the-art performance to 65 mPVE on UP-3D test set.

5.4.4  Qualitative comparison

We conduct qualitative comparisons with the state-of-the-art methods [95, 89] on the chal-
lenging 3DPW dataset [194], and Figure 5.7 shows the results. We can see that previous
state-of-the-art approaches [95, 89] had difficulties to construct the mesh of the person on
the right due to occlusions, and they failed completely as the occlusions became more se-
vere. Our method constructs correct human meshes for both people even though there are
quite severe occlusions between them. By explicitly feeding 2D pose heatmaps and part
segmentation masks into the Graph CNN feature embedding, the robustness of our method

to occlusions has been significantly improved.
5.5 Conclusion

We presented a novel nonparametric approach to construct the 3D human mesh from a
single image. Compared with the existing methods, our technique does not require any
ground truth meshes during training. We introduced a Laplacian prior term and the part
segmentation term in the loss function of the Graph CNN. In addition, we fed the pose
estimation heatmaps and part segmentation masks to the feature embedding network to
improve the robustness against occlusions. Experiments demonstrated that our technique is

on par or outperforms existing techniques that use ground truth meshes in training.
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Figure 5.7: Qualitative comparison with the previous state-of-the-art approaches [89, 95]
on the challenging 3DPW dataset [194]. The top row shows two people embracing each
other. The second row shows the results of a representative parametric approach HMR [89].
The third row shows the results of the previous state-of-the-art nonparametric approach
GraphCMR [95]. The bottom row shows our results. Previous approaches failed to construct
the mesh for the two persons due to occlusions. In contrast, our method constructs correct
human meshes for both people in all the frames.
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Chapter 6
SUMMARY AND FUTURE WORK

6.1 Summary

In this thesis, we have presented our works on self-supervised learning and domain adap-
tation for computer vision research problems. In Chapter 2, we proposed a self-supervised
learning model, named DeepBit, for generating binary descriptors using deep CNNs [109].
We designed an auxiliary training protocol for deep CNNs, which automatically generates
training labels describing the similarity between the given two images. During training, the
proposed model learns the pair-wise image similarity through the synthetically generated la-
bels, and is also forced to learn important properties of the binary descriptors. Experimental
results show that our method achieves better performance than the relevant approaches on
patch matching, image retrieval, and object recognition.

In Chapter 3, we proposed a cross-domain complementary learning for multi-person part
segmentation [111]. We propose to learn an auxiliary task of human pose estimation, which
helps the proposed model to bridge the domain gap between real and synthetic domains.
As the result, the proposed model learns part segmentation from graphics simulation, and
works well on real images. Experimental results show that our method outperforms the
state-of-the-art domain adaptation approaches on multiple public datasets. Also, our method
outperforms the supervised state-of-the-art methods if real part segmentation training labels
are available for training. We also show that our method can be generalized to learn new
keypoints such as those on the hand and feet without manual labeling.

In Chapter 4, we proposed a concatenated pyramid deep convolutional neural network
for fast multi-person pose estimation. The proposed method learns multi-scale image repre-

sentations using a concatenated pyramid network architecture, and thus removes the need
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for the multi-stage and multi-scale detection. We conducted extensive experiments on the
public datasets, ans show that our network is faster than the state-of-the-art OpenPose while
achieving higher accuracy.

In Chapter 5, we proposed a novel learning algorithm for nonparametric human mesh
construction without ground truth labels [110]. We propose to use the Laplacian prior
with the Gaussian Mixture Model to model the vertex distributions. We propose to project
the 3D mesh to 2D and minimize the difference between the projections and the 2D part
segmentation map. Through experiments, we show that our method effectively constructs

the 3D human mesh, and relieves the need of 3D mesh ground truth labeling.

6.2 Future Work

Self-supervised learning has become an emerging research direction. There are many new
research papers being released on arXiv everyday. There are a few research topics that I feel

promising for future works.

e Visual representation learning: Recently, learning image representations in an
self-supervised manner has become a very active direction. The common theme of
the recent works [30, 34] is to explore the self-similarity among the images, which is
closely related to our work [109]. Research could be conducted to further understand
this problem. It has great potentials for a variety of applications in computer vision,

robotics, and natural language processing.

e Automatic learning: The core idea of this dissertation is to design an auxiliary
training protocol for the neural networks, so that the neural networks can teach itself
without manual labeling. However, the auxiliary training protocol is designed in a
task-specific fashion, and it usually requires domain knowledge for protocol design. In
future, it would be interesting to develop automatic learning algorithms that can help

design the self-supervision algorithm.
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