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ABSTRACT

PERSON RE-IDENTIFICATION IN THE WILD: FROM

SHORT-TERM TO LONG-TERM

by

YAN HUANG

The task of person re-identification (re-ID) is to confirm the identity of a person

in visual traces captured by different cameras. Person re-ID “in the wild” is a

highly demanded technology and quite challenging due to the lack of data diversity,

dramatic background variation between different domains, uncontrollable clothing

change, and influence caused by the shortage of lighting. According to the scale of

time gaps when footages are captured, these challenges are exposed into two different

scenarios: 1) Short-Term person re-ID (ST-reID), and 2) Long-Term person re-ID

(LT-reID). ST-reID addresses the time gap of several minutes. This scenario is

mainly to deal with variations of illumination, viewpoint, and pose. Thus, data

diversity is the primary concern. In addition, when footages are taken in different

environments, ST-reID often encounters a large background shift issue. On the

contrary, the time gaps between two footages in LT-reID can be several hours or

even longer. Thus, a person has a great chance to change clothing. As another

widely seen case, after a long-time gap, in order to take footages to re-identify a

person when s/he reappears at night, infrared cameras are required.

For ST-reID in the wild, the diversity of training data is essential to ensure

a re-ID system can tolerate variations of illumination, viewpoint, and pose, etc.

In addition, a model trained on one domain can lack certain generalization when

it is applied to a new domain. This thesis will deeply study the two challenges

exposed in ST-reID. Corresponding solutions are provided by using generated data

to compensate for the limited data diversity. Also, a background shift suppression



model is proposed to deal with the background shift issue for cross-domain ST-reID.

For LT-reID in the wild, it is worth investigating approaches to tackle the cloth-

ing change issue. This thesis will introduce new clothing change datasets to the

community. Corresponding solutions are given to tackle the clothing change issue.

In addition, under tight security surveillance in LT-ReID, how to recognize the same

person who appears under a RGB camera (in the daytime) and an infrared camera

(reappear at night) is an immediate problem. A modality-biased training issue is

unveiled for the infrared-visible LT-reID task, and corresponding solutions are given.

This thesis will provide useful insights into diverse person re-ID issues in the wild

from the short-term scenario to the long-term scenario to support practical usages

in the real world.

Dissertation directed by Associate Professor Qiang Wu

School of Electrical and Data Engineering
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Chapter 1

Introduction

1.1 Background

With the growing concern of public security, many surveillance systems are de-

ployed in public areas. However, considering the span of these systems, disjoint

views commonly exist in public areas. Therefore, person re-identification (re-ID),

which captures one specific target under these disjoint camera views, becomes a cru-

cial technique in video surveillance applications and has gained significant attention

in recent years. Fig. 1.1 illustrates a typical application of the person re-id system

in the wild, i.e., matching pedestrians under different camera views. In Fig. 1.1,

two disjoint places are monitored by two cameras with non-overlapped surveillance

views. When a person walking from camera A to B, the person re-ID system will

bridge the ‘blind spots’ between these two views.

Ideally, a sophisticated person re-ID system should be able to deal with the re-ID

task in the wild. For person re-ID in the wild, several typical issues should be ad-

CamA

CamB

Figure 1.1 : An example of a person re-ID application in the wild. Two disjoint

public places are simultaneously monitored by camera A and B, respectively.
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dressed. First, to deal with variations of illumination, viewpoint, and pose between

footages taken by different cameras, increasing the diversity of data can be regarded

as the main challenge. Second, when footage is taken in different environments, the

large background shift between different domains can lead to catastrophic perfor-

mance degradation when no training data can cover the environment presented in

testing data. Based on the scale of time gaps when footages are taken, the above

mentioned two issues are exposed in Short-Term person re-ID (ST-reID) in the wild.

This scenario normally addresses the time gap of several minutes. ST-reID is inves-

tigated first by the community, and many state-of-the-art works with encouraging

performance have been proposed (Huang et al., 2015, 2019c; Sheng et al., 2016,

2015; Huang et al., 2016; Zheng et al., 2017b; Huang et al., 2017b, 2018a; Zhang

et al., 2020c; Wu et al., 2019b; Huang et al., 2020; Zhang et al., 2020b; Huang et al.,

2021b).

Unlike ST-reID, some studies have focused on the second scenario in recent years,

i.e., Long-Term person re-ID (LT-reID). In this scenario, the time gaps between two

footages taken can be several days or even longer. As a typical case can be seen in

LT-reID in the wild, the clothing change of each individual is an important issue

that should be considered. In addition, in some special wild environments that need

tight security surveillance, a common RGB camera may not fit the requirements

well. For example, surveillance in a dark environment is a widely seen case. In

order to confirm the identity of a person who appears under an RGB camera in the

daytime and an infrared camera at night, infrared-visible LT-reID is an immediate

problem. For LT-reID in the wild, appearance changes (either caused by clothing

change or image modality difference) dramatically constrain the performance of

methods designed for the ST-reID scenario which highly rely on the appearance of

a person.

This thesis will deeply investigate person re-ID issues according to the two dif-
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Illumination PoseViewpoint

Figure 1.2 : Three persons under different camera views. Large variations such as

illumination, viewpoint, and pose can be observed.

ferent scenarios (i.e., ST-reID and LT-reID).

For ST-reID in the wild, two typical challenges are discussed:

• Challenges on variations of illumination, viewpoint, and pose.

• Challenges on footages taken in different environments.

For LT-reID in the wild, another two typical challenges are studied:

• Challenges on clothing change when a person being identified.

• Challenges on footages taken by different styles of cameras.

1.1.1 Challenges on Variations of Illumination, Viewpoint, And Pose in

ST-reID

The key issue in single-domain ST-reID is dealing with disturbances caused by

variations of illumination, viewpoint, pose, etc. Fig. 1.2 illustrates three examples

of the same person captured by different camera views. It can be observed that even

a human is hard to distinguish the same person in such cases. In order to deal with

the variations in single-domain ST-reID, existing approaches can be categorized into

three types:
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1. Traditional approach (extracting robust person descriptors and designing

metric learning algorithms to minimize/maximum the intra/inter-class varia-

tions using the extracted descriptors) (Liao et al., 2015; Zheng et al., 2015,

2011; Liao and Li, 2015; Yu et al., 2017a).

2. Deep learning approach (designing neural network architecture to learn

ID-discriminative features for each person) (Qian et al., 2017; Lin et al., 2017;

Geng et al., 2016; Zheng et al., 2018, 2016a,b).

3. Boosting trick (data augmentation or post-processing trick to improve the

performance of off-the-shelf methods) (Huang et al., 2016; Bai et al., 2017;

Zhong et al., 2017; Garcia et al., 2015; Ali et al., 2010; Wang et al., 2016b; Liu

et al., 2013).

The traditional approaches are manually designed to handle the single-domain

ST-reID task. In contrast, deep learning approaches discover more implicit infor-

mation in matching persons and can significantly outperform the performance of

traditional approaches. After that, the performance-boosting trick can be regarded

as a promising active research line for the single-domain ST-reID. In order to deal

with the variations exposed in single-domain ST-reID, increasing the diversity of

data is essential. However, due to the expensive cost of data acquisition that needs

to manually find corresponding labels of pedestrians who appear under different

camera views, the feasibility of this solution is low in practice. Without sufficient

training data, a model is hard to distinguish different identities. Therefore, how to

increase/enrich the scale of training data for the single-domain ST-reID is still an

open question.

In order to deal with the insufficient training data issue, in 2014s, Generative

Adversarial Network (GAN) was proposed to generate data (images) with perceptual

quality (Goodfellow et al., 2014). Since then, several improved approaches (Radford
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Training on One Dataset

30%+

90%+
Rank-1

Testing on Another Dataset

performance
degration

Cross
Domain

Classic 
ST-reID

Rank-1

Figure 1.3 : Schematic diagram of cross-domain ST-reID. It can be seen that

compared with the single-domain ST-reID issue in which the training and testing

datasets are the same, the performance is dropped a lot when testing is conducted

on another dataset.

et al., 2015; Arjovsky et al., 2017; Gulrajani et al., 2017) are presented to improve

the quality of generated data further. Using generated data to solve the problem

of limited training data is a promising solution. In all existing methods by using

GAN, there are two main challenging points to assure a better performance: 1)

high-quality data generated by GAN (Radford et al., 2015; Arjovsky et al., 2017;

Gulrajani et al., 2017), 2) a better strategy to use the generated data into the

training model (Zhedong et al., 2017). Many works focus on the first point. This

thesis will focus on the second point that follows the same pipeline in (Zhedong

et al., 2017) to incorporate generated data with real data to train deep models in a

semi-supervised learning fashion in order to deal with the challenges for ST-reID in

the wild.
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1.1.2 Challenges on Footages Taken by Different Environments in ST-

reID

The single-domain ST-reID assumes that the training and testing data are cap-

tured from the same environment. That is, footages are taken in the same environ-

ment (e.g., a campus) by N cameras. Both training and testing images are captured

by the N cameras. The only difference is that any pedestrian presented in training

data will not appear in testing data. However, this assumption cannot be guaranteed

in some applications. For instance, data collected from two different environments

(e.g., two different campuses) have distinct backgrounds. In this situation, in ad-

dition to non-overlapped identities, backgrounds in testing images captured by N1

cameras in one environment cannot be seen by models trained with images cap-

tured by N2 cameras in another environment. The change of backgrounds between

two environments can jeopardize the re-ID performance. As shown in Fig. 1.3, di-

rectly training a classifier from one dataset collected from an environment (i.e., a

source domain) often produces a degraded performance when testing is conducted

on another dataset collected from a different environment (i.e., a target domain).

Therefore, it is important to investigate solutions for such a cross-domain issue. For

ST-reID in the wild, the cross-domain ST-reID solutions have drawn attention in

recent years. Existing cross-domain ST-reID approaches can be categorized into two

types:

1. General inter-domain style transfer (Using GAN model to transfer the

style of source domain data to target domain) (Bak et al., 2018; Deng et al.,

2018; Wei et al., 2018a; Zhong et al., 2018b).

2. Clustering-based approaches (Directly estimating labels of target domain

images via appearance clustering result) (Fan et al., 2018; Song et al., 2020;

Fu et al., 2019; Zhang et al., 2019b).
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Note that, as mentioned in Sec. 1.1.1, GAN is used to enrich the scale of training

data for single-domain ST-reID by generating new images. When GAN is adopted

for the cross-domain issue, it concentrates on image style adaptation between data

belonging to different domains. This is achieved by transferring the style of images

from a source domain to a target domain to handle the domain shift issue. However,

although these cross-domain ST-reID approaches may perform well in certain cases,

i.e., domain style changes or camera style changes. These approaches cannot well

deal with the catastrophic background shift issue. This is because, for cross-domain

ST-reID in the wild, the environment (or background) change is the key reason that

incurs inevitable domain shift. For instance, when a network is trained based on

limited background information presented in a source domain, such a network may

not distinguish essential pedestrian features against dramatic variations caused by

background changes in a target domain. Unfortunately, backgrounds in the target

domain are normally very different from the source domain. This thesis formulates

this problem as a background shift problem that degrades the overall performance

of cross-domain person re-ID.

One possible solution to sort out background shift is to remove backgrounds us-

ing foreground masks in a hard manner directly (i.e., applying the binary masks

on original images) (Farenzena et al., 2010; Huang et al., 2016; Song et al., 2018;

Tian et al., 2018). However, it is observed that methods specifically designed for re-

moving background may damage the foreground information. By simply removing

backgrounds, this hard manner solution does improve the performance of cross-

domain ST-reID in the wild. At the same time, it can be seen that this is still

an open problem: Is there a way to suppress background shift better in order to

improve cross-domain ST-reID performance? This thesis will make the first effort

to generate images while background being suppressed moderately instead of com-

pletely removing backgrounds in a hard manner for the cross-domain ST-reID issue



8

Samples in Classic ST-reID Dataset Samples in Clothing Change LT-reID Dataset

Figure 1.4 : Comparison between samples in ST-reID dataset (i.e., Market-

1501 (Zheng et al., 2015)) and clothing change LT-reID dataset. For each dataset,

only one ID is shown in the figure.

in the wild.

1.1.3 Challenges on Clothing Change When A Person Being Identified

in LT-reID

As a widely seen case, uncontrollable clothing change should be an important

research issue that needs to be deeply investigated for LT-reID in the wild. Appar-

ently, significant appearance change can be involved (see Fig. 1.4) when a person

wears different clothes, resulting in dramatic performance degradation in the re-ID

system. An ideal re-ID system should have the capability to tackle such a challenge

in the real world (Gong et al., 2014). In order to deal with the clothing change

LT-reID issue, various approaches are reported, although they are still on a pre-

liminary level. Existing approaches for clothing change LT-reID in the wild can be

categorized into two types:

1. Biometrics based approaches (Exploring clothing-irrelevant biometric fea-

tures such as gait, body contour/shape, and face) (Zhang et al., 2018b; Yang

et al., 2019a; Qian et al., 2020; Li et al., 2020a; Yu et al., 2020; Wan et al.,
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2020b).

2. Depth information compensation approaches (Providing another source

of helpful depth information taken by RGB-D cameras) (Barbosa et al., 2012a;

Munaro et al., 2014; Haque et al., 2016).

The biometric information has been used for the clothing change LT-reID issue

when the clothing information is no longer reliable. However, it heavily relies on

high-quality footage. For example, in order to obtain people gait features, it needs

to successfully extract the human body from cluttering backgrounds and track the

human body throughout the entire video period. Due to the limitations of image

segmentation, tracking, and body part occlusion, it is unlikely to guarantee the

reliability of gait features from the footage. Another type of depth information

approach introduces additional depth information taken by RGB-D camera. The

depth information does provide another source of helpful information for clothing

change LT-reID in the wild. However, it introduces extra complexity to the camera

setup. Besides, due to its limited sensing distance, it is still far from real practice.

In order to handle the clothing change LT-reID issue, an open question is: Is

there a method that does not need to rely on the unreliable biometric information

heavily? It is also difficult to build a clothing change LT-reID dataset that is suitable

for the study of LT-reID in the wild with a reasonable data scale. This is because

based on the experiences of existing person re-ID datasets, the dataset should have:

1) sufficient large number of people IDs, 2) dynamic shooting with true environ-

ments, 3) various clothing on each person. This thesis will introduce a new clothing

change LT-reID dataset to the community for experiment evaluations. Based on

this dataset, a new approach to tackle clothing change LT-reID is presented.
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ID1 ID2 ID3 ID4 ID5

Large modality gap between RGB and IR images

RGB images

IR Images

Figure 1.5 : Examples of infrared-visible LT-reID. Even human performance is hard

to distinguish the ID when using RGB images as query and IR images as gallery.

1.1.4 Challenges on Footages Taken by Different Styles of Cameras in

LT-reID

As a typical and widely seen case, infrared-visible LT-reID comes into sight

and gradually attracts more attention Huang et al. (2021a). Unlike traditional

person re-ID that all person images are captured by RGB cameras in the daytime

under well-lighted conditions, the well-lighted condition cannot be guaranteed in the

night time. Therefore, in order to handle re-ID using infrared-visible LT-reID, two

different types of sensing cameras are adopted under different lighting environments

(i.e., using RGB (IR) cameras to capture images under well-lighted (poor-lighted)

conditions). The re-ID matching is carried out between RGB and IR images (as

shown in Fig. 1.5). A sophisticated person re-ID system should have the capability

to handle such a cross-modality retrieval issue (i.e., using RGB image to retrieve IR

image and vice versa) for person re-ID in the wild.

To deal with the infrared-visible LT-reID issue, a model should be able to tolerate

discrepancies between the modalities of RGB and IR (Wu et al., 2017). Existing

infrared-visible LT-reID approaches can be categorized into two types:
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1. Feature alignment(Adopting feature-level constraint to learn modality shared

features) (Wu et al., 2017; Ye et al., 2018a; Dai et al., 2018; Ye et al., 2018b,

2019).

2. Feature alignment + data alignment(Integrating camera style transfer

and feature-level constraint) (Wang et al., 2019c,a, 2020; Choi et al., 2020).

Amongst existing approaches, an open question does not get much attention.

That is, existing approaches normally adopt ImageNet-trained ResNet50 (He et al.,

2016) to learn shared features across two modalities. The ResNet50 is pretrained

based on the larger scale ImageNet database (only contains RGB images) which is

not compatible with the relevantly small-scale IR data in many practices. Thus,

information of the IR modality is inclined to be overwhelmed by RGB information

during training, which causes of the shared featured learned from RestNet50 to be

compromised.

In order to deal with infrared-visible LT-reID in the wild, this thesis will un-

veil the Modality Bias Training (MBT) problem and proposes a Dual-level Learn-

ing Strategy (DLS) to alleviate this problem. By alleviating the MBT issue, the

proposed DLS can be used to improve the performance of existing infrared-visible

LT-reID methods.

1.2 Research Problems

The aims of the project are as follows:

i. The situations of person re-ID in the wild are very diverse (containing dramatic

variations of illumination, viewpoint, and pose). Basically, the problem can be

sorted out in theory by feeding sufficient training data in supervised training,

which can represent real diverse situations. However, it is inevitable to lack of

data. Thus, ultimately the training data is still not enough. Generating data
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to compensate for the limited training data is an obvious solution, which will

be introduced in the thesis.

ii. Due to the diversity of situations in the real world, the training data cannot

guarantee to cover all possible cases in practical situations. That is, when a

trained model is applied to actual cases, it is possible to see some scenarios

that are not seen in training data. In other words, the domain where the model

is trained is different from the domain where the model is applied. Ideally,

if the model can tolerate the difference across domains, the model is able to

sort out person re-ID in the wild. Thus, this thesis proposes to mitigate the

influence of dramatic background change for the cross-domain domain person

re-ID in the wild.

iii. Although clothing change can be regarded as a case of person re-ID in the wild,

such unique challenges cannot be well sorted out using genetic solutions (i.e.,

methods designed for the ST-reID scenario). In the meantime, clothing change

is one of the widely seen cases in LT-reID in the wild so it is worth tackling this

typical challenge.This thesis will also introduce new clothing change LT-reID

datasets for evaluations to compensate for the lack of data to this area.

iv. In some special wild environments that need tight security surveillance, a com-

mon RGB camera may not fit the requirements well. For example, surveillance

in a dark environment is a widely seen case. Using the infrared camera is

efficient to sort out such challenging problems, although the cost may be ex-

pensive. However, there is an immediate problem: how it can recognize the

same person who appears under an RGB camera and an infrared camera. In

order to tackle such a challenge, this thesis will provide new insights into this

special but indispensable situation to ensure that re-ID systems can tolerate

diverse person re-ID cases in the wild.
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Challenges on Variations of Illumination, 
Viewpoint, And Pose.

Challenges on Footages Taken by 
Different Environments.

Challenges on Clothing Change When 
Person Being Identified.

Challenges on Footages Taken by 
Different Style of Cameras.
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In The Wild
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Domain
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Figure 1.6 : Two main scenarios in person re-ID. Categorizing according to the

time gaps of a person reappears under different cameras. For each category, two

important challenges need to be addressed for person re-ID in the wild.

To sum up, as shown in Fig. 1.6, person re-ID in the wild, it is categorized into

two main scenarios according to different time gaps (ST-reID and LT-reID). For each

scenario, two critical issues need to be addressed in order to achieve a sophisticated

re-ID system used for the real world. This thesis will deeply investigate issues

presented in different re-ID scenarios and provide deep insights and solutions to the

field of study.

1.3 Thesis Contribution

The contribution of this thesis are as follows:

Tackle Challenges on Variations of Illumination Viewpoint, And Pose:

This thesis attempts to use unlabeled generated data by GAN for single-domain

ST-reID training data augmentation. The training data consists of real data (with

true ID labels) and fake data (with proposed virtual labels). To use these generated

data, this thesis proposes a Multi-pseudo Regularized Label (MpRL) and assigns
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these virtual labels to the generated data when they are involved in training. Unlike

the traditional label, which usually is a single integral number, the virtual label

proposed in this thesis is a set of weight-based values, each individual of which is a

number in (0,1] called multi-pseudo label and reflects the degree of relation between

each generated data to every predefined class of real data. A comprehensive evalu-

ation is carried out by adopting two state-of-the-art convolutional neural networks

(CNNs) in experiments to verify the effectiveness of MpRL. (Chapter 3)

Tackle Challenges on Footages Taken by Different Environments:

This thesis observes that if backgrounds in the training and testing datasets are

very different, it dramatically introduces difficulties in extracting robust pedestrian

features, thus compromising the cross-domain person re-ID performance. This thesis

formulates such problems as a background shift problem. A Suppression of Back-

ground Shift Generative Adversarial Network (SBSGAN) is proposed to generate

images with suppressed backgrounds to reduce the domain shift between the train-

ing data and testing data. Unlike existing methods that simply remove backgrounds

using binary masks (zero out pixels regarded as background region), SBSGAN al-

lows the generator to decide whether pixels should be preserved or suppressed to

reduce segmentation errors caused by noisy foreground masks.

In addition to the SBSGAN module, this thesis introduces a Densely Associated

2-Stream (DA-2S) network with an update strategy to best learn discriminative

ID features from generated data that consider both human body information and

certain useful ID-related cues in the environment. The built re-ID model is further

updated using target domain data with corresponding virtual labels calculated by an

unsupervised clustering algorithm. Compared with existing methods that heavily

rely on the quality of the data transformation model, the proposed method can

utilize knowledge from the target domain. In addition, exiting clustering-based
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approaches do not consider the raw information gap between data of two domains.

The proposed method also considers the domain shift on the data level by mitigating

background shifts between different domains. (Chapter 4)

Tackle Challenges on Clothing Change When A Person Being Identi-

fied:

Existing LT-reID datasets usually contain a small number of IDs/images and are

collected under constrained environments. This thesis introduces a clothing change

LT-reID dataset using the street snapshot of celebrities crawled from the Internet

(e.g., google images). This new dataset has sufficient large number of identities, dy-

namic shooting with true environment, and various clothing on each person. Based

on this dataset, a new approach to tackle clothing change LT-reID is presented.

Compared with existing approaches that use unreliable biometric information, this

new approach does not rely on the biometric information. In addition, instead of us-

ing traditional scalar neurons (SN) to design the network, the new method attempts

to adopt vector-neuron (VN) capsules. Compared with SN, one extra-dimensional

information in VN is able be aware of the change of clothing for a person. Finally,

a ReIDCaps network with capsule neurons is introduced to deal with the clothing

change in LT-reID. (Chapter 5)

Tackle Challenges on Infrared-Visible LT-reID:

This thesis observes existing cutting-edge approaches having a Modality Bias

Training (MBT) problem and proposes a Dual-level Learning Strategy (DLS) to al-

leviate this problem. The MBT issue is caused by using the ImageNet-trained model

as the backbone for model design since the ImageNet-trained model is pretrained

with RGB images only. Thus, the information of the IR modality is inclined to be

overwhelmed by RGB information during training, which causes the performance

to be compromised. The proposed DLS is able to alleviate the MBT issue on both
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Figure 1.7 : Thesis structure.

feature level (focusing on ID-exclusive input image pair) and data level (introducing

generated neutral data between RGB and IR).

1.4 Thesis Organization

This thesis is organised as follows:

• Chapter 2: This chapter presents a survey of person re-ID methods

• Chapter 3: This chapter presents method of labelling generated data for single-

domain ST-reID

• Chapter 4: This chapter presents the method for cross-domain ST-reID by

exploring the impact caused by background shift between training and testing

data.

• Chapter 5: This chapter presents the method for clothing change LT-reID.

New benchmark datasets and approaches are introduced.
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• Chapter 6: This chapter presents the method for infrared-visible LT-reID. The

MBT issue is unveiled for this cross-modality retrieve issue and corresponding

solution is given to tackle MBT issue.

• Chapter 7: A brief summary of the thesis contents and its contributions are

given in the final chapter. Recommendation for future works is given as well.

The thesis structure is also shown in Fig. 1.7.
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Chapter 2

Literature Review

2.1 Review of Single-Domain ST-reID

As mentioned in Chapter 1, the main challenge in single-domain ST-reID in

the wild is dealing with variations of illumination, viewpoint, and pose. It has

drawn growing interest from research to practical applications (Gong et al., 2014).

In the past few years, three mainstream approaches, including non-deep learning

approaches, deep learning approaches, and boosting tricks are presented in existing

works.

2.1.1 Non-Deep Learning Approaches

In non-deep learning approaches, there are two important modules: feature ex-

traction module and metric learning module. The former one is used to extract

robust person descriptions to represent different person IDs. The latter one is used

to distinguish different IDs using the output of the feature extraction module. The

two processes (i.e., feature extraction and metric learning) are normally conducted

independently (Zhong et al., 2018a; Zhang et al., 2018a; Li et al., 2020b, 2018c,

2019b).

In feature extraction, (Liao et al., 2015) propose the local maximal occurrence

feature against viewpoint changes and handle illumination variations. (Chen et al.,

2015) introduce a mirror representation to alleviate the view-specific feature distor-

tion problem. (Zheng et al., 2015) present a bag-of-words descriptor that describes

each person by a visual word histogram.
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In metric learning, (Zheng et al., 2011) use a relative distance comparison

method to minimize the probability of a negative person image pair with a larger

distance than a positive pair. (Liao and Li, 2015) propose logistic metric learning

via an asymmetric sample weighting strategy. (Li et al., 2013) employ a locally-

adaptive decision function that integrates traditional metric learning with a local

decision rule. (Yu et al., 2017a) learn an asymmetric metric that projects each view

in an unsupervised learning fashion.

2.1.2 Deep Learning Approaches

Unlike the above non-deep learning methods that are manually designed to han-

dle the single-domain ST-reID task, deep learning discovers more implicit informa-

tion in matching persons and achieves many state-of-the-art results in a wide range

of research areas (Huang et al., 2018b; Zhong et al., 2020; Liu et al., 2020; Zhang

et al., 2020a).

To distinguish the appearance of a person at the right spatial locations and

scales, (Qian et al., 2017) propose a multi-scale deep learning model to learn dis-

criminative features. (Lin et al., 2017) introduce a consistent-aware deep learning

approach which seeks the globally optimal matching. Also, deep features over the

full body and body parts are captured from local context knowledge by stacking

multi-scale convolutions in (Li et al., 2017a). Two-stream network (Geng et al.,

2016; Zheng et al., 2018), triplet loss network (Ding et al., 2015; Cheng et al., 2016)

and quadruplet network (Chen et al., 2017a) have been designed for single-domain

ST-reID. (Zheng et al., 2016a,b) propose an identification (Identif) CNN. This net-

work takes person re-ID as a multi-classification task, and a CNN embedding is

learned to discriminate different identities in training. Beyond that, (Zheng et al.,

2018) propose a two-stream deep neural network. A verification function that sepa-

rates two input images belonging to the same or different identities is considered to
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improve the performance of the Identif network further. In testing, the above two

networks extract CNN embeddings in the last convolutional layer to compare the

similarity between two inputs using squared Euclidean distance.

2.1.3 Boosting Tricks

Deep learning approaches have already achieved encouraging performance for

single-domain ST-reID. Thus, another active research line attempts to further im-

prove the performance of deep learning approaches as boosting tricks without chang-

ing the network architecture. (Huang et al., 2016) formulate the single-domain ST-

reID task as a tree matching problem, and a complete bipartite graph matching is

presented to refine the final matching result at the top layer of the tree. To study

single-domain ST-reID with the manifold-based affinity learning, (Bai et al., 2017)

introduce a manifold-preserving algorithm plunging into existing re-ID algorithms

to enhance the performance. As a post-processing method, re-ranking (Zhong et al.,

2017) exploits the relationships amongst initial ranking list to improve the perfor-

mance of re-ID system. Finally, human feedback in-the-loop is adopted that provides

an instant improvement to re-ID ranking on-the-fly (Ali et al., 2010; Wang et al.,

2016b; Liu et al., 2013).

For person re-ID in the wild, acquiring enough labeled data is expensive for

single-domain ST-reID to against variations of illumination, viewpoint, and pose.

In order to remedy the lack of data issue, (Zheng et al., 2017b) combine the gen-

erated fake data by GAN with real data in network training. This method assigns

virtual labels to generated data with a uniform label distribution over all the prede-

fined training classes. However, there are two issues being ill-considered: 1) When

mapping the fake data to the real data domain, the weights over all predefined train-

ing classes are regarded identical. 2) In the generated data domain, all data share

the same virtual label. Therefore, how to utilize the generated fake data to boost
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the performance of the model in an effective way needs to be considered.

2.2 Review of Cross-Domain ST-reID

In order to tolerate the difference between different domains, existing cross-

domain ST-reID approaches can be categorized into two types: 1) general inter-

domain style transfer, 2) clustering-based approaches.

2.2.1 General Inter-Domain Style Transfer for Cross-Domain ST-reID

Recently, following image-to-image translation approaches (e.g., CycleGAN (Zhu

et al., 2017) and StarGAN (Choi et al., 2018)), some studies focus on inter-domain

style transfer to mitigate the domain shift for the cross-domain ST-reID. (Deng

et al., 2018) propose SPGAN to transfer general image style between domains. (Wei

et al., 2018a) introduce PTGAN to transfer body pixel values and generate new

backgrounds with similar statistic distribution of the target domain. Unlike SP-

GAN, PTGAN explicitly considers the background shift problem between domains.

However, PTGAN overlooks the fact that backgrounds should be suppressed rather

than retained, because the background shift may degrade the Unsupervised Domain

Adaptation (UDA) re-ID performance. (Liu et al., 2019) present an ATNet that

can decompose cross-domain style transfer into a set of factor-wise sub-transfers

(e.g., illumination, resolution, etc.). These factor-wise transfers can then be fused

by an ensemble strategy to magnitude different sub-factors in cross-domain image

generation. In addition to the inter-domain style transfer, (Zhong et al., 2018b)

propose transferring the style of images between cameras to reduce the domain shift

by using StarGAN (Choi et al., 2018). (Qi et al., 2019) take both cross-domain and

cross-camera issues into consideration to alleviate discrepancy between domains and

different cameras. (Li et al., 2019a) add a pose disentanglement scheme to improve

the cross-domain image transfer process. (Chen et al., 2019c) transfer images from a
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source domain to a target domain with diverse target domain contexts. A synthetic

dataset is proposed to generalize illumination between different light conditions for

cross-domain ST-reID in (Bak et al., 2018). Cycle-consistency translation of GAN

is employed to retain identities of the synthetic dataset. However, all these meth-

ods do not consider the dramatic background shift between the training and testing

domains, which can be regarded as the essential reason that jeopardizes the final

performance.

In order to deal with the background shift problem, one possible solution is to

completely remove backgrounds using binary body masks obtained by semantic seg-

mentation or human parsing methods. Currently, methods such as Mask-RCNN (He

et al., 2017) and JPPNet (Liang et al., 2018) can obtain body masks with pretrained

model on large-scale datasets, e.g., MS COCO (Lin et al., 2014) and LIP (Liang

et al., 2018). However, masks obtained by these methods often contain errors due

to low-resolution person images, and highly dynamic person poses. Directly us-

ing noisy masks may further jeopardize the performance of cross-domain ST-reID.

Therefore, how to better suppress background shift to improve cross-domain ST-

reID performance is still an open question.

2.2.2 Clustering-Based Cross-Domain ST-reID

So far, several works attempt to use clustering-based methods to explore the

natural characteristics of images in the target domain for cross-domain ST-reID (Fan

et al., 2018; Song et al., 2020; Fu et al., 2019; Zhang et al., 2019b). These works use

raw source domain images with ground-truth ID labels to pretrain a re-ID model.

Then, this pretrained model is used to extract features of training images in the

target domain. An unsupervised clustering approach (e.g., k-means++ (Arthur and

Vassilvitskii, 2006), DBSCAN (Ester et al., 1996), or HDBSCAN (Campello et al.,

2013)) is adopted to classify such features into different clusters. Each image is
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assigned a virtual label according to the clustering results. The images, along with

the corresponding virtual labels, are used to update the pretrained CNN model.

Both (Fan et al., 2018; Song et al., 2020) employ the classical ID-discriminative

Embedding (IDE) network (Zheng et al., 2016a; Deng et al., 2018; Zheng et al.,

2017b) as the pretrained CNN model on the source domain. Based on the IDE

network, (Fu et al., 2019) promote the performance of clustering-based solution by

adopting body part partition. (Zhang et al., 2019b) integrate multiple losses in

a conservative stage and a promoting stage to enrich the discriminative ability of

features for the cross-domain ST-reID. However, existing clustering-based methods

in fact mix target domain data with virtual labels and source domain data with

true annotation information. Such a simple mixture does not consider the raw

information shift between data distributions of two domains. In the cross-domain

person re-ID issue, this shift can be largely contributed by the background differences

between different domains.

2.3 Review of Clothing Change LT-reID

Clothing change can be regarded as a commonly seen case for LT-reID in the

wild. Owing to the dramatic clothing change for each individual, such an issue

cannot be well sorted out using genetic solutions. In order to deal with the clothing

change issue, existing approaches are categorized into two types: 1) biometrics based

approaches, 2) depth information compensation approaches.

2.3.1 Biometrics Based Approaches

Biometric traits have been adopted for clothing change LT-reID, including mo-

tion (Zhang et al., 2018b), body contour/shape (Yang et al., 2019a; Qian et al., 2020;

Li et al., 2020a), and face (Yu et al., 2020; Wan et al., 2020b). 1) Motion. (Zhang

et al., 2018b) extract motion features (Histograms of Optical Flow (HOF) (Laptev
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et al., 2008) and Motion Boundary Histogram (MBH) (Wang et al., 2013)) to as-

sociate different persons for LT-reID. However, in order to extract robust motion

features, a complete motion cycle is normally required, making it difficult to be ap-

plied to image-based LT-reID scenario. 2) Body Contour/Shape. (Yang et al.,

2019a) use body contour information for LT-reID. To achieve this, a person only can

change her/his clothing moderately (i.e., wears clothes of a similar thickness), which

is confined to a limited LT-reID application scenario. (Qian et al., 2020) employ a

pose detector to detect and localize body joints which are used for learning body

shape features based on the spatial relationship between joints. However, the body

shape is sensitive towards camera shooting angles, which may not be effective in the

real world. 3) Face. (Wan et al., 2020b) and (Yu et al., 2020) learn face features for

LT-reID. However, the face only takes up a small part of the body region, and it is

not always available when the image quality or camera view (e.g., back view) is poor.

In order to deal with clothing change LT-reID in the wild, theoretically, biometric

features should be robust. However, it heavily relies on high-quality footage taken

by different cameras. Due to the low image resolution, poor shooting viewpoint,

and occlusion issue, extracting robust biometric features is hard to be guaranteed.

2.3.2 Depth Information Compensation Approaches

RGB-D images taken by depth camera (e.g., Kinect) are used in existing clothing

change LT-reID works. (Barbosa et al., 2012a) propose extracting 3D soft-biometric

features for LT-reID using the depth information captured by Kinect. (Munaro et al.,

2014) transform persons’ point clouds to a standard pose via depth information. The

transformed point clouds are used for composing 3D models for LT-reID to eliminate

impacts caused by clothing change. (Haque et al., 2016) leverage raw depth video

data as training inputs, and propose a recurrent attention model that re-identifies

persons by focusing on small, discriminative body regions to tackle clothing change.
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However, the depth sensor is hard to be widely deployed for real-world LT-reID due

to the complexity of camera setup and the limitation on sensing distance.

In order to deal with clothing change LT-reID, existing approaches usually try

to extract biometric information or utilize RGB-D camera to achieve depth infor-

mation. However, there are two main concerns: 1) biometric information heavily

relies on the quality of footage, which may not be robust, 2) using RGB-D camera

needs to introduce extra complexity to the camera setup, which is still far from real

practice. Therefore, in order to tackle the clothing change issue for person re-ID in

the wild, more solid and practical solutions should be proposed.

2.4 Review of Infrared-Visible LT-reID

In order to recognize the same person who appears under an RGB camera and

an infrared camera, infrared-visible LT-reID is an immediate problem that should

be addressed. Existing approaches can be categorized into two types: 1) feature

alignment approaches, 2) feature alignment + data alignment.

2.4.1 Feature Alignment

The main concern of the feature alignment approach is to learn modality shared

features from both RGB and IR images by adding certain constraint on feature level

in a network training stage. (Wu et al., 2017) concatenate zero paddings with input

images to learn cross-modality shared features through a one-stream network. (Ye

et al., 2018a) propose a two-stream network that joint ID loss and contrastive loss

to reduce the modality gap on the feature level. (Dai et al., 2018) cast the infrared-

visible LT-reID problem as a generative adversarial training task in order to learn

discriminative modality shared features across RGB and IR images. By considering

cross-modality and intra-modality variations simultaneously, (Ye et al., 2018b, 2019)

introduce a dual constrained top-ranking loss to enhance the discriminability of
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shared features learned from two different modalities. (Feng et al., 2020) learn

modality shared features from two independent modality-specific networks via cross-

modality Euclidean constraint. This approach can tackle the cross-modality issue

for Infrared-visible LT-reID somehow. However, it does consider the large modality

discrepancy on the data level. Directly mapping images of two different modalities

into feature space may not be effective (Wang et al., 2019c).

2.4.2 Feature Alignment + Data Alignment

In addition to the feature space alignment, data level alignment is also impor-

tant to alleviate the large discrepancy across different modalities for infrared-visible

LT-reID. (Wang et al., 2019c) use a generator to generate cross-modality images

from a latent vector z, which is encoded by an image encoder. A real image and

its corresponding cross-modality generated counterpart are concatenated along the

channel dimension to construct a multi-spectral image used to learn modality shared

features. That is, it mixes the original image on a modality and the corresponding

make-up image generated by the generator together for the following re-ID process.

(Wang et al., 2019a) propose generating IR images based on given real RGB images.

That is, it converts a given RGB image to an IR image. Thus, the cross-modality im-

age matching issue becomes a common image matching issue between the generated

IR images and real IR images. (Yang et al., 2020) propose a random walk solution

for mining reliable relationships between images by traversing heterogeneous man-

ifolds in feature space of IR and RGB modalities. The main focus of (Yang et al.,

2020) is to alleviate noisy similarities between modalities.

Existing approaches generally follow the IDE or IDE-T network architecture.

These approaches normally adopt ImageNet-trained ResNet50 (He et al., 2016) to

learn shared features across two modalities. Consequently, the learned shared fea-

ture cannot acquire the true characteristics that are not biased to either modality.
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Instead, it will contain more information from RGB modality due to the ImageNet-

trained ResNet50 is pretrained using RGB images only. Therefore, how to deal with

this modality bias training issue is still an open question for infrared-visible LT-reID.

2.5 Datasets for Person Re-ID In The Wild

In past years, several person re-ID datasets are proposed. Most of them are the

short-term scenario (used for the single-domain ST-reID task and cross-domain ST-

reID task). Some of them are used for the clothing change LT-reID. Two datasets

are presented for the infrared-visible LT-reID study. This section will introduce

some typical existing person re-ID datasets.

2.5.1 Existing Datasets for ST-reID

There are several ST-reID datasets that have been proposed along with the de-

velopment of researches in the community. In general, most of them belong to

the ST-reID scenario. These datasets do not have the change of clothing for a

person or involve different types of cameras (e.g., RGB-D cameras or infrared cam-

eras). Amongst them, VIPeR (Gray and Tao, 2008), CUHK01 (Li et al., 2012),

CUHK03 (Li et al., 2014), Market1501 (Zheng et al., 2015), and DukeMTMC-

reID (Zheng et al., 2017b), are most widely used ST-reID datasets that contain

very diverse situations in the wild (e.g., dramatic variations caused by the changes

of illuminations, viewpoints, poses, and background). Tab. 2.1 lists some basic in-

formation of the five widely used ST-reID datasets. These datasets can be used for

either single-domain ST-reID studies (both training and testing are conduced using

the same dataset) or cross-domain ST-reID studies (training on one dataset and

testing on another dataset) since there is no clothing change or cross-modality issue.
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Table 2.1 : Basic information of some exiting person re-ID datasets.
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2.5.2 Existing Datasets for Clothing Change LT-reID

Current approaches that are mainly designed for the ST-reID scenarios may not

be suitable for the LT-reID scenario. To achieve a sophisticated re-ID system, the

clothing change problem should be explicitly considered for person re-ID in the wild.

Unfortunately, existing ST-reID datasets do not involve such characteristics. There-

fore, this thesis will introduce new clothing change LT-reID datasets to facilitate

future researches in the community.

To the best of our knowledge, five small-scale datasets consider the clothing

change problem for person re-ID (refer to Tab. 2.1). They can be categorized into

two types: RGB-D and normal RGB video-based datasets. To handle the challenge

of clothing changes, the depth information has been leveraged to extract additional

3D soft-biometric beyond the RGB color cue. Accordingly, RGB-D datasets such as

PAVIS (Barbosa et al., 2012b), BIWI (Munaro et al., 2014), IAS-Lab (Munaro et al.,

2014), and DPI-T (Haque et al., 2016) have been proposed using the Kinect camera

under controlled environments. These datasets are helpful on proof of concept by

exploiting 3D information using depth information. There is also a video-based

clothing change LT-reID dataset (Zhang et al., 2018b). However, the scale of this

dataset is also too small, and the environment is controlled under an indoor camera

that is not suitable for person re-ID in the wild. Therefore, a new clothing change

LT-reID dataset that can satisfy the requirement of practical usage collected under

a highly diverse environment with multiple camera views is needed.

2.5.3 Existing Datasets for Infrared-Visible LT-reID

Two publicly available infrared-visible datasets are widely used for evaluation,

including SYSU-MM01 (Wu et al., 2017) and RegDB (Nguyen et al., 2017). For each

person, SYSU-MM01 (RegDB) uses RGB and near-infrared (far-infrared) cameras

to take footages. Both datasets are collected under uncontrolled situations in the
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real-world environment, which is suitable for the evaluation of person re-ID in the

wild. Tab. 2.1 shows some necessary information of the two datasets.

2.6 Summary

This chapter revisits the existing person re-ID approaches and datasets. Accord-

ing to different person re-ID tasks, this chapter respectively introduces the corre-

sponding background knowledge, principal theories, and mainstream technologies.

This thesis will present detailed solutions for different person re-ID tasks in the wild

from the next chapter.
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Chapter 3

Labelling Generated Data for Single-Domain

ST-ReID

3.1 Motivation

Person re-ID is a challenging task of recognizing a person amongst different

camera views. It is a typical computer vision problem that requires sufficient training

data to learn a discriminative model. In the past few years, deep learning has

demonstrated its performance in person re-ID by producing several state-of-the-art

methods (Huang et al., 2017b; Qian et al., 2017; Lin et al., 2017; Zheng et al.,

2016a,b, 2018). To this end, sufficient labeled training data is essential to train

deep models in a supervised learning fashion in order to tackle challenges caused

by variations of illumination, viewpoint, and pose. Although some large datasets,

e.g., Market-1501 (Zheng et al., 2015), DukeMTMC-reID (Zhedong et al., 2017), and

CUHK03 (Li et al., 2014) have been proposed. However, due to the expensive cost of

data acquisition that needs to manually find corresponding labels of pedestrians who

appear under different camera views, the diverse of data is still limited. In 2014s,

Generative Adversarial Network (GAN) was proposed to generate data (images)

with perceptual quality (Goodfellow et al., 2014). Since then, several improved

approaches (Radford et al., 2015; Arjovsky et al., 2017; Gulrajani et al., 2017) were

presented to further improve the quality of generated data. However, how to use

the data is still an open question.

Using generated data to solve the problem of data diversity is a promising so-

lution. Therefore, this thesis attempts to use unlabeled data generated by GANs
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to improve the person re-ID performance further. In all existing methods by using

GAN, there are two main challenging points in order to assure the better perfor-

mance: 1) high quality data generated by GAN (Radford et al., 2015; Arjovsky

et al., 2017; Gulrajani et al., 2017), 2) a better strategy to use the generated data

into the training model (Zhedong et al., 2017). Many works focus on the first point.

This thesis particularly focuses on the second point. This thesis follows the same

pipeline in (Zhedong et al., 2017) that incorporates generated data with real data to

train deep models in a semi-supervised learning fashion. Compared with previous

attempts (Salimans et al., 2016; Radford et al., 2015) that perform semi-supervised

learning in the discriminator of GANs, sufficient unlabeled generated data will di-

rectly participate in training as the supplementary of limited labeled real data.

In 2017s, a related work was first proposed in (Zhedong et al., 2017) that in-

troduced a method called Label Smooth Regularization for Outliers (LSRO). This

method assigns virtual labels to generated data with a single unified label distribu-

tion for different predefined training classes. The single unified distribution considers

weights of all predefined training classes equally. More specifically, if the number

of predefined training class is K, the weight of each class is equally divided into

1/K. By doing so, LSRO shows two undesirable characteristics: 1) On the real data

domain, the weights for different predefined training classes are identical. 2) On the

generated data domain, all data share the same virtual label.

For the first fact, since every individual predefined training class of real data has

the same weight, the data generated by GAN should be able to embed equal prop-

erties of all predefined training classes. However, during the actual GAN training

process, only a random minibatch of real data samples are used in each iteration.

That is, only certain real data from some classes (not all predefined training classes)

are used in GAN training in each iteration to generate artificial data following a

continuous noise distribution (Goodfellow et al., 2014; Radford et al., 2015). Con-
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(c) Fitting generated images (a) and (b) into prede-

fined training classes using markers ‘o’ and ‘+’, re-

spectively.

Figure 3.1 : Label distribution of predefined training classes (c) for generated im-

ages (a) and (b). Only the maximum predicted probability of predefined training

classes is activated along with the training process (see (c)). Distinguishable label

distributions can be observed between (a) and (b).

sequently, the data distribution between the generated and real data is biased by

equally utilizing the weights from all predefined training classes in the real data

domain. A label needs to be assigned to generated data, which can re-

flect the different weights of different predefined training classes in GAN

training. For the second fact, it may not be correct to assign the same label to

certain different generated data if the generate data has the distinct visual differ-

ences. Otherwise, ambiguous predictions may happen in training. Fig. 3.1(a) and

3.1(b) show two generated images with red and green clothes respectively. When

these two images are fitted into predefined training classes (only using the maximum

prediction probability) through 50 training epochs, distinguishable label distribu-

tion can be observed in Fig. 3.1(c). Therefore, using the same virtual label for all
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generated data is improper. Dynamically assigning different virtual labels to

each generated data is required.

Although LSRO has demonstrated its effectiveness in (Zhedong et al., 2017), the

above problems still limit its effectiveness. To solve this problem, a Multi-pseudo

Regularized Label (MpRL) is proposed as a virtual label assigned to generated data.

Unlike LSRO, main differences of the proposed MpRL can be summarized in two-

fold:

• Compared with LSRO using single unified label distribution, the proposed

MpRL assigns each generated data a corresponding label which shows the

likelihood of the affiliation of the generated data to all predefined training

classes. Thus, the relationship between the generated data and predefined

training classes can be substantially built, which makes generated data more

informative when they incorporate with the real data in training.

• By differentiating different generated data, MpRL mitigates ambiguous pre-

diction in training. Intuitively, different generated data present distinct visual

differences and should have different impacts to the training. The proposed

method is to embed such characteristics into the training model.

3.2 Labeling Generated Data Using Multi-Pseudo Regular-

ized Label

In this section, the state-of-the-art virtual label LSRO (Zhedong et al., 2017) for

person re-ID is revisited first. Then MpRL is introduced. Finally, three training

strategies are proposed for MpRL.
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3.2.1 LSRO for Person Re-ID

LSRO assumes that the generated data does not belong to any predefined train-

ing class and uses the single unified label distribution on each of them to address

over-fitting (Zhedong et al., 2017). LSRO is inspired by Label Smoothing Regular-

ization (LSR) (Szegedy et al., 2016) which assigns less confidence to the ground-truth

label and assigns small weights to other classes. Formally, given a generated image

g, its label distribution qgLSRO(k) is defined as follows:

qgLSRO(k) =
1

K
, (3.1)

where K is the number of predefined training classes in the real data domain, k ∈

[1, ..., K] represents the k-th predefined training class. In training, the loss of LSRO

to a generated image is defined as follows:

lLSRO = − 1

K

K∑
k=1

log(p(Xk)), (3.2)

where Xk represents the output of k-th predefined training class, p(Xk) ∈ (0, 1) is

the softmax predicted probability of Xk belonging to the predefined training class

k, defined as follows:

p(Xk) =
eXk∑K
j=1 e

Xj

. (3.3)

• In Eq. 3.2, the forward loss is as follows:

lLSRO = − 1

K

K∑
k=1

log(
eXk∑K
j=1 e

Xj

)

= − 1

K

K∑
k=1

(Xk) + log(
K∑
j=1

eXj).

(3.4)

• While, the backward gradient is as follows:

∂lLSRO
∂Xk

= − 1

K
+

eXk∑K
j=1 e

Xj

. (3.5)
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3.2.2 Multi-Pseudo Regularized Label

This thesis uses the proposed MpRL to assign virtual labels to generated data

when they are fed into the network during training. However, unlike LSRO, MpRL

does not set the virtual label as a single unified distribution for different predefined

training classes (i.e., 1/K). The weights for different predefined training classes are

different in the proposed MpRL. In this way, a dictionary α is built to record the

weights. Compared with LSRO (see Eq. 3.1), for a generated image g, its label is

defined as follows:

qgMpRL(k) =
αk
K
, (3.6)

where αk represents the weight of k-th predefined training class in the dictionary

α. The reason why different weights are considered in the proposed MpRL will

be discussed in Sec. 3.3.3. The proposed MpRL does not belong to a specifically

predefined training class but is constituted by different weights for each of them.

To obtain αk, this thesis first formulates the set of predicted probabilities p(X) of a

generated image over K predefined training classes as:

p(X) = {p(Xk)|k ∈ [1, ..., K]} . (3.7)

Then, all elements in p(X) are sorted from the minimum to maximum and saved to

ps(X):

ps(X) = {ps(Xn)|n ∈ [1, ..., K]} , (3.8)

where ps(X1) == min(p(X)) and ps(XK) == max(p(X)). αk is obtained by taking

the corresponding index of p(Xk) in the set of ps(X):

αk = φps(X)(p(Xk)), (3.9)

where φps(X)(·) returns the index of p(Xk) in ps(X). By doing so, the corresponding

relationship between real data and a generated image is built by utilizing different

weights obtained through the predicted probabilities for different predefined training
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classes. Combining Eq. 3.6 with Eq. 3.9, the proposed MpRL can assign different

virtual labels to a generated image g when it is fed into the network in training:

qgMpRL =
{αk
K
|k ∈ [1, ..., K]

}
, (3.10)

‘Multi-pseudo’ is used to name the proposed virtual label because when com-

pared with the one-hot pseudo label that only the maximum predicted probability

is activated, all predicted probabilities are used in MpRL. To address over-fitting

(e.g., after several training iterations some weights from predefined training classes

will become larger, while others may decrease to a pretty small value), Eq. 3.10 reg-

ularizes the gap between two contiguous weights to 1/K. In this way, the proposed

MpRL retains the weights for all predefined training classes, even though some of

them may not or just producing a tiny contribution to the generated data.

By combining the generated data with real data in training, the cross-entropy

loss is used to build the proposed MpRL as follows:

lMpRL = −(1− y)log(p(Xc))− y · λ · σ
K∑
k=1

(
αk
K
· log(p(Xk))), (3.11)

where c represents the label of a real image, αk

K
is defined in Eq. 3.6. λ is the

parameter for the trade-off between generated and real data. If not specified, λ is

set to 1. σ is a normalization factor. In Eq. 3.11, if the weights over K per-defined

training classes are summed up (i.e.,
∑K

k=1
αk

K
), the total weight equals to (1+K)·K

2
.

Therefore, to normalize weights over K predefined training classes, σ is set to 2
1+K

.

For a real image y = 0, Eq. 3.11 is equivalent to softmax loss. For a generated

image y = 1, only the MpRL is used. Overall, the network has two types of losses:

one for real data and the other for generated data.

• In Eq. 3.11, the forward loss is as follows:
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For a real image, y = 0:

lMpRL = −log(
eXc∑K
j=1 e

Xj

)

= −Xc + log(
K∑
j=1

eXj).

(3.12)

For a generated image, y = 1:

lMpRL = −λ · σ
K∑
k=1

(
αk
K
· log(

eXk∑K
j=1 e

Xj

))

= −λ · σ
K∑
k=1

(
αk
K
Xk −

αk
K
log(

K∑
j=1

(eXj))).

(3.13)

• While, the backward gradient is as follows:

For a real image, y = 0:

∂lMpRL

∂Xc

= −1 +
eXc∑K
j=1 e

Xj

. (3.14)

For a generated image, y = 1:

∂lMpRL

∂Xk

= −λ · σ · αk
K

(1− eXk∑K
j=1(eXj)

). (3.15)

3.2.3 Training Strategy

To further investigate the effectiveness of the proposed MpRL, three different

training strategies, including one static (constant virtual labels) and two dynamic

(iteratively updated) approaches are introduced. Descriptions are as follows:

• Static MpRL (sMpRL). The sMpRL is assigned to each generated data

before training the network. A pretrained Identif network (refer to Sec. 3.4.2)

is used to assign sMpRL. Specifically, 1) the Identif network is pretrained by

using all real training data; 2) Eq. 3.3 is utilized to calculate the predicted prob-

ability over K predefined training classes for each generated data; 3) Eq. 3.10
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Algorithm 1: The training strategy of the dMpRL-II: dynamically update

MpRL from the intermediate point to change the likelihood of the affiliation

of the generated data to all predefined training classes iteratively.

Input: Real data set: R;

Generated data set: G;

Merged data set: D = R ∪G;

Loss for the real data set: l1;

Loss for the generated data set: l2.

1 for number of training epochs do

2 Shuffle D ;

3 for number of training iterations in each epoch do

4 Set l1 = 0, l2 = 0;

5 Sample minibatch from D → D
′
;

6 Select real data R
′

from D
′
;

7 Set y = 0 in Eq.3.11;

8 Calculate loss l1 for R
′
;

9 if number of epochs ≥ 20 then

10 Select generated data G
′

from D
′
;

11 Assign MpRL to G
′

using Eq.3.10;

12 Set y = 1 in Eq.3.11;

13 Calculate loss l2 for G
′
;

14 Calculate the final loss = l1 + l2 × 0.1 ;

15 Backward propagation;

16 Update parameters;

17 final;
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is used to assign a sMpRL to each generated data, and the assigned sMpRL

remains unchanged during the whole training process. This implementation is

similar to LSRO except that the proposed MpRL considers different weights

for different predefined training classes instead of regarding them equally.

• Dynamic MpRL-I (dMpRL-I): Dynamically Update MpRL from

scratch. During training, dMpRL-Is are dynamically assigned to each gen-

erated data using Eq. 3.10, and they will be updated iteratively to change

the likelihood of the affiliation of the generated data to all predefined training

classes. Therefore, the same generated data may receive a different dMpRL-I

each time when it is fed into the network. This dynamic progress starts from

the first minibatch fed into the network until the training is completed. No-

tably, generated data will assign random dMpRL-Is if they are involved in the

first training iteration.

• Dynamic MpRL-II (dMpRL-II): Dynamically Update MpRL from

the intermediate point. This strategy tries to assign dMpRL-II to gener-

ated data after 20 epochs when the CNN model becomes relatively stable, and

also they will be updated iteratively. That is, in Eq. 3.11, y = 0 until 20-th

epochs, it is set to 1. Also, the loss is set to 0.1 and 1 for the generated and

real data respectively. Therefore, under this training strategy, λ is set to 0.1

in Eq. 3.11. The detailed training strategy is shown in Algorithm 1.

3.3 Benefits of Multi-pseudo Regularized Label

The all-in-one (Odena, 2016; Salimans et al., 2016), one-hot pseudo (Lee, 2013),

and LSRO (Zhedong et al., 2017) are used as the comparison experiments. Fig. 3.2(b),

(c) and (d) respectively illustrate the label distributions. Given a generated image,

a new label that does not belong to any predefined training class is assigned to it
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Figure 3.2 : The label distributions of real and generated data. The ground-truth

label is assigned to the real data (a). For a generated image, all-in-one (b) assigns

a new label to it. One-hot pseudo (c) uses only one predefined training class with

maximum predicted probability. LSRO (d) uses a single unified label distribution,

while the proposed MpRL (e) considers different weights for different predefined

training classes.

by using the all-in-one (see Fig. 3.2(b)). Using the one-hot pseudo, only the max-

imum predicted probability of predefined training classes is used as a virtual label

(see Fig. 3.2(c)). A single unified label distribution 1/K is utilized by LSRO (see

Fig. 3.2(d)). Our MpRL is illustrated in Fig. 3.2(e). The α = {αk|k ∈ [1, ..., K]}

(defined by Eq. 3.6 to Eq. 3.9) is used to record different weights for different prede-

fined training classes. In this section, the differences between MpRL and the other

three virtual labels will be discussed in three aspects: 1) one-hot binary vs. multi-

association-value label, 2) single unified label vs. multiple different virtual labels,
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and 3) different weighing on virtual labels. Quantitative experiments with detailed

performance analysis are provided to support the claim on the benefits of MpRL.

3.3.1 One-Hot Binary Label vs. Multi-Association-Value Label

The all-in-one and pseudo are two standard one-hot binary labels. All-in-one

uses a new class not the same as any predefined class as the virtual label assigned to

generated data. Pseudo label assigns different virtual label to each generated data

by taking the maximum value of the probability prediction on all predefined class in

training data. Compared with multi-association-value label that retains information

from all predefined training classes, the one-hot binary label may produce inadequate

regularization power in training which is critical to prevent over-fitting. In the one-

hot binary label, the network may incline to learn a discriminative feature based on

certain class of training data which may not have sufficient training samples. While

using multi-association-value label, the network better prevent over-fitting (Szegedy

et al., 2016; Zhedong et al., 2017). MpRL is is a kind of multiple-association value

label. In Sec. 3.4.6, corresponding experiments demonstrate the benefits of multi-

association-value label.

3.3.2 Single Unified Label vs. Multiple Different Virtual Labels

Two strategies can be used to assign virtual labels to generated data: 1) using

the same virtual label for all generated data, 2) assigning different virtual labels to

different generated data. Both all-in-one and LSRO follow the first strategy, while

one-hot pseudo and MpRL go with the second one. Compared with the second

strategy, assigning each generated data with the same label potentially leads to am-

biguous predictions in training. In Fig. 3.3, four different generated images with

distinct visual differences (in red, yellow, white and green clothes) are given to find

their top ten nearest representations which represent different predefined training

classes in the real data domain. The four groups visually show clear differences.
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Figure 3.3 : Examples of generated data and their corresponding representations in

the real data domain. The left side shows four generated data with distinct visual

differences (in red, yellow, white and green clothes). For each generated data, the

right side gives ten nearest representations which represent each predefined training

class in the real data domain.

If the same virtual label is assigned to these four generated images, it will cause

confusion while training network. The proposed MpRL follows the second strategy

that assigns each generated data with a weight-based virtual label according to dif-

ferent predicted probabilities. Corresponding experiments can be found in Sec. 3.4.6

to show that by assigning different virtual labels to generated data, the proposed

MpRL can achieve a better performance.

3.3.3 Different Weighing on Virtual Labels

LSRO assumes that the weight from each predefined training class is identical.

Thus a generated image is assumed to have the capability to simulate all prede-

fined training classes equally. This is impractical when considering the actual GAN

training process for two reasons (details can be found in (Goodfellow et al., 2014;

Radford et al., 2015)). First, in each training iteration, a minibatch of random noise
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Table 3.1 : Comparison between virtual labels.

Method Label type
Label

Assigning

Weights on Pre-

defined Classes

All-in-one One-hot binary Single unified –

Pseudo One-hot binary Multiple different –

LSRO Multi-association-value Single unified Same

Our MpRL Multi-association-value Multiple different Different

is fed into a generator to simulate another minibatch of real data. This indicates

that the generation capability of the inputs is limited in a small scope, specifically,

within a minibatch of real data. Second, the scale and the quality of data in different

classes of training data are different so their contributions in training generator are

different. Thus, such differences need to be recognised in the generated data. To

address the problem of LSRO, In this thesis, such differences are embedded in the

virtual labels of corresponding generated data by adopting proper weighing. That

is, the proposed MpRL uses different weights from predefined training classes (see

Sec. 3.2.2). In experiments, this thesis observes that the proposed MpRL can out-

perform the state-of-the-art LSRO method on three large and two small-scale person

re-ID datasets (see Sec. 3.4.6).

Through the above discussion, Tab. 3.1 summaries the properties between the

proposed MpRL and other labels. The proposed MpRL takes the advantages of all

properties and achieves a better performance than others. The numerical evidences

which show the superiority of MpRL are presented in Sec. 3.4.

3.4 Experiments

In this section five person re-ID datasets are used to verify the effectiveness of

the proposed MpRL, including three large-scale datasets (Market-1501 (Zheng et al.,
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2015), DukeMTMC-reID (Zhedong et al., 2017), and CUHK03 (Li et al., 2014)) and

two small-scale datasets (VIPeR (Gray and Tao, 2008) and CUHK01 (Li et al.,

2012)). The proposed MpRL is mainly evaluated using Market-1501 and VIPeR

since they have different scales of data volumes.

3.4.1 Person Re-ID Datasets

Market-1501 is collected from six cameras in Tsinghua University. It contains

12,936 training images and 19,732 testing images. The number of identities is 751

and 750 in the training and testing sets respectively. There is an average of 17.2

images per training identity. All pedestrians are detected by the Deformable Part

Model (DPM) (Felzenszwalb et al., 2010). Both single and multiple query settings

are used.

DukeMTMC-reID is collected from eight cameras. The original dataset is

used for cross-camera multi-target pedestrian tracking (Ristani et al., 2016). The

re-ID version benchmark (Zhedong et al., 2017) is used for evaluation. It contains

1,404 identities in which 702 identities for training and the remaining 702 identities

for testing. The total training images are 16,522. In the testing set, one query image

for each identity is picked up in each camera and put the remaining images in the

gallery. There are 2,228 query images and 17,661 gallery images for the 702 testing

identities.

CUHK03 is captured by six cameras on the CUHK campus. It contains 14,097

images of 1,467 identities, and each identity is observed by two disjoint camera views.

There is an average of 9.6 training identity images in this set. CUHK03 contains

two image settings: one is annotated by hand-drawn bounding boxes, and the other

is produced by the DPM (Felzenszwalb et al., 2010). The detected bounding boxes

and the single query setting are used in experiments.

VIPeR is a small-scale dataset that only contains 632 identities. Each identity



46

has two images which are observed by two different camera views. There are 1,264

images in which half identities are for training and the remaining is for testing.

CUHK01 has 971 identities, each with four images captured from two disjoint

camera views. There are totally 3884 images. Two different settings can be found

on this dataset: 1) 871 identities for training, and 2) 485 identities for training. The

latter one is chosen to verify the effectiveness of the proposed approach since the

scale of training data is much more limited than the former one. The multiple query

setting is used in testing.

3.4.2 Experimental Setup

GAN Models for Generating Data

GAN simultaneously trains two models: a generator that simulates the distribu-

tion of real data, and a discriminator that estimates the probability that a image

comes from the real data set rather than the generator (Goodfellow et al., 2014).

The DCGAN model (Radford et al., 2015) is used that follows the same settings

in (Zhedong et al., 2017) for fair experimental comparisons. For the generator,

100-dim random noise is fed into a linear function to produce a tensor with size of

4 × 4 × 16. Then, five deconvolutional functions with a kernel size of 5 × 5 and a

stride of 2 are used to enlarge the tensor. A rectified linear unit and batch normal-

ization are used after each deconvolution. Also, one deconvolutional layer with a

kernel size of 5 × 5 and a stride of 1 are added to fine-tune the result followed by

a tanh activation function. Finally, 128 × 128 × 3 sized images can be generated.

The input of the discriminator includes generated and real data. Five convolutional

layers are used to classify whether the generated image is fake with a kernel size of

5 × 5 and a stride of 2. In the end, a fully-connected layer is added to perform a

binary classification.

The Tensorflow (Abadi et al., 2016) and DCGAN packages are used to train
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(a) Market-1501. (b) DukeMTMC. (c) CUHK03. (d) VIPeR. (e) CUHK01.

Figure 3.4 : Examples of generated (by DCGAN (Radford et al., 2015)) and real

person images. (a)-(d) show the generated person images (first two rows) and real

person images (the third row) on Market-1501, DukeMTMC-reID, CUHK03, VIPeR,

and CUHK01, respectively. Note that all fake images do not belong to any of IDs

in real data.

the GAN model. All images are resized to 128 × 128 and randomly flipped before

training. The adam stochastic optimization (Kingma and Ba, 2014) is used with

parameters β1 = 0.5, β2 = 0.99. The training stops after 30 and 60 epochs on

large and small-scale re-ID datasets respectively. During testing, a 100-dim random

vector ranged in [-1, 1] with Gaussian distribution is fed into the GAN to generate

a person image. Finally, all generated data are resized to 256×256 and will be used

to train CNN models with the proposed MpRL.

Fig. 3.4 illustrates the generated and real data on the five different re-ID datasets.

For each dataset, it can observe that all generated images have similar visual style

comparing with real data. Although the generated data can be easily recognized as

fake by human, they remain effective in improving the performance by adding the

proposed MpRL as virtual labels in experiments. Note that these generated images

are employed to improve the performance of CNN models by its regularization power

instead of providing more actual subjects beyond the scope of the raw dataset only
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with real images in training. The DCGAN we used for the data generation task

can only ensure the overall distribution of fake data being close to the real data.

Therefore, each generated image does not belong to any of IDs in the real data.

The proposed MpRL virtual label will be assigned to these generated data during

training (refer to Sec. 3.2).

Performance Evaluation on Person Re-ID

Two CNNs are adopted to evaluate the proposed MpRL. These two networks

have been used to evaluate the performance of the all-in-one, one-hot pseudo, and

LSRO labels in (Zhedong et al., 2017). The first is an Identif network (Zheng

et al., 2016a,b) that takes person re-ID as a multi-classification task according to the

number of predefined training classes in the real data domain. The Identif network

is used as a baseline when only the real data is used. Furthermore, to compare the

performance of different virtual labels, generated images are incorporated into real

images as inputs. The second one is a Two-stream network (Zheng et al., 2018)

that combines the Identif network with a verification function to train the network.

Given two input images, the verification function will classify them into two classes

(belong to the same or different identities). This Two-stream network is used to

achieve better results by adding generated data in training. In the experiment,

both Identif and Two-stream networks use the pretrained resnet-50 (He et al., 2016)

as the backbone. The last fully-connected layer is changed to have K neurons to

predict K classes, where K is the number of predefined training classes. Since there

is no need to add any extra class for generated data by using the proposed MpRL,

the last fully-connected layer remains K neurons in training.

Fig. 3.5(a) and Fig. 3.5(b) respectively show the Identif and Two-stream net-

works. MpRLs are assigned to generated data when they are fed into the network.

In the Two-stream network, squared Euclidean distance is used as a similarity mea-
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Figure 3.5 : (a) is the Identif network presented in (Zheng et al., 2016a,b), (b)

is the Two-stream network introduced in (Zheng et al., 2018). Both networks use

resnet-50 as a basic component of CNN.

sure between two outputs of the K neurons, and parameters are shared between the

two resnet-50 components. Since generated images are unlabeled data that do not

belong to any classes, only real images participate in the verification function.

The Matconvnet (Vedaldi and Lenc, 2015) package is used to implement the

Identif network and the Two-stream network. All images are resized to 256 × 256

before being randomly cropped into 224 × 224 with random horizontal flipping.

A dropout layer is inserted before the final convolutional layer of the resnet-50.

The dropout rate is set to 0.75 for Market-1501 and DukeMTMC-reID, and 0.5 for

CUHK03, VIPeR, and CUHK01. The fully-connected layer of resnet-50 is modified

to have 751, 702, 1,367, 316 and 485 neurons for Market-1501, DukeMTMC-reID,

CUHK03, VIPeR, and CUHK01 respectively. For the verification function in the

Two-stream network, a dropout layer with a rate of 0.9 is adopted after the similarity

measure. Stochastic gradient descent is used on both networks with momentum

0.9. The learning rate is set to 0.1 and decay to 0.01 after 40 epochs, and the
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Table 3.2 : Performance of the Identif and Two-stream networks. Only the real

images are used. Rank-1 accuracy and mAP are listed.

Dataset CNN mAP rank-1

Market-1501

Identif (Zheng et al., 2016a,b) 52.68% 74.08%

Two-stream (Zheng et al., 2018) 64.09% 81.83%

DukeMTMC-reID

Identif (Zheng et al., 2016a,b) 42.20% 61.94%

Two-stream (Zheng et al., 2018) 51.04% 72.62%

CUHK03

Identif (Zheng et al., 2016a,b) 68.36% 63.10%

Two-stream (Zheng et al., 2018) 85.20% 81.88%

VIPeR

Identif (Zheng et al., 2016a,b) 46.38% 40.76%

Two-stream (Zheng et al., 2018) 59.38% 51.84%

CUHK01

Identif (Zheng et al., 2016a,b) 63.60% 65.33%

Two-stream (Zheng et al., 2018) 76.38% 77.78%

training stops after the 50-th and 60-th epochs on the Identif network and Two-

stream network, respectively. For the Identif network, the batchsize is set to 64.

For the Two-stream network, the batchsize is set to 32 and 48 on large and small-

scale re-ID datasets respectively. During testing, for both networks, a 2,048-dim

CNN embedding in the last convolutional layer of the resnet-50 is extracted. The

similarity between two images is calculated by a squared Euclidean distance before

ranking. Naturally, the small-scale dataset cannot train a network from the scratch.

In order to build certain initial network parameters, the three large scale re-ID

datasets are used to pretrain two evaluation CNN models (i.e., the Identif network

and the Two-stream network). Then, small datasets VIPeR and CUHK01 along

with the generated data are used to fine-tune the network.
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3.4.3 Baseline Performance

Using the experimental setup in Sec. 3.4.2, the Identif and Two-stream networks

are trained on Market-1501, DukeMTMC-reID, CUHK03, VIPeR and CUHK01, re-

spectively. Tab. 3.2 shows the experimental results using the real data only. With

the Identif (Two-stream) network, the rank-1 accuracy achieves 74.08% (81.83%),

61.94% (72.62%), 63.10% (81.88%), 40.76% (51.84%), and 65.33% (77.78%) on

Market-1501, DukeMTMC-reID, CUHK03, VIPeR, and CUHK01, respectively. The

result shown in Tab. 3.2 is a baseline, and the goal is to improve the performance

of the two networks by using the proposed MpRL with generated data in training.

3.4.4 Performance Improved on The Identif Network by Using Gener-

ated Data

The result of the Identif network is given to evaluate the proposed MpRL.

Tab. 3.3 shows that when 24,000 GAN generated images are added to train the

Identif network on three large-scale datasets, the proposed dMpRL-II significantly

improves the re-ID performance on the strong baseline of Market-1501. The im-

provements are +5.91% (from 52.68% to 58.59%) and +6.29% (from 74.08% to

80.37%) in mAP and rank-1 accuracy, respectively. For DukeMTMC-reID, +6.38%

(from 42.20% to 48.58%) and +6.30% (from 61.94% to 68.24%) improvements are

obtained in mAP and rank-1 accuracy, respectively. For CUHK03, the improve-

ments are +5.12% (from 68.36% to 73.48%) and +5.58% (from 63.10% to 68.68%)

in mAP and rank-1 accuracy, respectively. The effectiveness of the proposed method

is also testified on two small-scale datasets, including VIPeR and CUHK01. +5.87%

(mAP) and +5.84% (rank-1) improvements can be observed on VIPeR by adding

1,200 generated images in training. Meanwhile, +2.77% (mAP) and +3.48% (rank-

1) improvements can be observed on CUHK01 by adding 4,000 generated images

in training. The above results indicate the proposed MpRL can effectively yield



52

Table 3.3 : Comparison between LSRO and dMpRL-II on five datasets. Identif

network is used by adding 24,000, 1,200, and 4,000 generated images on the three

large re-ID datasets, VIPeR, and CUHK01, respectively. The improvements is shown

in the italic and bold font by using LSRO and the proposed MpRL, respectively.

Dataset Method mAP rank-1

Market-1501

baseline 52.68% 74.08%

LSRO (Zhedong et al., 2017) 56.33% 78.21%

Improvement +3.65% +4.14%

dMpRL-II 58.59% 80.37%

Improvement +5.91% +6.29%

DukeMTMC-reID

baseline 42.20% 61.94%

LSRO (Zhedong et al., 2017) 46.66% 66.92%

Improvement +4.46% +4.98%

dMpRL-II 48.58% 68.24%

Improvement +6.38% +6.30%

CUHK03

baseline 68.36% 63.10%

LSRO (Zhedong et al., 2017) 71.60% 66.30%

Improvement +3.24% +3.20%

dMpRL-II 73.48% 68.68%

Improvement +5.12% +5.58%

VIPeR

baseline 46.38% 40.76%

LSRO (Zhedong et al., 2017) 49.94% 43.57%

Improvement +3.56% +2.81%

dMpRL-II 52.25% 46.60%

Improvement +5.87% +5.84%

CUHK01

baseline 63.60% 65.33%

LSRO (Zhedong et al., 2017) 64.47% 66.98%

Improvement +0.87% +1.65%

dMpRL-II 66.37% 68.81%

Improvement +2.77% +3.48%
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improvements over the baseline on both large and small-scale re-ID datasets.

3.4.5 Performance Evaluation under Different Implementations of MpRL

Three different implementations are used in experiments to demonstrate the ef-

fectiveness of the proposed MpRL (see Sec. 3.2.2). This experiment is conducted

using the Identif network. Tab. 3.4 gives performance the comparison on Market-

1501. It is observed that by dynamically updating the likelihood of the affiliation

of the generated data to predefined training classes in training, dMpRL-I (+4.74%

and +4.87% improvements in mAP and rank-1 accuracy respectively) and dMpRL-

II (+5.91% and +6.29% improvements in mAP and rank-1 accuracy respectively)

achieve better improvements compared with the sMpRL (+3.08% and +4.77% im-

provements in mAP and rank-1 accuracy respectively). This is because when dis-

criminative ability of the network getting better and better during training, MpRL

assigned to each generated data will be more and more robust. Also, compared

with dMpRL-I, dMpRL-II achieves better improvement when the network becomes

relatively stable after 20 training epochs.

3.4.6 Comparison with Existing Virtual Labeling Approaches

The proposed MpRL is compared with other three existing competitive virtual

labels: all-in-one, one-hot pseudo, and LSRO. Amongst them, LSRO (Zhedong et al.,

2017) is the state-of-the-art method using generated data for person re-ID. Tab. 3.4

provides the comparison results. Different number of generated data is used in

training to show the different performance. By adding 30,000 and 18,000 generated

images, the all-in-one achieves the best improvements in mAP (+3.51%) and rank-

1 accuracy (+3.32%), respectively. The one-hot pseudo achieves +4.22% (mAP)

and +3.87% (rank-1) improvements when 24,000 and 30,000 generated images are

respectively added. Compared with them, LSRO obtains a better rank-1 accuracy

improvement (+4.13%) when adding 24,000 generated images. However, the im-
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Table 3.4 : Comparison of all-in-one, pseudo, LSRO, and MpRLs under different

numbers of generated data on Market-1501 by using the Identif network. The best

improvement of different methods is highlighted in bold. Rank-1 accuracy and mAP

are shown.

#GAN Img
All-in-one Pseudo LSRO

mAP rank-1 mAP rank-1 mAP rank-1

0 (base) 52.68% 74.08% 52.68% 74.08% 52.68% 74.08%

12000 55.68% 76.96% 55.69% 76.52% 55.22% 77.17%

18000 55.59% 77.40% 56.04% 77.95% 55.28% 76.96%

24000 56.07% 77.21% 56.90% 77.62% 56.33% 78.21%

30000 56.19% 77.17% 56.54% 77.95% 55.40% 77.46%

36000 55.24% 75.92% 56.38% 77.42% 55.82% 77.91%

48000 53.98% 75.16% 55.86% 76.72% 54.87% 76.90%

Improvement +3.51% +3.32% +4.22% +3.87% +3.65% +4.13%

#GAN Img
sMpRL dMpRL-I dMpRL-II

mAP rank-1 mAP rank-1 mAP rank-1

0 (base) 52.68% 74.08% 52.68% 74.08% 52.68% 74.08%

12000 55.27% 77.73% 55.84% 77.88% 58.14% 79.22%

18000 55.05% 77.73% 56.21% 78.36% 58.31% 79.81%

24000 55.59% 78.85% 56.10% 77.79% 58.59% 80.37%

30000 55.76% 77.82% 57.15% 78.65% 57.69% 79.16%

36000 55.45% 78.32% 57.42% 78.95% 57.61% 79.90%

48000 55.02% 77.45% 56.01% 77.57% 57.03% 78.73%

Improvement +3.08% +4.77% +4.74% +4.87% +5.91% +6.29%
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provement of mAP (+3.65%) is slightly less than the one-hot pseudo. In this exper-

iment, the same generated data are used for different methods; the improvements are

similar to the result reported in (Zhedong et al., 2017). Although the improvement

of mAP (+3.08%) is less than other virtual labels by using sMpRL, better rank-

1 accuracy improvements are obtained under all implementations of the proposed

MpRL (+4.77%, +4.87%, and +6.29%, respectively). dMpRL-I and dMpRL-II also

outperform other methods in mAP by +4.74% and +5.91% respectively. By adding

24,000 generated images, dMpRL-II improves the mAP and rank-1 accuracy of the

Identif network from 52.68% and 74.08% to 58.59% and 80.37%, respectively. The

proposed method outperforms the previous state-of-the-art method LSRO to a cer-

tain degree (mAP: +3.65%→ +5.91%, rank-1 accuracy: +4.13%→ +6.29%). It

can be observed that when 12,000 generated images are used, there is limited reg-

ularization capability to improve the re-ID performance for different virtual labels.

Meanwhile, if too many generated images are added in training, e.g., 48,000, the

performance is dropped since the network tends to converge towards the generated

data instead of real data. To balance the number of generated data in training, it

is empirically set to 24,000 over the three large-scale datasets.

In Tab. 3.4, it is clear to see that the multi-association-value label (LSRO and

MpRL) can always outperform the one-hot binary label (all-in-one and pseudo) in

the rank-1 accuracy. The reason can be found in Sec. 3.3.1. Besides, it is also ob-

served that compared with the way using the single unified label, assigning multiple

different labels to generated data can achieve better results (i.e., MpRL vs. LSRO

and pseudo vs. all-in-one). The reason can be found in Sec. 3.3.2.

To further evaluate the performance of the proposed MpRL, it is also evaluated

on two small-scale re-ID datasets. Tab. 3.5 lists the result on VIPeR. The proposed

dMpRL-II improves the mAP and rank-1 accuracy on this dataset by +5.87% and

+5.84% respectively when adding 1,200 generated images in training, and outper-
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Table 3.5 : Comparison of LSRO and the proposed dMpRL-II under different num-

bers of generated data on VIPeR with the Identif network. The best improvement

of different methods is highlighted in bold. Rank-1 accuracy and mAP are listed.

#GAN Img
LSRO (Zhedong et al., 2017) dMpRL-II

mAP rank-1 mAP rank-1

0 (base) 46.38% 40.76% 46.38% 40.76%

600 48.98% 42.80% 48.59% 42.61%

1200 49.94% 43.57% 52.25% 46.60%

1800 49.41% 43.39% 50.51% 44.24%

2400 45.95% 40.65% 49.36% 43.77%

12000 43.34% 37.12% 44.25% 37.66%

Improvement +3.56% +2.81% +5.87% +5.84%

forms the LSRO method. Since VIPeR is a small dataset (only 632 images for

training), adding too many generated images, e.g., 12,000 leads to inferior results.

Therefore, the number of generated data is set to approximate double than that

of the number of real data on small datasets. Specifically, 1,200 and 4,000 gener-

ated images are used for VIPeR and CUHK01, respectively. The result on VIPeR is

mainly reported by changing the number of generated data. The results of CUHK01

can be found in Tab. 3.3 and 3.7.

Using the Identif network, Tab. 3.3 shows comparison results between the pro-

posed dMpRL-II and LSRO on three large-scale datasets by adding 24,000 generated

images. Also, two small-scale datasets are used to evaluate the proposed method

by adding 1,200 and 4,000 images respectively. By using different weights from pre-

defined training classes, dMpRL-II can always outperform previous state-of-the-art

virtual label LSRO over the five datasets. The reason can be found in Sec. 3.3.3.
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(a) Market-1501. (b) DukeMTMC-reID. (c) VIPeR.

Figure 3.6 : Examples of generated and real person images. (a)-(c) show the gen-

erated person images (first two rows) and real person images (the third row) on

Market-1501, DukeMTMC-reID, and VIPeR respectively. Images in the first and

second rows are respectively generated by the WGAN-GP (Gulrajani et al., 2017)

and the DCGAN (Radford et al., 2015).

3.4.7 Performance Evaluation by Using Different GAN Models

In addition to the DCGAN, other GAN models such as WGAN-GP (Gulrajani

et al., 2017) has demonstrated its superior in generating high quality person im-

ages. Thus, data generated by WGAN-GP are also used in experiments. Then, the

relationship between the quality of generated images and the proposed MpRL can

be testified by using different GAN models. In this experiment, two large and one

small-scale datasets are used individually to generate images. Fig. 3.6 shows the gen-

erated data by using different GAN models. It can be observed that the WGAN-GP

exhibits better capability of generating person images on these datasets. In order

to verify the impacts of image quality created by different GAN approaches, the

proposed MpRL is evaluated on the two different generated data sets. Tab. 3.6 lists

the comparison results. It is observed that by using generated data with different

quality through different GAN approaches, the re-ID performance is not significantly

affected. This is because these generated data are employed to improve the perfor-

mance of CNN models by its regularization power instead of providing more actual
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Table 3.6 : Comparison between using generated data by DCGAN and WGAN-GP.

Two approaches are used, including LSRO and the proposed dMpRL-II. Experi-

ments conducted on three datasets: Market-1501, DukeMTMC-reID, and VIPeR.

Rank-1 accuracy and mAP are listed.

Method

Market-1501

DCGAN WGAN-GP

mAP rank-1 mAP rank-1

LSRO (Zhedong et al., 2017) 56.33% 78.21% 55.53% 78.32%

dMpRL-II 58.59% 80.37% 59.04% 79.75%

DukeMTMC-reID

LSRO (Zhedong et al., 2017) 46.66% 66.92% 46.79% 66.97%

dMpRL-II 48.58% 68.24% 49.30% 68.76%

VIPeR

LSRO (Zhedong et al., 2017) 49.41% 43.39% 48.47% 43.14%

dMpRL-II 52.25% 46.60% 52.16% 46.39%

subjects beyond the scope of the raw dataset in training. Therefore, better gener-

ated data can bring superior perceptual quality but cannot dramatically boost the

effectiveness of regularizer although some marginal improvements can be observed.

3.4.8 Performance Comparison with The State-of-The-Art Methods

Although the main contribution in this thesis focuses on using the generated data

to improve the performance of CNNs, but not on producing a state-of-the-art result,

a comparison is still conducted with several state-of-the-art methods. Tab. 3.7 lists

the comparison results. It is clear to see that although the performance of the origi-

nal Two-stream network is competitive, it still be inferior to many methods such as

Resnet+OIM (Xiao et al., 2017), SSM (Bai et al., 2017), JLML (Li et al., 2017b),

SVDNet (Sun et al., 2017), and PDC (Su et al., 2017). However, by incorporating
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Table 3.7 : Performance comparison with the published state-of-the-art methods.

The best and the second-best results are shown in bold and underline, respectively.

Rank-1 accuracy and mAP are listed. The ReK means re-ranking.
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with the proposed dMpRL-II, the Two-stream network achieves the state of the art

compared with other methods on Market-1501, DukeMTMC-reID, CUHK03, and

VIPeR. To achieve a better performance, after obtaining the rank list by sorting

the similarity of gallery images to a query, a re-ranking method (Zhong et al., 2017)

is adopted to further boost the performance of the proposed method. The combi-

nation of the dMpRL-II and re-ranking on the Two-stream network achieves the

best results on the three large-scale datasets. However, the re-ranking approach

cannot further improve the performance of the two small-scale datasets with limited

number of testing person identities. It is observed that the rank-1 accuracy of the

DPFL method (Chen et al., 2017b) proposed in the ICCV17 workshop is slightly

higher than result of the proposed method on Market-1501 (88.90% in single query

and 92.30% in multiple query). However, DPFL uses an ensemble deep model with

multiple granularity inputs for each image. The two-stream network used for eval-

uation just utilizes a single model and outperforms the DPFL on CUHK03 by a

large margin in mAP even without re-ranking (mAP: 87.53% vs. 78.10% (DPFL),

rank-1: 85.42% vs. 82.00% (DPFL)). Also, the performance of the Spindle (Zhao

et al., 2017a) approach is slightly higher than the proposed method on CUHK01

(79.90% vs. 78.83%). Since VIPeR and CUHK01 are two small-scale datasets, nine

different person re-ID datasets are used to pretrain the SpindleNet model and then

fine-tuning on the two small datasets respectively. The fine-tuning strategy is also

used on these two datasets, but only three datasets are involved in the pretraining

stage (see 3.4.2). Except for the CUHK01 dataset, the performance of the proposed

method outperforms the SpindleNet on the other small-scale dataset VIPeR and the

three large-scale re-ID datasets simultaneously.
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3.5 Conclusion

In this chapter, a new virtual label MpRL is proposed for the generated data by

GAN. To train a CNN, MpRL is used as virtual label assigned to generated data.

These data are used for semi-supervised learning. Two CNNs are adopted to show

the effectiveness of the proposed MpRL. Experiments demonstrate that generated

data can effectively improve the performance of the two CNNs trained with the pro-

posed MpRL. Compared with the previous state-of-the-art method LSRO (Zhedong

et al., 2017), MpRL can always achieve better improvements. In the future, consid-

ering the capability of GAN, the proposed virtual label will attempt to be applied

on unlabelled generated data for semi-supervised learning to other research fields.
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Chapter 4

Background Shift Issue in Cross-Domain ST-ReID

4.1 Motivation

Cross-domain ST-reID is an active research problem since the annotation of all

images in the target domain is expensive and infeasible (Yang et al., 2019b; Wu

et al., 2019a; Zhong et al., 2019; Song et al., 2019; Qi et al., 2019; Liu et al., 2019;

Li et al., 2019a; Chen et al., 2019c). Compared with conventional fully supervised

training re-ID task (Zheng et al., 2019, 2017b; Huang et al., 2018a, 2017b; Sun

et al., 2019; Yu et al., 2019b; Guo et al., 2019; Dai et al., 2019; Luo et al., 2019;

Chen et al., 2019a,b; Zhou et al., 2019), cross-domain ST-reID is more challenging

due to the large shift between training (i.e., source domain) and testing domains

(i.e., target domain) (Huang et al., 2019b). For instance, person images captured

from two different campuses have distinct illumination conditions and backgrounds

(e.g., Market-1501 (Zheng et al., 2015) and DukeMTMC-reID (Ristani et al., 2016;

Zheng et al., 2017b) datasets). Therefore, the shift between two domains becomes

large. Directly training a classifier from one dataset often produces a degraded

performance when testing is conducted on another dataset. Thus, it is important

to investigate solutions for such a cross-domain ST-reID issue.

Recent cross-domain ST-reID methods adopt (or resort to) Generative Adversar-

ial Network (GAN) to learn the domain variations through data transformation (Bak

et al., 2018; Deng et al., 2018; Wei et al., 2018a; Zhong et al., 2018b; Qi et al., 2019;

Liu et al., 2019; Li et al., 2019a; Chen et al., 2019c). These methods may perform

well in certain cases (i.e., domain/camera style change) by transferring person im-
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ages from the source domain and keeping their identities while presenting similar

styles (e.g., backgrounds, lightings, etc.) with person images in the target domain.

However, these methods do not consider another factor which is a significant con-

tributor causing differences between domains. That is background information. For

instance, when a network is trained based on limited background information pre-

sented in a source domain, such a network may not well distinguish essential pedes-

trian features against noise caused by background variations in a target domain.

Unfortunately, backgrounds in the target domain are normally very different from

the source domain. This chapter formulates this issue as a background shift issue

that may significantly degrade the overall performance of cross-domain ST-reID.

One possible solution to sort out the background shift issue is to remove back-

grounds using foreground masks in a hard manner directly (i.e., applying the bi-

nary masks on original images) (Farenzena et al., 2010; Huang et al., 2016; Song

et al., 2018; Tian et al., 2018). However, it is observed that methods, such as JPP-

Net (Liang et al., 2018) and Mask-RCNN (Abdulla, 2017; He et al., 2017), specif-

ically being designed for removing the background, may damage the foreground

information too. By simply removing backgrounds, this hard manner solution does

improve the performance of cross-domain ST-reID to a certain extent. At the same

time, it can be seen that this is still an open problem. “Is there a way to better

suppress background shifts to improve cross-domain ST-reID performance?” This

chapter makes the first effort to generate images where backgrounds are mitigated

moderately instead of being completed removed in a hard manner.

To address the problem above, a Suppression of Background Shift Generative

Adversarial Network (SBSGAN) is proposed. Compared with hard-mask solutions,

images generated by the proposed SBSGAN can be regarded as foreground images,

where the background is suppressed moderately. The generated images by SBSGAN

can also be called soft-mask images. In addition, previous works (Deng et al.,
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Original Images

Market1501 DukeMTMC-reID

General Style Transfer (SPGAN)

Large BG noise + Large BG shift
General Style Transfer (PTGAN)

Large BG Noise + BG Shift

Removing BG by JPPNet

Badly Damaged FG

Soft-Mask 
Images (Generated by 

SBSGAN)

Large BG Noise 
BG Shift

Badly Damaged FG

Figure 4.1 : Comparison between different input images for cross-domain ST-reID.

Images from Market-1501 and DukeMTMC-reID show distinct background shift.

Images generated by SPGAN (Deng et al., 2018) and PTGAN (Wei et al., 2018a)

do not suppress the background noise and have the background shift problem. The

hard-mask solution, i.e., JPPNet (Liang et al., 2018) damages the foreground. The

proposed SBSGAN considers all the impact.

2018; Wei et al., 2018a) show that keeping certain style consistency between data of

different domains (i.e., domain style transfer) can improve the performance of cross-

domain ST-reID. Such an idea is integrated into SBSGAN to reduce the domain shift

further. Fig. 4.1 shows images selected from two different person re-ID datasets.

The backgrounds are very different. A model trained on one dataset may easily be

biased on another one due to the background shift problem mentioned above. Images

generated by recent cross-domain ST-reID approaches, such as SPGAN (Deng et al.,

2018) and PTGAN (Wei et al., 2018a), still present some undesirable results. If

foreground masks obtained by JPPNet (Liang et al., 2018) is directly used to zero

out backgrounds, the foreground can be badly damaged by the noisy masks. On the

contrary, every pixel in the generated images is preserved in a soft manner. Fig. 4.1
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shows that SBSGAN can generate better images and further reduce the domain

differences caused by background shifts.

In order to well utilize the generated foreground information and integrate useful

ID-related cues from context into the network, a Densely Associated 2-Stream (DA-

2S) network is proposed. This work argues that certain context information, e.g.,

companions and vehicles in the background, can provide ID-related cues. Both

images with suppressed backgrounds (generated by the proposed SBSGAN) and the

original images with full backgrounds are respectively fed into two individual streams

of DA-2S. Unlike previous 2-stream methods (e.g., (Ahmed et al., 2015; Chen et al.,

2018; Zheng et al., 2018)), this chapter proposes Inter-Stream Densely Connection

(ISDC) modules as new components between two streams of DA-2S. With ISDCs,

the relationship between two streams can be enhanced by signals coming from two

streams in training.

Although SBSGAN is able to mitigate the background shift and thus to reduce

the shift between data in source and target domains, so far, the proposed DA-

2S is not able to fully explore the data in a target domain for training because

this target domain does not has label information for each image in the training

set. To learn more discriminative ID features, this chapter makes use of data in a

target domain as training data with assigned virtual labels to further update DA-

2S. Inspired by recently published cross-domain ST-reID works (Fan et al., 2018;

Song et al., 2020; Fu et al., 2019; Zhang et al., 2019b), unsupervised clustering

methods (i.e., DBSCAN (Ester et al., 1996)) are used to assign virtual labels to the

unlabelled target domain training images. Specifically, the proposed DA-2S network

is first pretrained with labelled images from a source domain. However, unlike (Fan

et al., 2018; Song et al., 2020; Fu et al., 2019; Zhang et al., 2019b) which use raw

data from the source domain to pretrain a re-ID model, the proposed method uses

background suppressed images generated by the proposed SBSGAN, which have less
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domain shift. Then, such a pretrained DA-2S network is used to extract features

of each training image in the target domain. DBSCAN is used to classify these

unlabelled images into different clusters. Each unlabelled training image in the

target domain is assigned a virtual ID label according to the corresponding cluster.

It is clear that the effectiveness of virtual label estimation highly depends on the

quality of the clustering result. Therefore, a Dynamic Clustering Confidence Value

(DCCV) is proposed for each image when it is selected to update the DA-2S network.

Specifically, given a cluster j, the mean value of features of every candidate image

in j is used as the density center of j. Then, all candidate images in j are used

to calculate the distance to the density center. The average distance is employed

as DCCV to measure the reliability of images in the corresponding cluster. All

images with DCCV<0 (close to the density center) are selected for DA-2S update;

the others are discarded. Once images in the target domain training set have proper

label information, they can be utilized to further update DA-2S previously trained

by source domain data only. During the update, the natural characteristics of target

domain data are explicitly considered into re-ID model (i.e., DA-2S) training. Thus,

performance can be further improved.

The contributions of this chapter are:

1) Background shift is comprehensively investigated to analyze its impact on

cross-domain ST-reID. An SBSGAN is proposed to make the first effort by gener-

ating soft-mask images in order to reduce the domain shift. In addition, compared

with previous methods, backgrounds are mitigated rather than completely removed

in the generated images.

2) A DA-2S CNN network with the proposed ISDC components is presented to

facilitate complementary information between the generated data and the ID-related

cues from the background.
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SBSGAN DA-2S

Virtual
Label

Estimation

Source

Target

Source
Soft-Mask

Target
Soft-Mask

Update

Repeat

Step 1
Step 2
Step 3

Pre-Train

Figure 4.2 : Pipeline of the proposed approaches.

3) Target domain training images can further update the pretrained DA-2S

network with estimated virtual labels produced by the DBSCAN clustering method.

DCCV is proposed to improve virtual label estimation quality.

4.2 Overview of The Proposed Approach

The proposed method can be divided into three steps. The first step is soft-

mask image generation to mitigate the domain shift by the proposed SBSGAN.

Then, in the second step, the generated source domain images with ground-truth

ID labels are used to pretrained the DA-2S re-ID model. In the third step, the

pretrained (or updated) DA-2S is utilized to extract features of each image in target

domain training set. The DBSCAN clustering method is adopted to classify these

features into different clusters. Virtual labels are assigned to images according to the

corresponding cluster. Finally, the images with virtual labels are used to update DA-

2S. The step three repeats several times until DA-2S can converge to an approximate

optimal solution. Fig. 4.2 illustrates the pipeline of the proposed approach.

The details of each step are introduced from Sec. 4.3 to Sec. 4.4, respectively.

Specifically, the SBSGAN for soft-mask image generation is introduced in Sec. 4.3

(step 1). The details of the DA-2S network and the pretraining DA-2S model using

labelled source domain data are given in Sec. 4.4.1 (step 2). Virtual label estimation
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for the target domain training data and DA-2S update are presented in Sec. 4.4.2

(step 3).

4.3 SBSGAN for Generating Soft-Mask Image

The generator (G) of SBSGAN is adopted based on (Zhu et al., 2017). Given an

input image, two down-sampling convolutional layers are used followed by six resid-

ual blocks (He et al., 2016) in G. Unlike (Zhu et al., 2017), two branches (without

parameters sharing) are respectively used to generate soft-mask and auxiliary style-

transferred images followed by the output of the last residual block. Each branch

contains two up-sampling transposed convolutional layers with a stride of 2. For the

discriminator (D), the PatchGAN (Isola et al., 2017; Zhu et al., 2017) structure is

used without any change.

There are two tasks in G. The main task is to generate soft-mask images

with suppressed backgrounds. The auxiliary task is to generate inter-domain style-

transferred images (retain background) to normalize the style of soft-mask images

across domains. D is used to distinguish the real against fake images and classify

these images to their corresponding domains. Fig. 4.3 shows the proposed SBSGAN.

Specifically, given an input image (e.g., IDs) from a source domain Ds, G can

generate its corresponding soft-mask image ID̄ by G(IDs , D̄) → ID̄. G takes both

image (e.g., IDs) and indicator (e.g., D̄, refer to Sec. 4.3.2) as inputs. In addition, G

can also transfer the style of IDs to a target domain Dk (k 6= s) via G(IDs ,Dk)→ IDk
.

The proposed SBSGAN is able to support multi-domain data as inputs. If there are

K domains in training, then all IDk
(k ∈ [1, K]∩ k 6= s) and the input image IDs are

used to normalize the style of ID̄, ensuring the style of ID̄ is consistent across all the

K domains.
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Figure 4.3 : Overview of SBSGAN. Three domains are used as an example. (a) shows

the training process of the generator G. Given an input image from Domain1, G

can generate the corresponding soft-mask image and transfer the input image to

different domain styles (e.g., Domain1 to Domain2) according to the indicators.

The foreground mask is obtained by JPPNet. (b) All real and fake images are used

to minimize the adversarial loss and the domain classification loss in D.
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4.3.1 Objective Functions in SBSGAN

In order to achieve the function above, several loss functions are adopted to train

SBSGAN. There are four important losses in terms of the data generation, which

control four different things: color, content, background, and style consistency.

(1) ID Constraint Loss (color). Without any constraint, G may change the

color of generated style-transferred images when the style-transferred images are

directly applied to normalize the style of soft-mask images across multiple domains

(see Eq. 4.4). Therefore, in order to well preserve the color information of all gener-

ated style-transferred images, the ID Constraint (IDC) loss (Taigman et al., 2017)

is adopted to preserve the underlying color information of image for the auxiliary

style-transferred image generation. The IDC loss is defined as follows:

Lidc = EIDs ,Dk
[‖G(IDs ,Dk)− IDs‖1] . (4.1)

IDC enforces the similarity between the generated image G(IDs ,Dk) and the source

domain image IDs via L1 norm constraint.

(2) Reconstruction Loss (content). G can generate an input image to differ-

ent data according to the indicator it receives. However, there is no strong pixel-level

supervision to ensure this generation process sufficiently reliable. Therefore, a RE-

Construction (REC) loss is required to ensure the content consistency between an

input image and the corresponding generated image. REC is a conventional objec-

tive function for the domain-to-domain image style transfer when strong pixel-level

supervision is unavailable (Choi et al., 2018; Deng et al., 2018; Wei et al., 2018a;

Zhu et al., 2017). The REC loss is given as follows:

Lrec = EIDs ,Dk∨D̄
[∥∥G(G(IDs ,Dk ∨ D̄),Ds)− IDs

∥∥
1

]
, (4.2)

where ∨ is ‘or’ operator. By adopting REC, when soft-mask image (or style-

transferred image) is generated, it enforces the image content of foreground (or
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foreground+background) to be consistent with the corresponding real image. Only

the domain-related information in images is expected to be changed by the G.

(3) Background Suppression Loss (background). In order to generate

soft-mask images, a BackGround Suppression (BGS) loss is proposed to suppress

background in data generation. The BGS loss is formulated as follows:

Lbgs = EIDs ,D̄
[∥∥IDs �M(IDs)−G(IDs , D̄)

∥∥
2

]
. (4.3)

An auxiliary foreground mask M(IDs) produced by JPPNet (Liang et al., 2018)

is used to suppress the background of the input image IDs . L2 distance is applied

to minimize the loss. The mask produced by JPPNet contains certain segmentation

errors. The generated soft-mask image by the proposed SBSGAN is able to tolerate

(or refine) such segmentation errors during the data generation process.

(4) Style Consistency Loss (style consistency). With suppressed back-

ground, the domain shift can be reduced in the generated soft-mask images. In

order to further reduce the domain shift between target and source domain data, a

Style Consistency (SC) Loss is proposed to encourage the style of soft-mask images

to be consistent across all the input domains. The SC loss is given as follows:

Lsc = EIDs ,D̄,Dk
[
∥∥G(IDs , D̄)− IDs �M(IDs)

∥∥
1

+

K∑
k=1,k 6=s

∥∥G(IDs , D̄)−G(IDs ,Dk)�M(IDs)
∥∥

1
].

(4.4)

As shown in Fig. 4.3 (a), all style-transferred images (i.e., Domain1 to Domain2

and 3) and the original input image are used to encourage the style of G(IDs , D̄)

to be consistent across all three domains. Since the information of soft-mask im-

ages concentrates on the foreground, a foreground mask is imposed on IDs , and all

style-transferred images G(IDs ,Dk) in Eq. 4.4 are used to normalize the foreground

information of soft-mask image across all input domains.
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(5) Other Common Loss Functions. Besides the above-mentioned loss func-

tions, the conventional adversarial loss (Ladv) (Goodfellow et al., 2014) is added to

distinguish real and fake images in training. In addition, domain classification loss

Lrcls (Choi et al., 2018) is employed to classify the source domains of real images

for optimizing D, and Lfcls (Choi et al., 2018) is used to classify the target domains

of fake images for optimizing G. Since the style of ID̄ is normalized across all the

K domains, a uniform distribution (i.e., 1
K

) over the K domains is used as domain

label of ID̄ (refer to Fig. 4.3 (b)).

The overall objective functions of G and D are given as follows:

LD = Ladv + Lrcls, (4.5)

LG = Ladv + Lfcls + λrecLrec + λidcLidc + λbgsLbgs + λscLsc, (4.6)

where λ is hyper-parameter to control the contribution weights of different loss

functions. This chapter empirically sets λrec = 10 and λidc = λbgs = λsc = 5 in

experiments.

4.3.2 Indicators for Data Generation

The proposed SBSGAN supports multi-domain images as inputs. In experi-

ments, images from three domains (datasets) are used in training. When images

are fed into G, an indicator is concatenated after each image on the dimension of

channel to let G knows what types of image should be generated. A 3D tensor

D is used as the indicator. The height and width of D equal to the input image.

There are K channels in D. For the auxiliary style-transferred image generation, D

is denoted as Dk; all values in the k-th channel of Dk are set to 1, and other values

in the remaining K − 1 channels are set to 0. For the soft-mask image generation,

D is denoted as D̄; all values of D̄ are set to 1
K

.
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Figure 4.4 : Overview of DA-2S. In (a), ISDC, GAP, FC, and CE respectively rep-

resent Inter-Stream Densely Connection, Global Average Pooling, Fully-Connected

layer, and Cross-Entropy loss. ⊕ represents element-wise summation.

4.4 DA-2S

4.4.1 Initial DA-2S Training

One of the main contributions of this chapter is to deal with the cross-domain

ST-reID task based on the proposed inter-domain background shift suppression.

Moreover, in order to explore helpful ID-related background cues (i.e., context in-

formation), a DA-2S network is proposed. Besides foreground, the context informa-
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tion in the background, e.g., companions and vehicles, is also useful in cross-domain

ST-reID. The proposed DA-2S network is to enrich person representations by learn-

ing features from both foreground and background. Fig. 4.4 (a) shows the DA-2S

network. A pair of input images from the source domain (a soft-mask image and

its style-transferred image to the target domain) is fed into two ImageNet-trained

Densenet-121 (Huang et al., 2017a) networks (without parameters sharing). It can

be observed that the companion in white clothes is suppressed as background in

the soft-mask image. To use the companion as an ID-related cue presented in back-

ground, a style-transferred images (without background suppression) is fed into the

second stream. In order to learn the complementarity between two inputs, ISDC is

proposed and applied on the first pooling layer and also every Dense Block after.

Specifically, the input information of each ISDC module is accumulated from the

outputs of both streams as well as previous ISDC module. The output of each ISDC

module can be defined as:

OISDC
n = δ(F(y ·OISDC

n−1 ⊕ [OS1
n , O

S2
n ], {Wn})), (4.7)

where S1 and S2 respectively represent two streams, OS1
n and OS2

n are the outputs

of two streams after the first pooling layer or after each Dense Block, n ∈ [1, 4]

represents the index of ISDC modules, F is a CNN encoder parameterized by Wn,

⊕ is element-wise summation, [·] refers to concatenation along channel dimension, y

indicates whether this is the first (i.e., n = 1) ISDC module between two streams. If

n = 1, y = 0, it refers to the first ISDC module. If n ∈ [2, ..., 4], y = 1, element-wise

summation is used to transfer the knowledge from previous ISDC module to the

next one. δ denotes ReLU (Nair and Hinton, 2010). Also, Batch Normalization

(BN) (Ioffe and Szegedy, 2015) is used in front of each ReLU activation function.

The final output of two Densenet-121 backbone networks (after concatenation by

channel) is re-weighted using SEBlock (Hu et al., 2018a) to emphasize informative

features. The output of the last ISDC is directly connected to the re-weighted feature
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maps by an element-wise summation. Then, a Global Average Pooling (GAP) layer

is used followed by a fully-connected layer (FC1), BN, and ReLU. Another fully-

connected layer (FC2) is used with N neurons, where N is the number of training

identities. At last, a cross-entropy loss is adopted by casting the training process as

an ID classification problem.

Notably, instead of using ResNet-50, DenseNet-121 is adopted as the backbone

network of two streams in DA-2S because: 1) DenseNet-121 demonstrates similar

performance to ResNet-50 in some person re-ID models (e.g., the widely used IDE

person re-ID architecture (Zheng et al., 2016a; Deng et al., 2018; Zheng et al.,

2017b)), and 2) using DenseNet-121 is able to reduce the chance of over-fitting since

parameters of two streams in DA-2S are not shared, and the number of parameters

in DenseNet-121 is three times less than ResNet-50.

4.4.2 DA-2S Update

In Sec. 4.4.1 a preliminary DA-2S is trained using labelled source domain data.

However, although the data distribution of inputs (i.e., the source domain data) of

DA-2S is already close to the target domain, it is still difficult to achieve good cross-

domain ST-reID performance without perceiving knowledge from the target domain.

That is, when DA-2S is pretrained, only data from the source domain is adopted.

In this case, if there are some identities with yellow clothes in the target domain,

DA-2S may not learn (or perceive) features from the yellow clothes when there is no

identity of yellow clothes in the source domain. Consequently, the discriminability of

the pretrained DA-2S is limited. To sort out this problem, this chapter encourages

DA-2S to learn more characteristics from the target domain. The details of learned

knowledge (or natural characteristic) from the target domain onto the pretrained

DA-2S network are introduced in this section.
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Virtual Label Assignment for Unlabelled Data on Target Domain

In order to learn knowledge from a target domain, the pretrained DA-2S network

is used to extract features of training images from each target domain. The features

f txy (as shown in Fig. 4.4 (b)), which contains knowledge from both foreground and

ID-related background information, are used as deep representations of images in

the target domain. The extracted target domain features are denoted as follows:

F txy =
{
f
txy
1 , f

txy
2 , ..., f

txy
Nt

}
, (4.8)

where Nt is the number of training images in the target domain.

Then, unsupervised clustering is employed to classify these deep representations

into different clusters. Because the number of IDs is unknown in the target do-

main (Ester et al., 1996), the DBSCAN (Ester et al., 1996) (as in (Song et al., 2020;

Fu et al., 2019; Zhang et al., 2019b)) is adopted for clustering since DBSCAN does

not require predefined number of clusters. After clustering, images which are not

classified as outliers (do not belong to any cluster) by DBSCAN are assigned with

virtual labels according to the clustering result:

XDt = {Ii : (yi ‖ −1)}Nt

i=1 , yi ∈ [1, ..., Nc] (4.9)

where XDt represents the training set of target domain with virtual labels, Nc is the

number of clusters. Each image Ii in XDt is assigned a virtual label yi ∈ [1, ..., Nc]

according to the cluster that Ii belongs to. If Ii does not belong to any cluster, it

is regarded as an outlier and is assigned a label -1. Images with label -1 do not

participate in DA-2S update.

Clustering Refinement

After clustering, a training set XDt from the target domain can be obtained,

where each image has a virtual label. However, since the effectiveness of virtual
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label estimation highly depends on the quality of clustering result, Dynamic Clus-

tering Confidence Value (DCCV) is proposed to further refine the clustering result

dynamically after DBSCAN. The DCCV is used to select more reliable image sam-

ples in XDt , and discard samples with confidence value below the threshold. To

achieve this, first, the density center of each cluster is calculated. The density cen-

ter can be regarded as the mean value of feature vectors belonging to one specified

cluster. For instance, given all images that belong to a cluster j, the density center

f txy(j) of cluster j can be formulated as follows:

f txy(j) =

∑Nt

i=1[f
txy
i · (yi == j)]

N j
t

, (4.10)

where N j
t is the total number of images that belong to the cluster j. If yi == j,

(yi == j) = 1, otherwise (yi == j) = 0.

Finally, given an image Ii of cluster j, DCCV calculates the average Euclidean

distance between each image of cluster j and the density center f txy(j). This average

distance is then used to compare the distance between Ii and f txy(j):

DCCV (Ii) =
∥∥∥f txy(j)− f txyi

∥∥∥
2
−∑Nt

i=1

[∥∥∥f txy(j)− f txyi

∥∥∥
2
· (yi == j)

]
N j
t

.

(4.11)

According to the definition of DCCV, if DCCV (Ii) => 0, Ii is far away from its

density center comparing with other samples of cluster j. Thus, Ii is regarded as

an unreliable sample, and its virtual label is then set to -1. That is, this sample is

regarded as an outlier. Consequently, this sample Ii does not participate in the DA-

2S update. If DCCV (Ii) < 0, Ii is close to its density center. Therefore, Ii along

with its virtual label are used for DA-2S update. Fig. 4.5 illustrates the function of

DCCV. It can be observed that, after DCCV, some unreliable samples in different

clusters are marked as outliers. The remaining samples are used for updating the

pretrained DA-2S model.
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DCCV

Outlier
Outlier after DCCV

Three different clusters
Density center of each cluster

Figure 4.5 : The effectiveness of DCCV. Some samples become outliers after clus-

tering (left figure). After conducting DCCV, unreliable samples that are far from

their density centers are marked as outliers (right figure).

Loss Function for DA-2S Update

After DBSCAN and clustering refinement, preliminary Nc clusters (refer to

Sec. 4.4.2 and 4.4.2) are obtained. These clustering IDs are assigned to images

on the target domain as the virtual labels. However, the actual number of person

IDs may not be Nc. Therefore, DA-2S is updated Niter times until it reaches an ap-

proximate optimal solution. During every update, Nepoch training epochs are used,

and Nc is progressively updated when DBSCAN is carried out every time. Since

Nc is updated every time, as in (Fan et al., 2018; Song et al., 2020; Fu et al., 2019;

Zhang et al., 2019b), the batch-hard triplet loss (Hermans et al., 2017) is used to
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update the DA-2S network without a fixed ID number.

Lt(f) =
P∑
i=1

Q∑
a=1

[α +

hardest positive︷ ︸︸ ︷
max

pos=1...Q
‖fi,a − fi,pos‖2

− min
neg=1...Q

j=1...P
j 6=i

‖fi,a − fj,neg‖2

︸ ︷︷ ︸
hardest negative

]+,
(4.12)

where P and Q represent the number of clusters (IDs) and instances of each cluster in

a training minibatch, respectively. Thus, the batchsize is P×Q. f represents feature

used to calculate the distance between an anchor sample fi,a and the corresponding

hardest positive (negative) sample fi,p (fi,n). Finally, for the target domain inputs

to DA-2S, features extracted from the soft-mask image (i.e., f tx), the corresponding

original image (i.e., f ty), and their joint output (i.e., f txy) are used to calculate the

batch-hard triplet loss as follows:

Ljoint = Lt(f
tx) + Lt(f

ty) + Lt(f
txy). (4.13)

Three different features can refer to Fig. 4.4 (b).

4.5 Experiments

In this section, comprehensive evaluations (qualitative and quantitative) are car-

ried out to verify the effectiveness of the proposed SBSGAN and the DA-2S network

for cross-domain ST-reID. The effectiveness of soft-mask images generated by SBS-

GAN and virtual label assignment to target domain data are verified qualitatively.

The performance of DA-2S for cross-domain ST-reID is evaluated quantitatively.

The experiments are mainly conducted on Market-1501→ DukeMTMC-reID (us-

ing Market-1501 (Zheng et al., 2015) for training and DukeMTMC-reID (Ristani

et al., 2016; Zheng et al., 2017b) for testing), since both datasets have fixed train-

ing/testing splits. In addition, other results are given on three widely used person
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re-ID datasets, including Market-1501 (Zheng et al., 2015), DukeMTMC-reID (Ris-

tani et al., 2016; Zheng et al., 2017b), and CUHK03 (Li et al., 2014).

4.5.1 Datasets for Evaluations

Market-1501 is collected from six cameras in Tsinghua University. It contains

751 IDs with 12,936 images for training. The average training images per ID is 17.2,

making it a widely used large person re-ID dataset. The test set contains 750 IDs

with 3,368 query images and 19,732 gallery images.

DukeMTMC-reID is collected from eight cameras in Duke University. The

original dataset is used for multi-target pedestrian tracking (Ristani et al., 2016).

Its re-ID version is used here for evaluation (Zheng et al., 2017b). This dataset

contains 702 IDs with 16,522 images for training. Another 702 IDs are used for

testing. In the testing set, there are 2,228 query images and 17,661 gallery images.

CUHK03 is captured by six cameras in CUHK. It contains 1,467 IDs with

14,097 images in total. The CUHK03 dataset contains two image settings: one is

annotated by hand-drawn bounding boxes, the other one is produced by the DPM

detector (Felzenszwalb et al., 2010). Only the detected images are used in the

experiment, which is more challenging.

4.5.2 Evaluation Criteria

All query images are used to retrieve corresponding person images in the galley

set. Single-query evaluation is adopted. The conventional rank-n accuracy and

mean Average Precision (mAP) are used as evaluation criteria (Zheng et al., 2015).

4.5.3 Implementation Details

SBSGAN. All images of three datasets (K = 3) are used to train the proposed

SBSGAN. Only domain labels are used for training. Input images and their corre-
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sponding body masks are resized to 256×128. Adam (Kingma and Ba, 2014) is used

with β1 = 0.5 and β2 = 0.999. The batchsize is set to 16. To train G, K+1
16

images of

each minibatch are randomly selected for soft-mask image generation as well as the

auxiliary style-transferred image generation. The remaining images in a minibatch

are used for the general style transfer to stabilize the data generation performance

in G. The learning rate is initially set to 0.0001 for both G and D, and the model

stops training after 5 epochs. One G update is performed after five D updates as

in (Gulrajani et al., 2017). In testing, an indicator (i.e., D̄) and an original image

(i.e., IDs) are concatenated for the soft-mask image generation. Notably, there is no

need to use any foreground or body mask in testing.

Initial DA-2S Training. Both soft-mask and style-transferred images (to the

target domain) are used to pretrain DA-2S (refer to Sec. 4.4). The soft-mask images

are generated by the proposed SBSGAN. PTGAN (Wei et al., 2018a) is used to get

the general style-transferred images as the input to DA-2S. The batchsize is set to 50.

Input images are resized to 256× 128 with random horizontal flipping. The SGD is

used with momentum 0.9. The initial learning rate is set to 0.1, and decayed to 0.01

after 40 epochs. DA-2S stops training after the 60-th epoch. A reduction rate of 16

is used for SEBlock as in (Hu et al., 2018a). A dropout layer with the rate of 0.5 is

inserted after FC1 (see Fig. 4.4 (a)) to reduce the risk of over-fitting. The FC1 layer

has 512 neurons. According to the number of training identities, FC2 has 751, 702,

and 1,367 neurons when training is conducted on Market-1501, DukeMTMC-reID,

and CUHK03, respectively. For each convolutional layer of ISDC, kernel size=3,

and padding=1. In addition, stride=2 is used for the first three ISDC modules

and stride=1 for the last ISDC module. The number of channels is doubled by each

ISDC. Finally, 2,048 channels are obtained after four ISDC modules. The pretrained

DA-2S model is trained using labelled source domain data.

DA-2S Update. To update the pretrained DA-2S model, both original target
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domain training images and the corresponding soft-mask images are used as inputs

(refer to Sec. 4.4.2). The batchsize is set to 64 (16 IDs with 4 instances of each ID).

Thus, in Eq. 4.12 P = 16 and Q = 4. The input images are also resized to 256×128

with random horizontal flipping. During update, FC1, FC2, and the CE loss are

removed (see in Fig. 4.4 (a)). Other parts in the pretrained model are directly loaded,

including two Densenet-121 streams, ISDC modules, and SEBlock. The Niter = 30

and Nepoch = 120 (refer to Sec. 4.4.2). Thus, DBSCAN is conducted 30 times for

virtual label estimation, and for each time, 120 training epochs are executed. In

each update process, the initial learning rate is set to 6e-3, and it decays to 6e-4

after 100 training epochs. The α in Eq. 4.12 is set to 0.5. Following the same setting

of the pretrained DA-2S, the SGD optimizer is used with momentum 0.9. In testing,

4,096-dim CNN features (f tx , f ty , and f txy as shown in Fig. 4.4 (b)) are extracted

for each testing image. The Euclidean distance is used to compute the similarity

between query and gallery images.

4.5.4 Qualitative Evaluation

This Experiment is To Confirm That Soft-Mask Images Are Better

Than Hard-Mask Images in Suppression of Background Shift. In Fig. 4.6, a

comparison is given between the generated soft-mask images and hard-mask images.

The hard-mask images are respectively obtained by JPPNet (Liang et al., 2018) and

Mask-RCNN (Abdulla, 2017; He et al., 2017). Both methods have shown compelling

performance in person parsing or object instance segmentation. However, it can be

observed that both methods cannot perform well in body segmentation from the

background on existing person re-ID datasets. As shown in Fig. 4.6, when people

carry objects (e.g., bags), these objects are regarded as backgrounds and removed

by noisy foreground masks with segmentation errors. However, such features are

significant to person re-ID, which should be retained rather than removed. On the



83

Market-1501 DukeMTMC-reID CUHK03

Figure 4.6 : Comparison between hard-mask and soft-mask images. Images are

selected from three different person re-ID datasets. The original images are listed

in the first row. The second and the third rows respectively show hard-mask images

by Mask-RCNN (Abdulla, 2017; He et al., 2017) and JPPNet (Liang et al., 2018).

The last row shows soft-mask images generated by the proposed SBSGAN.

contrary, in soft-mask images, important cues such as bags and body parts can be

well generated and retained. This is because the binary body mask is not directly

utilized on original images to remove the backgrounds. Although the foreground

mask obtained by JPPNet (the third row in Fig. 4.6) is also used to suppress the

background (refer to Eq. 4.3), the generated images by the proposed SBSGAN show

better results. This phenomenon also shows that the proposed SBSGAN is robust

to the noisy masks in the data generation.

This Experiment is To Confirm That The Effectiveness of Loss Func-

tions in SBSGAN. The proposed SBSGAN jointly optimizes over several loss

functions (see Eq. 4.5 and Eq. 4.6). Fig. 4.7 shows images generated by SBSGAN

using different loss functions. The effectiveness of Lidc, Lbgs, and Lsc are verified.

Others are conventional GAN-based loss functions, and their effectiveness is already

evaluated by several previous works (Arjovsky et al., 2017; Choi et al., 2018; Gul-

rajani et al., 2017; Isola et al., 2017; Taigman et al., 2017; Zhu et al., 2017). It can

be observed in Fig. 4.7 that when Lidc and Lbgs are removed, the color information
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Input
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idc,bgs,sc
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idc,bgs
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sc SBSGAN

Figure 4.7 : The effectiveness of different loss functions. Best viewed in color.

of original images cannot be well preserved. In addition, the background cannot

be well suppressed. By only removing Lsc, SBSGAN can generate soft-mask images

which are close to the objective. The Lsc is proposed to encourage the style of gener-

ated soft-mask images to be consistent (refer to Eq. 4.4). Apart from the qualitative

comparison in Fig. 4.7, a quantitative evaluation can be found in Tab. 4.1 to verify

the effectiveness of Lsc further.

This Experiment is To Confirm That Reducing the Background Shift

Is Effective to Reduce the Domain Shift. It is Shown By Visualization of

Data Distributions Between Two Domains. The distance between different

domains is visualized using different types of data, including the popular style-

transferred images, hard-mask images, and the generated soft-mask images. Three

recently published methods SPGAN (Deng et al., 2018), PTGAN (Wei et al., 2018a),

and StarGAN (Choi et al., 2018) are used to transfer the image style from Market-

1501 to DukeMTMC-reID, respectively. Fig. 4.8 shows the result. Compared with

the general style transferred results, the hard-mask and soft-mask images can reduce

the domain shift by a large margin. This phenomenon verifies the effectiveness of

reducing the domain shift by considering the background shift problem. The domain

distance of hard-mask images is on par with the soft-mask images (10.19 vs. 10.90).

However, compared with hard-mask images, the generated soft-mask images show

a better performance in cross-domain ST-reID (e.g., rank-1: 43.3% vs. 38.6%, see
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(b) StarGAN (Choi et al., 2018)
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(c) SPGAN (Deng et al., 2018).
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(d) PTGAN (Wei et al., 2018a).

-40 -30 -20 -10 0 10 20 30 40
-40

-30

-20

-10

0

10

20

30

40

Domain Distance:10.1929

Market
Duke
C-Market
C-Duke

(e) Hard-mask images (JPPNet).
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(f) Soft-mask images.

Figure 4.8 : Data visualization. 5000 images are randomly selected from Market-

1501 and DukeMTMC-reID to learn data distributions via the Barnes-Hut t-

SNE (Van Der Maaten, 2014a), respectively. Another 200 images of each domain

are used for visualization. The red circle and blue triangle respectively represent

images belonging to Market-1501 and DukeMTMC-reID. The center points (i.e.,

‘C-’) are shown using their corresponding domain color. Domain distance (i.e., L1

distance) is given between center points.
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Figure 4.9 : The changes of estimated ID number (a) and rank-1 accuracy (b) that

come with the increases of Niter (from 1 to 30). This experiment is conducted with

DukeMTMC-reID dataset as the target domain.

Tab. 4.1). Naturally, it is unfair to compare the domain distance between soft-mask

and hard-mask images directly. This is because many pixel values of hard-mask

images are simply zeroed out, making approximate half of the information of hard-

mask images already being discarded in the comparison. Alternatively, soft-mask

images suppress backgrounds rather than simply removing them.

This Experiment is To Confirm That DA-2S Update Can Encourage

The Number of Estimated IDs to Be Close to The Actual Number of Real

IDs. As shown in Fig. 4.9 (a), the number of estimated IDs are recorded when the

DBSCAN clustering approach is conducted every time. The real ID number in the
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target domain training set is 702 (i.e., DukeMTMC-reID). In the beginning, for

examples in the first five Niter, the estimated ID number increases fast after DA-

2S updated each time. It is close to the real ID number when Niter = 16. Then,

the number of estimated ID gradually reaches a stable range (i.e., [720,728] when

Niter = [20, 30]). Although the estimated ID number is not exactly the same as the

real ID number, this experiment demonstrates that DA-2S update can effectively

explore the natural characteristics of the target domain according to the quality

of virtual ID label estimation. In Fig. 4.9 (b), it can be observed that the rank-

1 accuracy increases dramatically when Niter = [1, 5] (i.e., from 58.3% to 70.4%),

which is in line with the increase of estimated ID number. After that, the rank-1

accuracy grows steadily, and it achieves the best result when Niter = 29. Finally,

Niter is set to 30 according to this experiment.

This Experiment is To Confirm That DA-2S Update Can Effectively

Reduce the Feature Distribution Shift Between Training and Testing

Data. The feature distributions of training and testing data are visualized in

Fig. 4.10. The features are extracted by DA-2S. As shown in Fig. 4.10 (a), when

only using the pretrained DA-2S network, the feature distribution of source domain

training data is far from the feature distribution of target domain testing data (i.e.,

40.92). On the contrary, when DA-2S is updated after Niter times, it can clearly see

that the feature distributions of target domain training data are close to the feature

distribution of target domain testing data (i.e., 2.76). This experiment demonstrates

that the DA-2S update can effectively reduce the shift of features between training

and testing domains.

4.5.5 Quantitative Evaluation

Soft-Mask Images vs. Other Types of Images. The widely used IDE

model (Zheng et al., 2016a, 2017b; Deng et al., 2018) with ImageNet-trained DenseNet-
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(a) Features extracted using pretrained

DA-2S (i.e., Fig. 4.4 (a)).
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(b) Features extracted using updated

DA-2S (i.e., Fig. 4.4 (b)).

Figure 4.10 : Feature distributions of training and testing data. 5,000 training

data from source (Market-1501) and target (DukeMTMC-reID) domains are selected

to extract f sxy and f txy via pretrained DA-2S and updated DA-2S respectively.

Another 5,000 testing data are selected from target domain to extract f sxy and f txy

using pretrained DA-2S and updated DA-2S respectively. Barnes-Hut t-SNE (Van

Der Maaten, 2014a) is used to learn the distribution of features extracted from two

different DA-2S models. The center point of each distribution is denoted by ‘C-’.

D(·, ·) represents the distance (i.e., L1 distance) between center points.

121 as backbone network is adopted to compare cross-domain ST-reID performance

across different types of images, including the generated soft-mask images, the gen-

eral style-transferred images, and hard-mask images. Tab. 4.1 lists the performance.

By directly using the original images, the performance is inferior (mAP: 17.7%,

rank-1: 33.5%). A clear performance improvement is achieved by directly removing

backgrounds from both training and testing images using foreground masks obtained

by JPPNet and Mask-RCNN, respectively. However, the performance of soft-mask

images outperforms hard-mask images by +4.7% in rank-1 accuracy (43.3% vs.

38.6%). This is because hard-mask images normally contain segmentation errors.
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Table 4.1 : Baseline performance of cross-domain ST-reID. Market-1501 is for train-

ing and DukeMTMC-reID is for testing.

Training Data mAP R-1 R-5 R-10

Original 17.7 33.5 49.3 55.1

Hard-mask Images

Mask-RCNN (Abdulla, 2017; He et al., 2017) 20.6 37.5 53.4 59.1

JPPNet (Liang et al., 2018) 21.5 38.6 54.3 60.0

Style-transferred Images

PTGAN (Wei et al., 2018a) 22.7 42.9 58.0 64.2

SPGAN (Deng et al., 2018) 22.8 42.0 57.9 64.1

StarGAN (Choi et al., 2018) 21.6 39.8 53.4 59.9

Soft-mask Images (Ours)

Soft-mask w/o Lsc 21.2 41.7 56.3 62.7

Soft-mask 22.3 43.3 58.2 64.4

Soft-mask2−Domains 23.5 44.2 59.5 65.3

The general style-transferred results, such as PTGAN and SPGAN achieve compet-

itive performance. However, the soft-mask images obtain the best rank-1 accuracy

(43.3%), which shows the effectiveness by considering the background shift problem

in cross-domain ST-reID. In addition, without Lsc, images generated by SBSGAN

can satisfy the visual requirement (see Fig. 4.7), but the performance is dropped by

1.1% in mAP and 1.6% in rank-1 accuracy. This is because Lsc is used to normalize

the style of soft-mask images across multiple domains, by which the inter-domain

shift can be further reduced. Since SPGAN and PTGAN only support images of

two domains as inputs, the proposed SBSGAN is also trained in the same way in-

stead of using images from three domains. Without interference from images of the

third domain (i.e., CUHK03), the performance gains by Soft-mask2−Domains (mAP:

23.5%, rank-1: 44.2%). However, multiple domains as inputs are still used in all
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Table 4.2 : Ablation study of DA-2S. Market-1501 is used for training, and

DukeMTMC-reID is used for testing. The baseline does not use SEBlocks and any

ISDC modules. This experiment also tries to add SEBlocks to every ISDC module

to re-weight the output of ISDC in the middle layers (denoted as ISDC-SE). The

DA-2S† (DA-2S‡) means only using the style-transferred images (soft-mask images)

as the inputs of the 2-stream network.

Methods mAP R-1

Basel. 28.8 50.2

Basel.+SEBlock 28.9 50.5

Basel.+SEBlock+ISDC-SE 30.4 51.5

Basel.+SEBlock+ISDC (DA-2S) 30.8 53.5

DA-2S† (2*Style-transfer) 28.4 49.6

DA-2S‡ (2*Soft-mask) 27.0 51.5

experiments to generate soft-mask images. Thus, only one model is needed to be

trained instead of training multiple models between any two domains.

Ablation Study of Pretrained DA-2S. An ablation study of the proposed

DA-2S network is given in Tab. 4.2. Without SEBlock and ISDC (i.e., baseline),

DA-2S achieves 28.8% in mAP and 50.2% in rank-1 accuracy. By using SEBlock, the

performance is improved from 50.2% to 50.5% in rank-1 accuracy. To strengthen the

inter-stream relationship, Basel.+SEBlock+ISDC produces the best performance

(mAP: 30.8%, rank-1: 53.5%), demonstrating the effectiveness of the proposed ISDC

modules. If SEBlocks are added to every ISDC module (ISDC-SE), the performance

is dropped by 2% in rank-1 accuracy. This is because additional SEBlocks produce

more parameters, which can potentially increase the risk of over-fitting. Moreover,

the inputs of 2-stream DA-2S is changed to style-transferred images or soft-mask

images only (i.e., the network receives two style-transferred images or two soft-
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Table 4.3 : Ablation study of DA-2S update. Market-1501 (DukeMTMC-reID) is

used for training (testing). The 1st line represents baseline performance (pretrained

DA-2S). The 2nd and 3rd lines are performance when only one stream is used (without

using ISDC and SEBlock). The 4th to 6th lines are using different combinations of

Lt in Eq. 4.13. The last two lines shows the effectiveness of DCCV. S1 and S2

respectively represent Stream1 and Stream2.

Modules Market2Duke

Update S1 S2 ISDC&SEBlock Lt(f
tx) Lt(f

ty ) Lt(f
txy ) DCCV mAP R-1

7 3 3 3 7 7 7 7 30.8 53.5

3 3 7 7 3 7 7 7 37.8 61.1

3 7 3 7 7 3 7 7 48.2 68.7

3 3 3 3 7 7 3 7 55.1 73.5

3 3 3 3 3 7 3 7 55.6 73.8

3 3 3 3 7 3 3 7 55.2 73.6

3 3 3 3 3 3 3 7 57.5 74.9

3 3 3 3 3 3 3 3 61.3 76.9

mask images) to show the performance (i.e., DA-2S† and DA-2S‡). The results

demonstrate that the combination of two types of images is better than using them

independently.

Ablation Study of DA-2S Update. The ablation study of DA-2S update

is given in Tab. 4.3. The pretrained DA-2S is used as a baseline (mAP: 30.8%,

rank-1: 53.5%). It can be seen that when only using one pretrained stream for

updating (without loading the ISDC and SEBlock modules), the performance can

be improved from 53.5% to 61.1% and 68.7% in rank-1 accuracy. However, com-

pared with using both streams (i.e., rank-1: 74.9%), the performance of using one

stream is still inferior. This phenomenon verifies both foreground and ID-related
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information in the background should be jointly considered in DA-2S update. The

experiment also tries to remove a part of loss functions in Eq. 4.13 to testify the

effectiveness of each loss when the full pretrained DA-2S model is used for updating.

It can be observed that both f tx and f ty are useful when they participate in DA-

2S update. If removing one or both of them, the rank-1 accuracy can be reduced

from 74.9% to 73.6% (w/o Lt(f
tx)), 73.8% (w/o Lt(f

ty)), and 73.5% (w/o Lt(f
tx) &

Lt(f
ty) ), respectively. This experiment demonstrates that features extracted from

both foreground and ID-related information in the background can improve cross-

domain ST-reID performance in DA-2S. At last, the experiment attempts to only

remove the DCCV module when the DA-2S update is conducted. The performance

is reduced from 76.9% to 74.9% in rank-1 accuracy. This experiment demonstrates

the effectiveness of DCCV.

Comparison With State-of-the-Art Methods. The performance of the

proposed approach is compared with several recently published State-Of-The-Art

(SOTA) cross-domain ST-reID methods, including PUL (Fan et al., 2018), PT-

GAN (Wei et al., 2018a), SPGAN+LMP (Deng et al., 2018), TJ-AIDL (Wang et al.,

2018), HHL (Zhong et al., 2018b), ATNet (Liu et al., 2019), PAUL (Yang et al.,

2019b), ECN (Zhong et al., 2019), CR-GAN (Chen et al., 2019c), PDA-Net (Li

et al., 2019a), UCDA-CCE (Qi et al., 2019), CASCL (Wu et al., 2019a), PCB-R-

PAST (Zhang et al., 2019b), SSG (Fu et al., 2019), and Theory (Song et al., 2020).

For all methods, all training images from the source domain have ground-truth ID

labels. On the contrary, the ID labels in the target domain are unavailable. Tab. 4.4

lists the comparison results. It is clear to see that the proposed method achieves the

best cross-domain ST-reID performance. The proposed approach outperforms the

SOTA method SSG++ 3.7% (1.7%) in rank-1 accuracy when testing is conducted

on DukeMTMC-reID (Market-1501). Besides, if CUHK03 is used to pretrain DA-

2S, the proposed approach outperforms the SOTA approach PCB-R-PAST 2.9%
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Table 4.4 : Comparison with SOTA methods. X→Y means training is conducted on

X and testing is conducted on Y. The performance of pretrained DA-2S is denoted as

SBSGAN+DA-2S. ‘-I’ represents the updated DA-2S network. ‘-II’ is the result when

re-ranking post-processing trick (Zhong et al., 2017) is adopted on SBSGAN+DA-

2S-I. ‘-’ means the performance is not released.
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(6.7%) in rank-1 accuracy when testing is conducted on DukeMTMC-reID (Market-

1501). It can be seen that SSG++ achieves competitive performance comparing

with SBSGAN+DA-2S-I (without using re-ranking post-processing trick). This is

because SSG++ benefits from 1) body part partition and 2) a joint training strategy

via clustering-guided semi-supervised training. The proposed method does not try

to divide the input images into different body parts further and conduct cluster-

ing on each part. In addition, the clustering-guided semi-supervised training needs

to double the loss items in the final objective function (i.e., Eq. 4.13). The pro-

posed approach only focuses on the whole images by considering the importance

of foreground and ID-related information in background. Through DA-2S update

that benefits from knowledge of target domain data, the proposed approach sig-

nificantly improves the performance of the preliminary work (Huang et al., 2019b)

(e.g., the rank-1 accuracy is improved from 53.5% to 79.7% when testing is conducted

on DukeMTMC-reID). In addition, comparing with existing clustering-based cross-

domain ST-reID approaches (i.e., PUL, PCB-R-PAST, SSG, and Theory listed in

Tab. 4.4), the proposed DA-2S method, which is based on soft-mask images gener-

ated by SBSGAN, achieves the best performance.

4.6 Conclusion

In this chapter, the background shift issue is first considered to reduce the do-

main shift for cross-domain ST-reID. SBSGAN is proposed to generate soft-mask

images with the background being suppressed. Compared with hard-mask solutions,

soft-mask images are able to suppress the background moderately. Compared with

general inter-domain style-transferred approaches, soft-mask images can further re-

duce the domain shift by considering the background shift problem. A DA-2S model

is introduced along with the proposed ISDC module to make use of helpful back-

ground cues. To further explore/learn the natural characteristics from unlabelled
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target domain training data. An update strategy is given based on the proposed

DA-2S network and images generated by SBSGAN. Based on DBSCAN clustering

results, the proposed DCCV is used to improve the virtual label estimation quality.

Experiment results demonstrate the effectiveness of the proposed approach in both

qualitative and quantitative evaluations. SOTA performance is achieved.
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Chapter 5

New Benchmarks And Solutions for Clothing

Change LT-reID

5.1 Motivation

In past years, several datasets have been proposed for person re-ID and con-

tribute significantly to the community, e.g., VIPeR (Gray and Tao, 2008), CUHK03

(Li et al., 2014), Market1501 (Zheng et al., 2015), DukeMTMC-reID (Zheng et al.,

2017b), etc. However, most of them are based on the assumption that each person

who appears under one camera will re-appear under another one in a short period

of time (e.g., less than 30 minutes). Under this assumption, a person is less likely to

change clothing. This scenario is defined as ST-reID. On the contrary, if a person ap-

pears again after a long-time gap (e.g., more than one day), the chance of changing

clothes or carrying different objects will become large. This scenario is regarded as

clothing change LT-reID. This chapter will investigate the feasibility of the existing

datasets for clothing change LT-reID as defined above. The clothing change LT-reID

is a more challenging case commonly seen in large-scale video security surveillance.

According to the existing research outcomes and potential applications in prac-

tice, a dataset is suitable for clothing change LT-reID research should satisfy the

following requirements: 1) a large number of person IDs, 2) highly diverse environ-

ment/backgrounds, 3) multiple camera views, 4) various shooting conditions (e.g.,

illumination and resolution), and 5) highly dynamic appearance of each person.

Existing datasets regardless of being indoor or outdoor, there are mainly two meth-

ods for collecting datasets: 1) collecting data in a free setup environment with
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non-collaborative people (Gray and Tao, 2008; Li et al., 2014; Zheng et al., 2015,

2017b); 2) collecting data in a constrained environment with collaborative people

(e.g., actors) (Barbosa et al., 2012b; Munaro et al., 2014; Haque et al., 2016; Zhang

et al., 2018b). Either method has its advantages but also clear problems when the

aforementioned requirements are to be satisfied.

The first method can best align with the situations of a real surveillance envi-

ronment. However, in practice, the data annotation is extremely difficult even just

for a few thousand people ID. In order to allocate the same ID to the same person,

the annotation staff has to rely on the face information (if that is available) to give

a typical ID for the same person when they appear under different cameras. If the

face information is not available due to poor image quality or poor camera view

(e.g., back view), the samples have to be discarded or marked based on experiences.

For the case of ST-reID, such difficulty is still manageable, where the annotation

staff may use clothing information to match people across cameras. However, in

the case of LT-reID, the assumption above does not exist. Thus, the annotation for

clothing change LT-reID purpose is impossible. That is the main reason that current

datasets such as VIPeR (Gray and Tao, 2008), Market1501 (Zheng et al., 2015), and

CUHK03 (Li et al., 2014) are not suitable for the clothing change LT-reID for the

requirement of the highly dynamic appearance of each annotated person, although

they are collected in a free control (at least less constrained) environment.

The second method can best simulate many extremely difficult cases, such as very

unusual camera views and clothing changes. For example, a person re-ID dataset is

proposed in (Zhang et al., 2018b) that demonstrates the scenarios of person re-ID

in the case of clothing change. It tries to recognize different people through gait

information across view angles. However, the main issue of the datasets conducted

by the second method is the scale, including the number of people ID, diversity of

environment, and the number of camera views. This is mainly because building-
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up such a dataset in a mimic environment relies on a certain number of actors who

follow the predefined way to complete the shooting. In practice, it is not manageable

to have a few thousand actors.

Based on the experiences of existing datasets, the key challenging problems to

build a dataset particularly suitable for clothing change LT-reID are: 1) sufficient

large number of people IDs, 2) dynamic shooting with true environments, 3) various

clothes on each person. In this chapter, a new dataset called “Celeb-reID” is pro-

posed, which can tackle the aforementioned challenging problem. It is named Celeb-

reID because all images are collected using celebrities’ street snap-shots. The celebri-

ties are chosen as the target because there are tremendous resources of celebrity

images on the Internet. The street snap-shots of celebrities are used to build the

dataset because these street snap-shots are more relevant to the real-life scenario.

In this way, a large number of people ID can be acquired. Moreover, celebrities

are widely seen and taken photos in various scenarios, so it is easier to obtain their

images in different environments. The most important thing is that these celebrities

normally wear different clothes in different scenes. It well satisfies the requirements

in terms of a highly dynamic environment in the scenarios of security surveillance

for clothing change LT-reID.

Since appearance reliability (e.g., color and texture) is reduced greatly due to

the change of clothing, current re-ID approaches, which mainly rely on appearance,

may not be suitable for the LT-reID scenario. Existing person re-ID approaches are

mainly designed for the ST-reID scenario (Zheng et al., 2017a; Hermans et al., 2017;

Sun et al., 2017; Yu et al., 2017b; Zheng et al., 2018; Chang et al., 2018; Guanshuo

et al., 2018; Yuan et al., 2018; Zhang et al., 2019a). Although these approaches

have achieved compelling performance, simply concentrating on appearance and

overlooking the change of clothing may not be suitable for the LT-reID scenario.

Specifically, existing approaches try to distinguish the inter-class clothing changes
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Figure 5.1 : SN vs. VN capsule in person re-ID. The (a)-(d) and (A)-(D) are

images belonging to two different IDs in the Celeb-reID dataset. The (d) and (A)

include two persons with similar dark clothes. The VN capsules use the length

of the vector to represent different IDs, while its orientations are used to perceive

different types of clothes. With two-dimensional perception capability, different IDs

can be distinguished easier by using the length of capsules. Instead, typical SN

cannot make a decision between confused appearance (e.g., some images in (d) are

regraded as the ID in the green bounding box). Best viewed in color.

but do not pay attention to intra-class clothing changes. Therefore, these methods

are not suitable to LT-reID.

Compared with traditional approaches which use the Scalar Neuron (SN), this

chapter proposes to use Vector-Neuron (VN) capsules (Sabour et al., 2017) to per-

ceive the clothing change of the same person. In common CNNs, the value of each

scalar reflects the likelihood of a neuron belonging to an existing people ID. How-

ever, if the clothing is changed, the one-dimensional SN cannot further perceive the

clothing change information. Therefore, the two-dimensional VN capsules are inte-
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grated into a CNN network. The idea is inspired by (Sabour et al., 2017): the length

(the first dimension) of each capsule (denoted as CL) expresses the “existence of the

entity”; the orientation (the second dimension) of each capsule (denoted as CO) is

forced to represent “the properties of the entity”. For clothing change LT-reID case,

CL is expected to reflect the likelihood of an existing people ID while CO represents

different clothes of the same ID. Fig. 5.1 shows the difference between SNs and VNs.

With two-dimensional perception capability, VN capsules can discriminate different

IDs (through the length of capsules) with confused appearance (perceived by the

orientation of capsules), while the SN may make a wrong decision. The proposed

model is named “ReIDCaps”. Unlike the original application of capsules in (Sabour

et al., 2017) (e.g., learning the property of affine transformation for handwritten

digits recognition), the proposed ReIDCaps network considers the clothing change

of the same person should be further perceived and represented by CO. In the

meantime, CL is used as common SN to distinguish different people ID. Finally, to

further enhance the discrimination and generalization power of ReIDCaps, both Soft

Embedding Attention (SEA) mechanism and Feature Sparse Representation (FSR)

mechanism are integrated into the proposed network.

In general, the main contributions of this chapter can be summarized in two-fold:

• A large-scale LT-reID dataset Celeb-reID is proposed. Approximately more

than 70% of the images of each person are in different clothes. There are 1,052

IDs and 34,186 person images in Celeb-reID to make it the largest clothing

change LT-reID dataset.

• A ReIDCaps network is introduced to deal with the challenge of clothing

change LT-reID. In addition, SEA and FSR mechanisms are integrated to

enhance the discrimination and generalization power of the proposed network.
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Figure 5.2 : The pipeline of data acquisition. Four main steps are included.

5.2 Celeb-reID: New Benchmarks

In this section, the Celeb-reID dataset is introduced. Fig. 5.2 shows the pipeline

of the data acquisition process. It can be summarized into four steps:

i. Determine Name List. Since the street snap-shots of celebrities are used

to build the dataset, the first step is to determine the name list of celebrities.

Initially, 2,600 popular celebrities from all over the world are selected.

ii. Crawl Data. Given the name of celebrities, the data of each celebrity are

crawled on Google, Bing, and Baidu Images using keywords: name + street

snap-shot (e.g., Justin Bieber street snap-shot) with free use license. The top

100 images of each celebrity are crawled. Finally, 2,600×100 candidate street

snap-shot images are obtained.

iii. Filter Data. In this step, the annotation staff verifies the identity of images

for each celebrity. Any wrong returned result is discarded.

iv. Preprocess Data. The last step is to crop the bounding box of the person

body from the original image. Mask-RCNN (He et al., 2017) is used to detect

the bounding box. Pixel paddings from the original image are used to ensure

that the ratio of height and width of each image is identical (i.e., 2:1). The

final image size is resized to 256×128. Finally, total of 34,186 images of 1052

celebrities are retained.
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Figure 5.3 : Three rows represent three different IDs in the Celeb-reID dataset. For

each ID, a great number of clothing changes can be found.

Table 5.1 : Data split of the Celeb-Reid dataset. In the testing set, around 30% of

images of the 420 IDs belong to the query set, the other 70% of images belong to

the gallery set.

split training testing total

subsets training query gallery total

#ID 632 420 420 1,052

#images 20,208 2,972 11,006 34,186

Similar to traditional setting of ST-reID datasets, Celeb-reID is split into three

subsets, including training, gallery, and query (see Tab. 5.1). The query and gallery

sets are used for testing. Fig. 5.3 shows three IDs in the proposed dataset. It is clear

to see that the clothing change brings about large appearance changes. Notably, a

person may wear the same clothing twice. Specifically, more than 70% of the images

of each person show different levels of clothing change. Fig. 5.4 gives the statistical

information of the proposed dataset, including the distribution of age, gender, and

nationality of celebrities.
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Figure 5.4 : Statistic information of the proposed Celeb-reID dataset. (a), (b), and

(c) respectively show the distributions of age, gender, and nationality.
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Figure 5.5 : Architecture of the proposed ReIDCaps network. Given an input

image, an ImageNet-trained CNN backbone network (i.e., DenseNet-121 (Huang

et al., 2017a)) is used to extract low-level visual features. The output of the back-

bone network is fed to three branches, including capsule modules (ID and dressing

perception), FSR and SEA (two auxiliary modules).

5.3 Vector-Neuron Capsules for Clothing Change LT-reID

The proposed ReIDCaps model is divided into three modules: 1) Visual feature

extraction module: the ImageNet-trained model is adopted to extract the low-

level visual features of each image. These features are then fed into the capsule layers

to perceive the ID and dressing information. This step follows the common practice

of Capsule network in (Sabour et al., 2017) which uses several CNN layers to extract

visual features of an image before these features forwarding to the capsule layers. 2)

ID and dressing perception module: The capsule layers are adopted to perceive

the ID and dressing information of images. The length of each VN mainly perceives

the ID information. The dressing information of each person is perceived by the

orientation of each VN. 3) Auxiliary module: The auxiliary modules are used

to improve the discriminability of features learned from the proposed ReIDCaps
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modules further. The architecture of the proposed ReIDCaps network is shown in

Fig. 5.5. This section will introduce each module in details.

5.3.1 Visual Feature Extraction Module

Given an input image Ixn , where n is the index of an ID, x represents the x-

th image of ID n, an ImageNet-trained CNN backbone network is used to extract

low-level visual features from the Ixn . Densenet-121 (Huang et al., 2017a) is selected

as the backbone network∗. The output of the backbone is denoted as O(Ixn) ∈

R7×7×1024. The rest parts of the proposed ReIDCaps are divided into three branches:

Capsule layers (main), the FSR, and the SEA. The losses of the three branches are

denoted as LCAPS, LFSR, and LSEA respectively. Amongst the three branches, FSR

and SEA are two auxiliary branches. Both FSR and SEA dedicate to enhancing the

performance of CNN-based visual feature. Then, these well-learned features can be

utilized by the VN-based layers in a more efficient way. The objective function of

the proposed ReIDCaps network is given as follows:

L = LCAPS + γ ∗ (LFSR + LSEA), (5.1)

where γ is used to balance the weight between contributions raised from capsule lay-

ers and auxiliary modules. The three different branches are respectively introduced

in details:

5.3.2 ID and Dressing Perception Module

The Capsule layers. VN capsules are used to learn the change of clothing.

In training, the length of vector capsule CL is used to reflect the likelihood of an

existing people ID while its orientation CO represents different types of clothes of the

same people ID. To achieve this, two different capsule-based layers are adopted after

∗Other alternatives also can be used.
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O(Ixn), including a Primary Capsules (P-Caps) layer and a Classification Capsules

(C-Caps) layer (Sabour et al., 2017). Both layers are proposed in (Sabour et al.,

2017) for digital recognition. This work changes the parameter setting on both layers

to adapt the re-ID task and the ImageNet-trained CNN architecture. Specifically,

givenO(Ixn), eight 32-channel convolutional operations (kernel size 2×2 and stride 2)

are used to construct the P-Caps. Then, a reshaped operation is used to concatenate

the corresponding channel of each block (8 blocks in total) in P-Caps. After that,

288 (3 × 3 × 32) VN capsules can be achieved with 8D in P-Caps layer. Finally,

a non-linear Squashing Function is used to ensure the length of each VN capsule

being normalized:

v8D
k =

∥∥v8D
k

∥∥2

1 + ‖v8D
k ‖

2 ·
v8D
k

‖v8D
k ‖

, (5.2)

where v8D
k represents k-th 8D VN capsule in P-Caps, k ∈ [1, 288].

The C-Caps layer is followed by the P-Caps layer. There are N ID capsules

in the C-Caps layer; N represents the number of ID in the training set. Each ID

capsule in C-Caps is the combination of all VN capsules in the P-Caps layer. Given

an 8D VN v8D
k in P-Caps, its dimension is mapped to 24D by:

v24D
k = Wk · v8D

k , (5.3)

where Wk ∈ R24×8 is a weight matrix; v24D
k is a 24D VN capsule after mapping.

Then an ID capsule (C24D
n ) in the C-Caps layer can be calculated by:

C24D
n =

K∑
k=1

unk · v24D
k , (5.4)

where n ∈ [1, N ], unk represents the coupling coefficient which is determined by a

Routing-by-Agreement (R-by-A) process between the P-Caps and the C-Caps layers.

Notably, all the C24D
n are normalized by the Squashing Function (refer to Eq. 5.2).

The R-by-A process is a key technique to build the relationship between the

P-Caps and C-Caps layers. The details of R-by-A can refer to (Sabour et al., 2017).
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The R-by-A process is similar to (Sabour et al., 2017). The only difference is that

the number of routing iteration is set to four rather than three in (Sabour et al.,

2017). Four iterations can achieve better re-ID accuracy in experiments.

Given an input image Ixn , the Margin Loss is used for ID existence:

LCAPS =
N∑
n=1

{yn ·max(0,m+ −
∥∥C24D

n

∥∥)2

+ λ · (1− yn) ·max(0,
∥∥C24D

n

∥∥−m−)2},

(5.5)

where yn represents the existence of ID for the input image Ixn ; yn = 1 if Ixn belongs

to ID n, otherwise yn = 0. λ = 0.5 is used to balance the weight between the two

parts in LCAPS. m+ and m− are used to control the length of C24D
n . If the ID is

present in Ixn , the length of C24D
n should be long, otherwise it should be short. The

m+ = N−1
N

and m− = 1
N

.

5.3.3 Auxiliary Module

FSR and SEA mechanisms. Before formally introducing the two mechanisms,

the Global Average Pooling (GAP) is adopted to the output of the backbone (i.e.,

O(Ixn)) to obtain a CNN representation F(Ixn) of the input image Ixn :

F(Ixn) =
1

H ×W

H∑
i=1

W∑
j=1

O(Ixn)(i, j), (5.6)

where H and W respectively represent the height and width of O(Ixn) (H = 7 and

W = 7). After GAP, the input of FSR and SEA is denoted as FFSR(Ixn) and

FSEA(Ixn), respectively.

The FSR mechanism is used to enhance the generalization power of the CNN-

based output to affect the learning capability of the whole network. As is well-known,

Dropout has demonstrated its effectiveness to prevent the CNN network from over-

fitting by randomly dropping out neurons (set the value to zero) in network train-

ing (Srivastava et al., 2014). The Dropout is simply adopted to make the FFSR(Ixn)
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to become a sparse representation. The generalization capability of FFSR(Ixn) can

be transferred to O(Ixn) in backward propagation, which potentially improves the

robustness of the whole network (particularly for all branches after O(Ixn)). The

dropout rate is set to 0.75 in FSR.

The SEA mechanism aims to boost the discriminative power of the backbone

network by applying the Squeeze-and-Excitation (SE) block (Hu et al., 2018b) on

O(Ixn). By doing so, informative features can be substantially highlighted and the

useless information can be suppressed in O(Ixn) which is the key link between the

CNN-based architecture and the capsule layers. In this way, the prior knowledge

learned by Densenet-121 can be used in a more efficient way when the knowledge

is fed into the Caps Modules. The GAP after O(Ixn) is used to obtain FSEA(Ixn).

Then, FSEA(Ixn) is squeezed by a fully-connected layer to obtain a low-dimensional

(1024/r-dim) representation, where r is the reduction rate. After that, another

1024-dim fully-connected layer (F ′
SEA(Ixn)) is linked after the 1024/r-dim layer. The

final re-weight block is obtained by rescaling O(Ixn) with F ′
SEA(Ixn):

O′
(Ixn) = F ′

SEA(Ixn)⊗O(Ixn), (5.7)

where ⊗ represents channel-wise multiplication between F ′
SEA(Ixn) and O(Ixn). In

SEA, r = 16 (the same as (Hu et al., 2018b)). Relu and Sigmoid activation functions

are respectively used after the two fully-connected layers followed by FSEA(Ixn).

Finally, Cross-Entropy loss is used on both FSR (LFSR in Eq. 5.1) and SEA

(LSEA in Eq. 5.1) branches to classify the ID of persons in the training set.

5.4 Experiments

In this section, four different datasets used for evaluation are introduced. Then,

an experimental setup is given. An ablation study of ReIDCaps is provided. More-

over, quantitative and qualitative analyses will be given to verify the effectiveness
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of VN capsules comparing with the traditional SN. Finally, comprehensive evalua-

tions are carried out by comparing the proposed methods with other state-of-the-art

methods. The experiments are mainly conducted on Celeb-reID since the proposed

method is particularly designed to tackle the clothing change challenges exposed in

the LT-reID scenario.

5.4.1 Datasets for Evaluations

Four different datasets are used to evaluate the proposed method. Two of

them are LT-reID datasets. Another two datasets are ST-reID datasets (i.e., Mar-

ket1501 (Zheng et al., 2015) and DukeMTMC-reID (Zheng et al., 2017b)).

Celeb-reID is introduced in Sec. 5.2. This dataset is used for the clothing-

change LT-reID performance evaluation. Details of Celeb-reID can refer to Tab. 5.1.

Notably, a person may wear the same clothing (the ratio is less than 30% within

each ID) in Celeb-reID.

Celeb-reID-light is a light version of Celeb-reID. Unlike Celeb-reID, a person

in Celeb-reID-light appears in different images always with different clothes (Huang

et al., 2019a). The images in Celeb-reID-light is picked up from the candidate image

set after data filtering (see Fig. 5.2). There are 590 persons. 490 IDs with 9,021

images are used for training, and 100 IDs with 1,821 images are used for testing. In

the testing set, 887 images are used as queries, and 934 images are used as galleries.

Celeb-reID-light is used to testify the robustness of re-ID methods when a person

never wears the same clothing.

Market1501 is one of the widely used ST-reID dataset. There are 751 (12,936)

and 750 (19,732) IDs (images) in training and testing sets respectively.

DukeMTMC-reID is another widely used ST-reID dataset. There are 702

IDs in the training and testing sets respectively. The number of training images is
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16,522, while the number of testing images is 19,889.

5.4.2 Experimental Setup

The PyTorch package is used to implement the proposed ReIDCaps network. To

be consistent, the architecture of the proposed ReIDCaps network is not changed,

but use different training strategies for ST-reID and LT-reID scenarios respectively.

This is because, for LT-reID, the new model needs to produce more learnable pa-

rameters to accommodate additional information about the clothing change. Thus,

it may cause certain overfitting issues when it is applied to a relatively simple case

of ST-reID where there is no clothing change. For the LT-reID scenario, the initial

learning rate is set to 1e-4 in the ImageNet-trained DenseNet-121 and 1e-3 in new

layers after DenseNet output (see Fig. 5.5). This training strategy is named ‘TS1’

(short for Training Strategy 1). In order to mitigate the possible overfitting issue,

for the ST-reID scenario, the backbone network (DenseNet-121) is pretrained on

common SN (refer to Fig. 5.8). The SN-trained DenseNet-121 backbone network

is adopted in ReIDCaps. The initial learning rate is set to 1e-5 in the SN-trained

DenseNet-121 and 1e-4 in new layers. This training strategy is named ‘TS2’ (short

for Training Strategy 2).

For both scenarios, all input images are resized to 224 × 224 and randomly

flipped before training. The Adam stochastic optimization (Kingma and Ba, 2014)

is used with parameters β1 = 0.9, β2 = 0.999. The learning rate is decayed by

10 times after 40 training epochs, and the training stops after 50-th epochs. The

number of training IDs N = 632, 490, 751, and 702 for Celeb-reID, Celeb-reID-light,

Market1501, and DukeMTMC-reID respectively.

In testing, the same procedure as previous works (e.g., (Yu et al., 2017b; Zheng

et al., 2018; Sun et al., 2018; Guanshuo et al., 2018)) is adopted. Eq. 5.6 is used to

extract 1,024D features as the person’s description. This feature is used to compare
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Figure 5.6 : Sensitivity to parameter γ in Eq. 5.1. The x-axis and y-axis respectively

represents the γ and mAP. Experiment is conducted on Celeb-reID.
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Figure 5.7 : Sensitivity to parameter γ in Eq. 5.1. The x-axis and y-axis respectively

represents the γ and rank-1 accuracy. Experiment is conducted on Celeb-reID.

the similarity between any two images in query and gallery sets using the Euclidean

distance. The standard rank-N and mAP re-ID evaluation protocols are used in

experiments. The single query setting is adopted over four datasets in testing.

5.4.3 Ablation Study of ReIDCaps

An ablation study is given to verify some important settings of ReIDCaps. The

proposed Celeb-reID dataset is used.

Hyper-parameter Setting

The parameter γ in Eq. 5.1 is evaluated. The results are shown in Fig. 5.6 and

Fig. 5.7, respectively. When γ = 0 (i.e., without the help of auxiliary modules), the
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Table 5.2 : Ablation study of the proposed ReIDCaps network. mAP and rank-N

(N=1, 5, and 10) are listed. The best performance is highlighted in Blod.

Methods
Celeb-reID

mAP rank-1 rank-5 rank-10

Capsiter=3,C16D
n

7.8% 43.8% 59.2% 67.5%

Capsiter=3 8.7% 46.2% 62.1% 68.9%

Capsiter=4 9.0% 48.2% 62.7% 70.0%

Capsiter=5 8.7% 47.5% 62.4% 69.6%

Capsiter=4+0.5*FSR 9.2% 49.1% 63.1% 70.4%

Capsiter=4+0.5*SEA 9.5% 49.8% 63.8% 70.8%

Capsiter=4+0.5*(FSR+SEA) 9.8% 51.2% 65.4% 71.9%

proposed ReIDCaps reduces to the baseline. It can be observed that the proposed

method achieves the best performance on both mAP and rank-1 accuracy when the

γ = 0.5. Therefore, γ = 0.5 in the experiment setting.

Number of Iterations by R-by-A

The Caps modules and the backbone network of ReIDCaps are used to search

a proper number of iterations between P-Caps and C-Caps by R-by-A (refer to

Sec. 5.3.2). In the original capsule network design (Sabour et al., 2017), the R-by-A

algorithm uses 3 iterations between the P-Caps and C-Caps. This setting is also

testified in the proposed ReIDCaps network (see Capsiter=3 in Tab. 5.2). When

the length of C-Caps capsules is 16 (Capsiter=3,C16D
n

, as the same setting in (Sabour

et al., 2017)) instead of 24 (see Fig. 5.5), a baseline performance can be achieved

(mAP: 7.8%, rank-1: 43.8%). After changing the length of capsules from 16 to 24,

the performance can be improved from 43.8% to 46.2% in rank-1 accuracy. Thus,

the length of C-Caps capsules is set to 24 in the follow-up experiments. It can

be observed that compared with Capsiter=3, better re-ID accuracy can be achieved
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Table 5.3 : Ablation study of different training strategies on the proposed ReIDCaps

model over two different person re-ID scenarios.

Training Strategies mAP rank-1 rank-5 rank-10

Celeb-reID (LT-reID)

TS1 9.8% 51.2% 65.4% 71.9%

TS2 9.5% 50.3% 64.9% 71.7%

Market1501 (ST-reID)

TS1 62.5% 84.8% 94.7% 98.1%

TS2 72.7% 89.0% 95.5% 96.9%

when the number of iteration is set to 4 (Capsiter=4, mAP=9.0%, rank-1=48.2%).

It can be clear to see that when iter=5 (Capsiter=5), the performance is dropped

again. Therefore, the number of iteration is set to 4 in the R-by-A algorithm.

Combination of Different Modules

Different combinations of auxiliary modules (i.e., FSR and SEA) are also used

to verify the effectiveness of them in enhancing the overall performance, shown in

Tab. 5.2. By combining FSR (SEA) (with the weight is 0.5, refer to Sec. 5.4.3) with

Capsiter=4, the re-ID accuracy is improved from 48.2% to 49.1% (49.8%) in rank-1

accuracy. This combination verifies the effectiveness of different auxiliary modules.

Moreover, both FSR and SEA are combined with the weight of 0.5. The rank-1

accuracy gains 3% comparing with single Capsiter=4 module. This result verifies the

combination of auxiliary modules (i.e., FSR and SEA) can be useful in enhancing

the overall performance.

Comparison of Different Training Strategies

In the experimental setup, two different training strategies are used in the LT-

reID scenario and the ST-reID scenario, respectively (see Sec. 5.4.2). The two train-
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Figure 5.8 : The SN-based and VN capsule networks. The upper network uses VN

capsules. The lower one uses the tradition CNN layers. Both networks use the same

input image size and backbone network (i.e., the DenseNet-121). FC, BN, ReLU,

and LCE respectively represent the fully-connected layer, batch normalization, ReLu

activation function, and the Cross-Entropy loss.

ing strategies are used on different re-ID scenarios to verify the function of them.

It can be observed in Tab. 5.3 that, compared with TS1, TS2 can improve the per-

formance on Market1501 noticeably. This result verify that using the SN-trained

backbone can effectively mitigate the overfitting problem produced by more learn-

able parameters from VN. On the contrary, when different training strategies are

applied for the case of LT-reID, the performance is barely affected. This comparison

shows that the proposed method is robust to the LT-reID scenario under different

training strategies. Although Celeb-reID also achieves comparable performance by

TS2 which is more suitable for the ST-reID scenario, TS1 is used for Celeb-reID

since Celeb-reID and Market1501 achieve the best performance under TS1 and TS2,

respectively.
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5.4.4 Scalar Neuron vs. Vector Neuron with Quantitative and Qualita-

tive Analyses

Network Architecture. The VN capsules are used to compare with SN solu-

tion. Network architectures are given in Fig. 5.8. Both approaches share the same

input and backbone network (i.e., ImageNet-trained DenseNet-121). The VN cap-

sules (Caps modules in Fig. 5.2) and SN-based layers are followed by the output of

DenseNet-121 respectively. The SN-based network (also called as IDE+ (Hermans

et al., 2017; Sun et al., 2017)) is a widely used benchmark for ST-reID scenario. The

result of SN-based IDE+ is achieved by the Deep-Person-reID package†.

Table 5.4 : Performance comparison between the SN-based IDE+ model (the lower

network in Fig. 5.8) and the proposed Capsiter=4 model (the upper network in

Fig. 5.8).

Methods
Celeb-reID

mAP rank-1 rank-5 rank-10

IDE+ 5.9% 42.9% 56.4% 63.4%

Capsiter=4 9.0% 48.2% 62.7% 70.0%

Quantitative Evaluation. Tab. 5.4 shows the quantitative evaluation between

the proposed Capsiter=4 and the IDE+ models. By using the VN capsules, the

proposed Capsiter=4 outperforms the IDE+ by +3.1% (9.0% vs. 5.9%) on mAP and

+5.3% (48.2% vs. 42.9%) in rank-1 accuracy. It is clear to see that the VN capsules

show their superiority in dealing with the clothing change challenge for person re-ID.

This is because in addition to distinguish the inter-class variation, VN capsule can

potentially perceive the intra-class variation when clothes of the same person are

changed.

†https://github.com/KaiyangZhou/deep-person-reid
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Figure 5.9 : Intra-class variation visualization using C-Caps. Four types of cloth-

ing (9 images) belonging to the same person (76 images in total) are selected in

the training set of Celeb-reID. ‘a’ to ‘d’ represent different clothes and ‘1, 2, ...’

represents the index of sample images. The cosine similarity is used to calculate

the similarity between two images using the VN capsules in C-Caps where the ID

is presented. An activation map is used to represent the similarity between any

two images. The red and green colors respectively represent the most and the least

similar pairs. Elements in the diagonal are self-similar.

Qualitative Evaluation. The intra-class variation of the same people ID using

the proposed Capsiter=4 is visually illustrated. The cosine similarity is used to cal-

culate the orientation distance between two images. Specifically, given two images

(e.g., Ix1nid
and Ix2nid

) belonging to the same ID (e.g., nid), the VN capsules can be

achieved for this ID (i.e., C24D
nid

(Ix1nid
) and C24D

nid
(Ix2nid

)) by Eq. 5.4 (after training is

completed) to calculate the cosine distance between the two 24D VNs. An activation

map of similarity is used to illustrate the effectiveness of the proposed Caps Modules

in perceiving the knowledge of intra-class clothing changes. It can be observed in
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Fig. 5.9 that the proposed Capsiter=4 can potentially learn the clothing changes of

the same person. The same types of clothes show higher similarity than different

types to some extent. This result demonstrates that the orientation of VN can carry

the information of clothing change of the same person for the LT-reID scenario.

5.4.5 Comparison with State-of-The-Art Methods

The proposed ReIDCaps method is compared with several state-of-the-art re-ID

approaches. The proposed method is mainly designed for the LT-reID scenario. It

may not be a universal solution to both ST-reID scenario and LT-reID scenario.

However, it is also evaluated on the case of ST-reID to verify its robustness under

different re-ID scenarios. Tab. 5.5 lists the results. Four different coarse-grained

re-ID approaches (i.e., IDE+ (Hermans et al., 2017; Sun et al., 2017), ResNet-

Mid (Yu et al., 2017b), Two-Stream (Zheng et al., 2018), MLFN (Chang et al.,

2018)), and four different fine-grained re-ID approaches (i.e., HACNN (Li et al.,

2018b), Part-Bilinear (Yumin et al., 2018), PCB (Sun et al., 2018), and MGN (Guan-

shuo et al., 2018)) are picked up to evaluate the challenges exposed in the LT-reID

scenario. Coarse-grained methods leverage the whole image as inputs while fine-

grained methods take both global information and body parts into consideration.

All the methods used in comparison are recently published methods which show

promising performance in the traditional ST-reID scenario. In these methods, the

IDE+, ResNet-Mid, MLFN, and HACNN are implemented by Deep-Person-Reid

package (Zhou and Xiang, 2019) with solid performance. The implementation of

rest methods are based on the resources released by the authors of original papers

(i.e., Two-Stream, Part-Bilinear, PCB, and MGN).

Comparison with coarse-grained methods. It can be observed in Tab. 5.5,

by only using the global body cue, the proposed method outperforms other coarse-

grained methods on both Celeb-reID and Celeb-reID-light datasets. Compared with
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P13

P21
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G

Figure 5.10 : Body parts partitions. The whole image is denoted as G. P11, P12,

and P13 (also P21 and P22) are parts equally divided from G.

the second best method ResNet-Mid, the proposed ReIDCaps outperforms it on

Celeb-reID by a large margin in rank-1 accuracy (51.2% vs. 43.3%). The best

performance is also achieved on Celeb-reID-light (mAP: 11.2%, rank-1: 20.3%).

This result verifies the proposed ReIDCaps can best tackle the extreme case where a

person does not wear the same clothing twice. MLFN achieves the best performance

on Market1501 (mAP: 74.3%, rank-1: 90.0%). However, it only obtains 6.0% mAP

and 41.4% rank-1 accuracy on Celeb-reID. Although the proposed method is not

designed for the ST-reID scenario, it also experiments on Market1501 (DukeMTMC-

reID) and obtains 89.0% (81.2%) in rank-1 accuracy, which is competitive comparing

with other coarse-grained approaches.

Comparison with fine-grained methods. To compare with fine-grained

learning approaches, the body parts are utilized in the experiments. Following the

same setting in (Guanshuo et al., 2018), a person image is equally divided into three

and two parts, respectively. Fig. 5.10 shows the partition result. The proposed

ReIDCaps is simply trained and tested on five body parts respectively. Tab. 5.5

shows the re-ID accuracy using different parts on four re-ID datasets. The LT-reID

datasets such as Celeb-Reid and its light version involve appearance changes dra-

matically. Parts such as P12, P13, and P22 show much lower re-ID accuracy than P11
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Table 5.5 : Comparison with state-of-the-art methods. The best result is shown in

bold. Rank-N accuracy and mAP are listed.
M

et
h
o
d
s

L
T

-r
eI

D
S
T

-r
eI

D

C
el

eb
-r

eI
D

(N
ew

)
C

el
eb

-r
eI

D
-l

ig
h
t

(N
ew

)
M

ar
ke

t1
50

1
D

u
ke

M
T

M
C

-r
eI

D

m
A

P
ra

n
k
-1

ra
n
k
-5

m
A

P
ra

n
k
-1

ra
n
k
-5

m
A

P
ra

n
k
-1

m
A

P
ra

n
k
-1

C
oa

rs
e-

G
ra

in
ed

L
ea

rn
in

g
A

p
p
ro

ac
h
es

(w
it

h
ou

t
h
u
m

an
b

o
d
y

p
ar

ts
p
ar

ti
ti

on
)

ID
E

+
(D

en
se

N
et

-1
21

)
5.

9%
42

.9
%

56
.4

%
5.

3%
10

.5
%

24
.8

%
68

.0
%

87
.8

%
57

.5
%

77
.9

%

R
es

N
et

-M
id

(Y
u

et
al

.,
20

17
b
)

A
rX

iv
17

5.
8%

43
.3

%
54

.6
%

6.
0%

10
.3

%
28

.0
%

75
.6

%
89

.9
%

6
4
.0

%
8
1
.6

%

T
w

o-
S
tr

ea
m

(Z
h
en

g
et

al
.,

20
18

)
T

O
M

M
18

7.
8%

36
.3

%
54

.5
%

-
-

-
60

.9
%

80
.3

%
51

.4
%

72
.6

%

M
L

F
N

(C
h
an

g
et

al
.,

20
18

)
C

V
P

R
18

6.
0%

41
.4

%
54

.7
%

6.
3%

10
.6

%
31

.0
%

7
4
.3

%
9
0
.0

%
63

.2
%

81
.1

%

R
eI

D
C

ap
s

(O
u
rs

)
9
.8

%
5
1
.2

%
6
5
.4

%
1
1
.2

%
2
0
.3

%
4
8
.2

%
72

.7
%

89
.0

%
62

.6
%

81
.2

%

F
in

e-
G

ra
in

ed
L

ea
rn

in
g

A
p
p
ro

ac
h
es

(w
it

h
h
u
m

an
b

o
d
y

p
ar

ts
p
ar

ti
ti

on
)

H
A

C
N

N
(L

i
et

al
.,

20
18

b
)

C
V

P
R

18
9.

5%
47

.6
%

63
.3

%
11

.5
%

16
.2

%
42

.8
%

75
.7

%
91

.2
%

63
.2

%
80

.1
%

P
ar

t-
B

il
in

ea
r

(Y
u
m

in
et

al
.,

20
18

)
E

C
C

V
18

6.
4%

19
.4

%
40

.6
%

-
-

-
74

.5
%

88
.8

%
64

.2
%

82
.1

%

P
C

B
(S

u
n

et
al

.,
20

18
)

E
C

C
V

18
8.

2%
37

.1
%

57
.0

%
-

-
-

77
.4

%
92

.3
%

66
.1

%
81

.8
%

M
G

N
(G

u
an

sh
u
o

et
al

.,
20

18
)

A
C

M
M

M
18

10
.8

%
49

.0
%

64
.9

%
13

.9
%

21
.5

%
47

.4
%

8
6
.9

%
9
5
.7

%
7
8
.4

%
8
8
.7

%

R
eI

D
C

ap
s∗

(O
u
rs

)
1
5
.8

%
6
3
.0

%
7
6
.3

%
1
9
.0

%
3
3
.5

%
6
3
.3

%
78

.0
%

92
.8

%
67

.8
%

83
.8

%

P
er

fo
rm

an
ce

on
D

iff
er

en
t

B
o
d
y

P
ar

t
u
si

n
g

R
eI

D
C

ap
s

R
eI

D
C

ap
s:

P
1
1

11
.5

%
53

.6
%

69
.2

%
14

.4
%

24
.5

%
54

.9
%

29
.2

%
56

.2
%

38
.7

%
59

.4
%

R
eI

D
C

ap
s:

P
1
2

3.
6%

33
.7

%
43

.2
%

3.
5%

5.
3%

19
.2

%
40

.1
%

65
.3

%
34

.5
%

56
.6

%

R
eI

D
C

ap
s:

P
1
3

3.
7%

32
.3

%
43

.2
%

4.
0%

7.
5%

22
.4

%
22

.9
%

41
.6

%
20

.8
%

35
.0

%

R
eI

D
C

ap
s:

P
2
1

10
.2

%
50

.9
%

66
.5

%
13

.1
%

25
.3

%
51

.8
%

37
.7

%
65

.4
%

45
.0

%
66

.6
%

R
eI

D
C

ap
s:

P
2
2

4.
3%

36
.0

%
48

.0
%

4.
4%

8.
5%

23
.8

%
45

.5
%

67
.3

%
32

.9
%

52
.2

%



120

Table 5.6 : Performance by using different weights on different body parts. The part

partition can refer to Fig. 5.10. The result of Celeb-reID is mainly evaluated. The

weight assigned to Celeb-reID-light is similar to Celeb-reID since both belong to the

LT-reID scenario. Another group of weights on Market1501 are used by considering

the contribution of different body parts.

Methods
Celeb-reID

mAP rank-1 rank-5

P11+P12+P13+P21+P22 13.6% 60.7% 74.2%

P11+P12+P13+P21+P22+G 14.2% 62.2% 75.2%

P11+0.9*(P12+P13)+P21+0.9(P22)+G 14.9% 62.6% 75.4%

P11+0.7*(P12+P13)+P21+0.7(P22)+G 15.4% 62.9% 76.3%

P11+0.5*(P12+P13)+P21+0.5(P22)+G 15.8% 63.0% 76.3%

P11+0.3*(P12+P13)+P21+0.3(P22)+G 15.8% 62.3% 75.7%

P11+0.1*(P12+P13)+P21+0.1(P22)+G 15.4% 61.4% 75.1%

Celeb-reID-light

P11+0.5*(P12+P13)+P21+0.5(P22)+G 19.0% 33.5% 63.3%

Market1501

0.25*(P11+P12+P13)+0.5(P21+P22)+G 78.0% 92.8% 97.6%

and P21 where present more robust appearance cues, i.e., the upper body. However,

ST-reID dataset, i.e., Market1501 and DukeMTMC-reID illustrate opposite results.

The P11 and P21 on Market1501 even show lower re-ID accuracy comparing with

other body parts. This is because, without substantial appearance changes, cues

such as color and texture are more likely to be re-identified as significant factors.

When clothing is completely changed (Celeb-reID-light), the appearance cues be-

come even less reliable. However, with benefits of the proposed ReIDCaps network,

even the most difficult part (P12) can play a certain role (mAP: 3.5%, rank-1: 5.3%)

in Celeb-reID-light.
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As in (Guanshuo et al., 2018), the five body parts and the global body cue

are integrated to get the final result (denoted as ReIDCaps∗). Different weights

are assigned to each part according to their contributions. Tab. 5.6 shows the

performance. Considering the discriminability of different body parts, the weights

of P11, P21, and G are simply set to 1 because the three parts are visually more

recognizable than other parts (P12, P13, and P22, refer to Fig. 5.10). Under this

setting, the search space (i.e., different combinations) can be greatly reduced. The

same weight on parts P12, P13, and P22 is used, the weight varies from 0.1 to 1

(gap 0.2). When the weight equals to 0.5, the proposed method achieves the best

performance. Since the Celeb-reID and Celeb-reID-light are all LT-reID datasets,

the same setting is adopted. The weights on Market1501 and DukeMTMC-reID

are different because each person in both datasets does not change clothing. With

the help of color information on clothes, it is easier to recognize each person on

Market1501 and DukeMTMC-reID with more body part information. Therefore,

the weight of the whole body is simply set to 1, 0.5 for large body parts (P21 and

P22), and 0.25 for small body parts (P11, P12, and P13).

It is clear to see in Tab. 5.5 that the proposed ReIDCaps∗ outperforms other

methods by a large margin on Celeb-reID and Celeb-reID-light. It achieves 15.8%

mAP and 63.0% rank-1 accuracy on Celeb-reID. The second best method MGN

only achieves 10.8% mAP and 49.0% rank-1 accuracy. Even without using any

body part cue, the proposed method (ReIDCaps) can outperform MGN in rank-1

accuracy (51.2% vs. 49.0%). In the meantime, the proposed method outperforms

MGN on Celeb-reID-light by 12.0% in rank-1 accuracy (33.5% vs. 21.5%), which

further verifies the effectiveness of the proposed method in dealing with the LT-reID

scenario.

Robustness Evaluation. To further verify the robustness of re-ID approaches

between the LT-reID scenario and the ST-reID scenario. In this chapter, a Ro-
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Table 5.7 : Robustness score evaluation between LT-reID (Celeb-reID (C) or Celeb-

reID-light (C-l)) and ST-reID (Market1501 (M) or DukeMTMT-reID (D)) re-ID

scenarios using the RS (see Eq. 5.8). The mAP and rank-1 (r1) accuracy (from

Tab. 5.5) are used as evaluation indexes to the RS.

Methods
RS(mAP)

C & M C & D C-l & M C-l & D

MGN 0.17 0.17 0.20 0.20

ReIDCaps∗ (Ours) 0.22 0.22 0.24 0.24

Methods
RS(rank-1)

C & M C & D C-l & M C-l & D

MGN 0.47 0.47 0.26 0.26

ReIDCaps∗ (Ours) 0.59 0.60 0.35 0.35

bustness Score (RS∈ [0, 1]) is defined. The RS score is used to comprehensively

quantify the robustness of a model when it is applied on both ST-reID and LT-reID

scenarios. For instance, it is observed that MGN achieves the state-of-the-art re-

ID performance on two ST-reID datasets (i.e., Market1501 and DukeMTMC-reID).

However, MGN is still hard to tackle the clothing change challenge in LT-reID when

people can change their clothing. In order to get a quantitative comparison of the

robustness between different re-ID approaches across different scenarios, the RS is

defined as follows:

RS(P) =

√
scoreL(P)× scoreS(P)

|scoreL(P)− scoreS(P)|+ 1
, (5.8)

where scoreL and scoreS represent the LT-reID and ST-reID accuracy respectively;

P ∈ {mAP, rank −N} represents different evaluation indexes. Given a re-ID model,

RS returns a large value if the score of both scoreL and scoreS are high and close to

each other. Tab. 5.7 shows the robustness comparison results by using Eq. 5.8. It

can observe that the proposed method has better robustness than MGN when the
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Market1501 Celeb-reID

Figure 5.11 : Pose estimation results (the bottom row). The head images (the top

row) are extracted according to the location of keypoint of the neck.

Table 5.8 : Comparison between re-ID performance when only head images are used.

Methods rank-1 mAP

Celeb-reID (head)

Two-Stream (Zheng et al., 2018) 27.9% 11.6%

Market1501 (head)

Two-Stream (Zheng et al., 2018) 29.0% 13.2%

evaluation is conducted on different scenarios.

Reliability of Head Information. Normally, person re-ID (in existing re-

searches) would like to use overall body information rather than head/face infor-

mation. This experiment clarifies that the proposed dataset does not present high-

quality head/face information. Otherwise, any method of person re-ID developed

on such dataset may have bias caused by strong head/face information. In order

to verify this point, the 2D human pose estimation approach (Cao et al., 2017) is

adopted to localize anatomical keypoints on the body of persons. According to the

keypoint of the neck, the head part from the body can be extracted. As shown in

Fig. 5.11, the head part (including the face) can be obtained from the Celeb-reID

dataset and Market1501. It can be clear to see that, in terms of head information,
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the proposed dataset shares the same characteristics and presumption (i.e., head

information not useful) as other existing datasets for person re-ID research such

as Market1501. The Two-Stream (Zheng et al., 2018) model, which contains both

identification and verification signals, is used to train and test the re-ID performance

when only the head images are adopted. Tab. 5.8 shows the result. It shows that the

quality of head information in the proposed dataset is even worse than Market1501.

This is because celebrities in the Celeb-reID dataset have a great chance to wear

sunglasses or hats, making these faces hard to recognize.

5.5 Conclusion

This chapter introduces a new LT-reID dataset called “Celeb-reID” to the com-

munity. This dataset uses the street snap-shots of celebrities as the resource. Com-

pared with previous datasets, the proposed dataset is the largest re-ID dataset with

the clothing change of the same people ID. A ReIDCaps model is designed to tackle

the clothing change challenge. Compared with the common SN-based CNN, VN

capsules are used to perceive the clothing change of the same person. The capsule

layers and an ImageNet-trained CNN are integrated together for complex person

re-ID data. Comprehensive experiments are given to demonstrate the superiority of

the proposed method in the LT-reID scenario.
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Chapter 6

Modality Bias Training Issue for Infrared-Visible

LT-reID

6.1 Motivation

The task of person re-identification (re-ID) is to associate the IDs of different

person images captured by different surveillance cameras. Currently, significant

progress has been made in person re-ID under visible lighting conditions (Wan et al.,

2020a; Song et al., 2018; Zheng et al., 2019; Ding et al., 2019; Wei et al., 2018b;

Wang et al., 2015; Yu et al., 2019a; Luo et al., 2020b,a; Wang et al., 2019b; Zeng

et al., 2020; Wang et al., 2019d). However, with the rapid development of person

re-ID, a sophisticated system should have the capability to handle various cases such

as cross-modality re-ID. As a typical and widely observed case, infrared-visible LT-

reID has been brought into focus (Wu et al., 2017; Ye et al., 2018a; Dai et al., 2018;

Ye et al., 2018b, 2019; Wang et al., 2019c), which uses different sensing cameras

under different lighting conditions (i.e., RGB cameras for good lighting conditions

and IR cameras for poor lighting conditions).

To associate person images captured by different types of cameras (RGB and IR),

infrared-visible LT-reID is studied to tackle a typical cross-modality issue (Wu et al.,

2017). The main challenge of infrared-visible LT-reID is to tolerate the discrepancies

between RGB and IR given objects with the same IDs (i.e., ID-tied cross-modality

image pairs) (Ye et al., 2018a,b). To achieve this, existing approaches learn shared

features across modalities (Wu et al., 2017; Ye et al., 2018a; Dai et al., 2018; Ye et al.,

2018b, 2019; Wang et al., 2019c). Amongst the existing methods, the ImageNet-
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Figure 6.1 : Simplified network of existing infrared-visible LT-reID approaches. A

and B represent different modalities. If A=RGB, then B=IR and vice versa. The

ID label is the same (different) between an image sample from modality A and the

ID-tied (ID-exclusive) image sample. The GAP, IDE, and FC are short for the

Global Average Pooling, ID-discriminative Embedding, and Fully Connected layers,

respectively.

trained ResNet50 is widely used and has demonstrated a compelling performance (Ye

et al., 2018a; Dai et al., 2018; Ye et al., 2018b, 2019; Wang et al., 2019c). In addition,

ImageNet-trained ResNet50 is also prevalent in state-of-the-art conventional re-ID

approaches (Zheng et al., 2019; Yu et al., 2019a; Luo et al., 2020a,b; Wan et al.,

2020a), which demonstrates its vital role in drafting re-ID approaches. However,

the performance of ImageNet-trained ResNet50 on the infrared-visible LT-reID task

is not promising.

To learn shared features for infrared-visible LT-reID, existing approaches either

adopt feature-level constraints (Wu et al., 2017; Ye et al., 2018a; Dai et al., 2018; Ye

et al., 2018b, 2019; Hao et al., 2019) or add additional constraints provided by certain

image generation processes through Generative Adversarial Network (GAN) (Wang

et al., 2019c,a, 2020). These approaches are illustrated in Fig. 6.1. The simplified

model is based on the classic ID-discriminative Embedding (IDE) (Zheng et al.,
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Table 6.1 : Building blocks of existing infrared-visible LT-reID approaches. I, Ip,

and In respectively represent input samples, ID-tied image samples, and ID-exclusive

image samples in a training minibatch.

Methods Inputs Backbone Extra Functions

HCML (Ye et al., 2018a) (I,Ip) IDE contrastive loss

BDTR (Ye et al., 2018b) (I,Ip) IDE top-ranking loss

eBDTR (Ye et al., 2019) (I,Ip) IDE center-constrained loss

D-HSME (Hao et al., 2019) (I,Ip) IDE KL loss

cmGAN (Dai et al., 2018) (I,Ip,In) IDE-T modality classification loss

D2RL (Wang et al., 2019c) (I,Ip,In) IDE-T data-level transfer

AlignGAN (Wang et al., 2019a) (I,Ip,In) IDE-T data-level transfer

JSIA-ReID (Wang et al., 2020) (I,Ip,In) IDE-T data-level transfer

2016a) person re-ID model (ImageNet-trained ResNet50 + identification (ID) loss)

(e.g., (Ye et al., 2018a,b, 2019)) or with an additional triplet loss to pull (push) the

instance of the same (different) ID closer (farther) (e.g., (Dai et al., 2018; Wang

et al., 2019c)). The IDE network with triplet loss is named IDE-T in this work.

Tab. 6.1 lists the building blocks of existing cutting-edge infrared-visible LT-reID

approaches. These approaches are trained on the basic IDE or IDE-T backbone

model shown in Fig. 6.1 with some extra functions.

This work observes that existing infrared-visible LT-reID approaches which nor-

mally adopt ImageNet-trained ResNet50 (He et al., 2016) to learn the shared fea-

tures of ID-tied cross-modality image pairs can lead to an undesired Modality Bias

Training (MBT) issue. Consequently, the learned shared features cannot be used

to acquire the true characteristics that are not biased to either modality. Instead,

the learned shared features will contain more information from the RGB modality

due to the significant differences in training data between the RGB modality and
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IR modality. For instance, when two images from different modalities need to be

classified into the same person ID, ImageNet-trained ResNet50 is likely to learn

the discriminative features from its familiar modality (i.e., RGB). Thus, the infor-

mation from its unfamiliar modality (i.e., IR) can be overwhelmed by the RGB

information during training. Regardless of the ID-tied cross-modality image pair or

ID-exclusive cross-modality image pair (i.e., two images belong to different IDs and

modalities), the ImageNet-trained model is inclined to favor RGB features. That

is, an ImageNet-trained model has difficulty learning essential ID features from IR

images. Given a pair of images with the same ID, the objective of the model is

to learn the shared features between images from two modalities to minimize their

differences. However, due to the bias explained above, such an objective is hard

to achieve. On the other hand, for ID-exclusive image pairs, the objective is to

determine the difference between two images in terms of their ID. That is, the re-

sult will be acceptable as long as the model can learn different features from these

two images from different modalities. Although such differences may be partially

contributed by model bias mentioned above, the objective is easier to achieve from

the view of model training. In other words, compared to the first case, the model

training in the second case is more efficient and is able to converge more easily.

Therefore, compared with directly using ID-tied cross-modality image pairs as the

input, a better way to learn shared features is desired for infrared-visible LT-reID.

This chapter investigates the root cause of the problem described above and

concludes that the MBT problem is the key cause. Fig. 6.2 provides an intuitive

understanding of MBT. It can be seen that there is a clear boundary between the

RGB and IR feature spaces if the model is trained using data from a single modality.

When an ImageNet-trained model (e.g., ResNet50) is adopted to learn the shared

modality features by using data from the combination of these two modalities, the

learned feature space is inclined to the RGB feature space.
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Figure 6.2 : The MBT issue presented in infrared-visible LT-reID. All images belong

to five people IDs (i.e., ID1 to ID5). The triangles, circles, and lozenges respectively

represent features learned by the modality of RGB, IR, and both of them. Shared

features learned from the two modalities are inclined to bias towards the modality

of RGB. Best viewed in color.

In this chapter, a Dual-level Learning Strategy (DLS) is presented for infrared-

visible LT-reID to mitigate the MBT problem:

First, since ID-tied cross-modality image pairs cause the MBT issue, the pro-

posed DLS should not be heavily tangled with ID-tied information. In each training

minibatch, the proposed method forces the network to focus on the ID-exclusive

cross-modality image pairs rather than the ID-tied pairs.

Second, third modality data is used to further alleviate the MBT issue in the

proposed DLS. The third modality data are generated by GAN. Unlike previous

attempts (Zheng et al., 2017b; Huang et al., 2018a) that use GAN to generate RGB

images only for person re-ID, the generated images in this work contain the charac-

teristics from both RGB and IR modalities. More specifically, through fooling the

discriminator, third modality data can be produced close to RGB and IR images



130

simultaneously. By doing so, the generated third modality data are able to carry

information from the two modalities. Combining real RGB and IR images, the gen-

erated third modality data are also used in the training process to further alleviate

the MBT issue. The unconditional DCGAN (Radford et al., 2015) is adopted for

image generation following (Zheng et al., 2017b; Huang et al., 2018a). Since all

the third modality data generated by DCGAN are unlabeled (do not belong to any

people ID), a dynamic ID-exclusive Smooth (dIDeS) label is proposed for the third

modality data that can then be used in the supervised training. With the addition of

the third modality data, the MBT issue can be further alleviated in infrared-visible

LT-reID.

To explicitly explore the MBT issue exposed in infrared-visible LT-reID, the clas-

sic IDE (and IDE-T) network is adopted directly (refer to Fig. 6.1) with ImageNet-

trained ResNet50 as the backbone to conduct experiments. This is because, as men-

tioned above, the classic IDE model is the pivotal component for designing infrared-

visible LT-reID approaches and has been widely adopted in existing infrared-visible

LT-reID approaches. In experiments, the MBT issue is clearly exposed in the clas-

sic IDE model. Comprehensive evaluations are carried out to demonstrate the ef-

fectiveness of the proposed DLS. Note that the main significance of this work is

not to attempt to achieve state-of-the-art performance on two infrared-visible LT-

reID datasets or to design a fancy network architecture to deal with the task of

infrared-visible LT-reID. This chapter is the first work that unveils the MBT issue

in existing infrared-visible LT-reID models, which could affect the performance of

infrared-visible LT-reID. To tackle (or alleviate) the MBT issue, a solution (i.e., the

proposed DLS) is first provided for the community by conducting experiments on

the pivotal IDE network (without changing the network architecture) to facilitate

future infrared-visible LT-reID works built upon IDE.

The contributions of this chapter are twofold:



131

• The MBT issue, which can lead to undesired performance degradation, is first

unveiled for infrared-visible LT-reID.

• The underlying problem in current infrared-visible LT-reID approaches is in-

vestigated deeply. DLS, which enforces the network focus on ID-exclusive

cross-modality image pairs and introduces third modality data during train-

ing, is proposed to address the undesired MBT issue.

6.2 Alleviating MBT Issue via Dual-Level Learning Strategy

In this section, DLS is presented to alleviate the MBT issue in infrared-visible

LT-reID. As mentioned in Sec. 6.1, the first-level learning strategy in DLS is to learn

shared features using the classic IDE and IDE-T models that focus on ID-exclusive

labels of cross-modality image pairs. The second-level learning strategy in DLS is to

leverage third modality data to further balance the distribution of shared features

in the training process.

6.2.1 The First-Level Learning Strategy in DLS

To mitigate the MBT issue, ID-exclusive cross-modality image pairs are used as

input into a vanilla IDE network (ImageNet-trained ResNet50 + ID classification

loss). Then, IDE is evolved into IDE-T, which additionally benefits from triplet loss

to enhance the feature discriminability.

IDE Model for infrared-visible LT-reID

First, the classic IDE model (Zheng et al., 2016a) is adopted without triplet

loss. The training data of an infrared-visible LT-reID dataset is given as: D =

{(IRGBi , Y RGB
i ), (IIRj , Y IR

j )}Ni,Nj

i=1,j=1, where IRGBi and IIRj represent i-th RGB image

and j-th IR image, respectively. Ni and Nj respectively represent the total number

of images belonging to the modality of RGB and IR. Given an RGB or IR image, its
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ID label is denoted as a C-dimensional one-hot vector Y=[0, ..., 0, 1, 0, ..., 0]>, where

1 is present in the index of ID of the image. In conventional re-ID approaches,

a minibatch data (e.g., the batchsize is K) in D is randomly picked to train an

IDE network M. This strategy is widely used in single RGB modality re-ID tasks.

For infrared-visible LT-reID, images from two different modalities are simply mixed.

Images of a training minibatch are randomly picked from the mixed training set,

regardless of the modality information. This randomly mixed setting is denoted

as Dm. Compared with existing infrared-visible LT-reID approaches, it is observed

that general model Dm achieves better performance when it is applied into a vanilla

IDE network without bells and whistles (refer to Sec. 6.3). Investigating why the

performance of existing infrared-visible LT-reID approaches is even worse than a

simple IDE model Dm is required.

Following the above-mentioned idea, other two settings are introduced. Unlike

Dm, paired images (IRGBi , IIRj ) are fed into M in each training minibatch. There are

two different settings: when the ID label Y RGB
i == Y IR

j , IRGBi and IIRj belong to

the same people ID (ID-tied); Otherwise, IRGBi and IIRj belong to different people

IDs (ID-exclusive). The two types of settings are respectively denoted as Dt and De.

If there are K images in each minibatch of Dm, there should be K/2 image pairs in

Dt or De. To prevent the network from MBT, De, which uses the cross-modality

ID-exclusive label on each image pair, constitutes the first-level learning strategy.

Comprehensive evaluations are carried out in experiments to show the effectiveness

of De in mitigating the MBT issue (refer to Fig. 6.6). Tab. 6.2 shows the three

different settings to clearly distinguish the differences between Dm, Dt, and De.

IDE-T for infrared-visible LT-reID

Based on De, the discriminability of shared features learned by an IDE model can

be further enhanced with a cross-modality triplet loss. The cross-modality triplet
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Table 6.2 : Difference between Dm, Dt, and De settings for training.

Settings Inputs in each minibatch

Dm K images are randomly picked from D

Dt K
2 image pairs {(IRGB

i , IIRj )|Y RGB
i == Y IR

j } are randomly picked from D

De K
2 image pairs {(IRGB

i , IIRj )|Y RGB
i 6= Y IR

j } are randomly picked from D

loss can be employed in M as follows:

LT = max(‖Ft(IAa )− Ft(IBp )‖2
2 − ‖Ft(IAa )− Ft(IBn )‖2

2 + ξ, 0), (6.1)

where A and B represent two different modalities; if A=RGB, B=IR, and vice versa.

IAa is an anchor image sample with the ID label Y A
a ; IBp (IBn ) is a corresponding

positive (negative) image sample with the ID label Y B
p (Y B

n ). The positive (negative)

image sample is also called the ID-tied (ID-exclusive) image sample as shown in

Fig. 6.1. Thus, Y A
a == Y B

p , Y A
a 6= Y B

n . The Ft(·) ∈ R1024 represents the output of a

1024-d fully connected layer (i.e., FC2 in Fig. 6.1). ξ is a margin parameter.

To use triplet loss, both ID-tied and ID-exclusive image samples are fed into

the network. However, as it is mentioned in Sec. 6.1, Dt which uses ID-tied image

pairs as inputs is easily biased towards the modality of RGB (refer to Fig. 6.6 (d)).

Therefore, the contribution of ID-tied image samples is reduced by introducing a

decay factor γ in ID loss. With γ, the ID loss in IDE-T is given as follows:

LID = −(Y A
a � logPA

a + γ · Y B
p � logPB

p + Y B
n � logPB

n ), (6.2)

where � is element-wise multiplication; PX
x (e.g., X ∈ {A,B}, x ∈ {a, p, n}) repre-

sents the softmax predicted probability of an image IXx :

PX
x = P (c|Fid(IXx )) =

[eρ1 , eρ2 , ..., eρC ]>∑C
c=1 e

ρc
, (6.3)

where Fid(·) ∈ RC is the output of a C-dimensional fully connected layer (i.e., FC1
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Figure 6.3 : (a) and (b) are DCGAN models used in conventional re-ID and the

proposed solution, respectively. 100-dimensional random vectors are fed into the

generator for fake image generation. (c) shows the second-level learning strategy in

DLS by jointly training the third modality images (the generated image by (b)) and

real images using a CNN network (e.g., classic IDE or IDE-T network).

in Fig. 6.1). eρc represents the probability of IXx belonging to c-th predefined training

class (people ID).

6.2.2 The Second-Level Learning Strategy in DLS

Besides the strategy to move focus to ID-exclusive data, another strategy is to

introduce more neutral data that possesses balancing information between RGB and

IR to dilute the bias caused by unbalanced training data between two modalities.



135

Such neutral data (which is also called the third modality data) can be produced

by unconditional GAN model (e.g. DCGAN (Radford et al., 2015)).

The Data Generation Process

To generate fake images for re-ID model training (i.e., data augmentation), pre-

vious conventional person re-ID studies (Zheng et al., 2017b; Huang et al., 2018a)

adopt unconditional GANs such as DCGAN (Radford et al., 2015). Thus, this work

also follows the same DCGAN setting of (Zheng et al., 2017b; Huang et al., 2018a) to

generate fake images. Unlike (Zheng et al., 2017b; Huang et al., 2018a), which only

contain images from the RGB modality to train their DCGAN, in the proposed

solution, DCGAN is trained with images randomly picked from two modalities.

However, this process may make training DCGAN more difficult if the input images

are from different modalities (e.g., less stable). To minimize the stability issue, this

chapter proposes two ideas to adjust DCGAN training. To best differentiate the

ideas, Fig. 6.3 (a) and (b) illustrate changes in DCGAN training to generate the

third modality data. First, in each training minibatch in DCGAN, one-half of the

images are randomly picked from the RGB modality, and the other half of the images

are randomly picked from the IR modality. This process ensures the best informa-

tion balance between two modalities. Second, in the amended DCGAN described

in this work, the discriminator verifies that the distribution of the pattern of the

generated data is aligned with the combination of RGB and IR data (rather than

single modality data as with conventional DCGAN). Fig. 6.9 shows the generated

third modality images. It can be clearly seen that the third modality images have

the characteristics of both RGB and IR information.

Since DCGAN belongs to the unconditional GAN model (Radford et al., 2015),

all the generated images do not have ID labels (Zheng et al., 2017b; Huang et al.,

2018a). Therefore, to use the third modality data in training, dIDeS virtual labels
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are proposed and assigned to the third modality data. In training, the real images

with real ID labels and generated third modality images with virtual labels are

combined together (refer to Fig. 6.3 (c)). Specifically, if the third modality images

are added to train IDE with De, there are K/2 triplet tuples (i.e., [(IAa , I
B
n , I

G
g )k]

K/2
k=1)

in each training minibatch, where IGg represents a third modality image. To train

IDE-T, IBp is added in the triplet tuple (i.e., [(IAa , I
B
p , I

B
n , I

G
g )k]

K/2
k=1).

The dIDeS Virtual Label

Since all generated images (the third modality data) by DCGAN are unlabeled,

dIDeS virtual labels are proposed for these generated data to ensure a supervised

learning process in training. The proposed dIDeS label is inspired by LSRO (Zheng

et al., 2017b). LSRO assigns each unlabeled generated image with a smooth virtual

label Y G
g ∈ RC = [ 1

C
, ..., 1

C
, ..., 1

C
]>, where C is the number of people ID in the

training set. LSRO is used to prevent the network from over-fitting on a particular

people ID (Zheng et al., 2017b). Thus, features extracted from the well-trained

network can better generalize on the testing set. Unlike LSRO, the proposed dIDeS

dynamically zeros out label information corresponding to real images presented in

each training minibatch. This is because the third modality data contain information

from both RGB and IR modalities. As it is mentioned in Sec. 6.1, the ID-tied cross-

modality information may increase the risk of MBT in infrared-visible LT-reID.

Formally, given a third modality image IGg , its dIDeS label is defined as:

Y G
g =

[εc
C

]C
c=1
, (6.4)

where c represents the index of people IDs in the training set; εc ∈ {0, 1}. If there

is no real image (both RGB and IR) in a minibatch belonging to c-th people ID,

εc = 1, otherwise, εc = 0. According to the existence of some real ID labels in

each minibatch, different dIDeS labels can be assigned to the same third modality

image when the image is picked by different training minibatches. Fig. 6.4 shows
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Figure 6.4 : (a): LSRO, (b): the proposed dIDeS. In (b), the IDE inputs are used

as an example and assume that K = 2. Best viewed in color.

the difference between LSRO and the proposed dIDeS label.

Advantage of The Second-Level Learning Strategy

First, since third modality images are produced by considering information from

both RGB and IR modalities, they inherently have a positive impact on learn-

ing shared features across the two modalities. Second, for real images, more

attention is paid to the ID-exclusive image pairs (i.e., De). However, ImageNet-

trained ResNet50 is more familiar with the RGB modality. Thus, ImageNet-trained

ResNet50 is more likely to extract discriminative information from certain person

IDs from RGB images rather than from IR images. To mitigate this issue, the

proposed dIDeS can enforce the network to not be too confident regarding certain

person IDs from RGB images in each training minibatch. Third, dIDeS zeros out

the label information corresponding to real images in a minibatch. As it is mentioned

before, ID-tied information may cause the MBT issue. Since the real images and

generated third modality images can be regarded as data from different modalities,

the dIDeS (the label for the third modality data) is also regarded as being mutually

exclusive to the ground-truth ID labels of real images within a minibatch. That is,
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they are ID-exclusive. According to the first-level learning strategy (see Sec. 6.2.1),

it is able to mitigate the MBT issue.

For a generated third modality image with dIDes, the ID loss is formulated as:

LIDG
= −

C∑
c=1

εc
C
· logPG

g (c), (6.5)

Finally, the total loss of the proposed DLS is:

L =
1

3K/2
·
K/2∑
k=1

LkID +
1

K/2
·
K/2∑
k=1

(α · LkIDG
+ β · LkT ), (6.6)

where α and β are hyper-parameters to control the weight of different objective

functions. Since LkID contains anchor, positive, and negative image samples, it

needs to be reduced by three times further (i.e., 1
3K/2

).

6.3 Experiments

6.3.1 Infrared-visible LT-reID Datasets and Evaluation Metrics

In experiments, two widely used publicly available infrared-visible LT-reID datasets

are adopted (i.e., SYSU-MM01 (Wu et al., 2017) and RegDB (Nguyen et al., 2017))

for evaluation. The experiments are mainly conducted on SYSU-MM01. This is

because: 1) compared with RegDB (4K training images), SYSU-MM01 (34K train-

ing images) is a large-scale infrared-visible LT-reID dataset that is more suitable

for evaluations of deep neural network models; 2) the images in SYSU-MM01 are

more colorful than those in RegDB, and the bodies of persons are not aligned well

with different postures and scales (Wang et al., 2019c), which makes them more

difficult to evaluate and closer to reality. Fig. 6.5 shows image samples from the two

datasets.

SYSU-MM01 is a large-scale infrared-visible LT-reID dataset collected on a

campus with six cameras (three indoors + three outdoors). SYSU-MM01 contains

491 person IDs, 395 for training, and the remaining 96 for testing. There are 22,258
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Figure 6.5 : Image samples of one people ID from the SYSU-MM01 dataset (upper)

and two people IDs from the RegDB dataset (lower).

RGB images and 11,909 IR images in the training set. The single-shot all-search

mode (Wu et al., 2017) is used for testing. Specifically, 3,803 IR images from cameras

3 and 6 of the 96 IDs are used for query, and 301 RGB images are randomly selected

from RGB cameras 1, 2, 4, and 5 as the gallery set. The selection of the gallery

set is conducted 10 times. In addition, probe images of camera 3 skip the gallery

images of camera 2 since both cameras are in the same location. The single-shot

all-search setting is chosen on SYSU-MM01 because it is the most challenging and

widely used setting on this dataset.

RegDB is a small-scale infrared-visible LT-reID dataset collected by a dual-

camera system. RegDB contains 412 people IDs. For each ID, 10 images are cap-

tured by an RGB camera, and another 10 images are captured by an IR camera.

Following the evaluation protocol in (Ye et al., 2018a), the dataset is randomly split

into two halves, one for training and one for testing. In the testing set, all RGB

images are used for query, while all IR images are used as the gallery set. The data
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splitting procedure is repeated 10 times, and the average performance is reported.

Evaluation Metrics. The standard Cumulated Matching Characteristics (CMC)

and mean Average Precision (mAP) are adopted for evaluation.

6.3.2 Implementation Details

The IDE and its evolved IDE-T network architectures (refer to Fig. 6.1) are

adopted to evaluate the effectiveness of the proposed DLS in mitigating the MBT

issue exposed in infrared-visible LT-reID. In addition to ImageNet-trained ResNet50,

ImageNet-trained DenseNet121 is adopted as a CNN backbone to evaluate the pro-

posed method comprehensively. FC1 is set to have C neurons, where C is the number

of person IDs in the training set (C=395 for SYSU-MM01, C=206 for RegDB). For

IDE-T, FC2 is set to have 1024 neurons to train the cross-modality triplet loss (refer

to Eq. 6.1). The margin parameter ξ is set to 1. IR images are selected as anchors,

while RGB images are used as positive and negative samples for both datasets. The

batchsize K is set to 64. In training, all the images are resized to 288×144 be-

fore being randomly cropped to 256×128. Random horizontal flipping is performed

on each training image. Stochastic Gradient Descent (SGD) is performed with a

momentum of 0.9. For the ImageNet-trained backbone, the learning rate is set to

0.01. For FC1 and FC2, the learning rate is set to 0.1 and 5e-6, respectively. For

SYSU-MM01 (RegDB), all the learning rates decay 10 times in the last 10 training

epochs, and the training stops after the 20th (50th) epoch. To test the effectiveness

of the proposed DLS in alleviating the MBT issue, the IDE features of each image

are extracted after GAP (see Fig. 6.1). The squared Euclidean distance calculates

the similarity between two images before ranking.
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6.3.3 Effectiveness of The First-Level Learning Strategy

The proposed first-level learning strategy is embedded into the IDE and IDE-T

architectures, respectively. Both qualitative and quantitative evaluations are given.

Qualitative Evaluation by Visualizing Distributions of Shared Features

v.s. Single Modality Features.

To explicitly demonstrate the MBT issue exposed in infrared-visible LT-reID.

The distributions of shared features (i.e., SHA) and features learned from one single

modality (i.e., RGB or IR) are visualized. Fig. 6.6 (a)-(d) illustrate the results.

Given the training set of SYSU-MM01, there are several steps used for the visual-

ization: First, two IDE models using RGB and IR images are trained, respectively.

The two IDE models are used to extract single modality features. Second, four

IDE models using mixed data (RGB+IR) are trained. The four models use different

settings (i.e., Dm, Dt, De, and De+dIDeS), respectively. The four models are used

to extract shared features across modalities. Finally, 500 RGB images and 500 IR

images are used to visualize the single modality features in Fig. 6.6. Another 500

images (250 RGB + 250 IR) are used to visualize the shared features. In Fig. 6.6

(a)-(d), IDE models with different settings are used to extract shared features (see

the captions of each sub-figure).

According to the distribution result shown in the figure, it is clearly seen that

compared with De (Fig. 6.6 (c)), shared features learned by Dm and Dt show obvious

modality bias. In order to indicate how much the proposed DLS resolves the MBT

issue for infrared-visible LT-reID, a modality Relative Distance (RD) is defined to

measure the degree of modality bias using the center points of RGB, IR, and SHA

features shown in Fig. 6.6. The RD is given as follows:

RD(M,SHA) =
D(M,SHA)

D(RGB, IR)
, (6.7)
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Figure 6.6 : The (a)-(d) show distributions of IDE features by Barnes-Hut t-

SNE (Van Der Maaten, 2014b). The SHA is short for shared features extracted

from a model trained on two modalities. RGB and IR respectively represent the

RGB features and IR features extracted from the model trained on a single modal-

ity. ‘C-’ represents the center point of data distribution. D(x,y) is the L1 distance

between C-x and C-y. ‘RD(,)’ is short for the modality Relative Distance (RD),

which is used to measure the distance of (C-IR, C-SHA) and (C-RGB, C-SHA)
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where M ∈ {RGB or IR}. The relative distance is used because D(RGB,IR) should

be the same across (a)-(d) since all RGB and IR features in Fig. 6.6(a)-(d) are

extracted from two same IDE models trained on the two modalities respectively.

However, when t-SNE is used for visualization, D(RGB,IR) is changed across (a)-

(d) due to the impact caused by different SHA.

In Fig. 6.6 (a), RD(IR,SHA)=0.68 and RD(RGB,SHA)=0.37. This result shows

that shared features (i.e., SHA) learned by IDE(Dm) are closer to the modality of

RGB. The gap between the two RDs is |RD(IR,SHA)-RD(RGB,SHA)|=0.31. That

is, the bias is quite obvious. When Dt is adopted for training SHA feature (see

Fig. 6.6 (b)), the bias becomes significant (i.e., |RD(IR,SHA)-RD(RGB,SHA)|=0.62).

This is due to the input of Dt using ID-tied cross-modality image pairs. The

ImageNet-trained ResNet50 is likely to learn features from its familiar modality

(i.e., RGB). When De is adopted to learn shareable features, it shows much better

results (i.e., |RD(IR,SHA)-RD(RGB,SHA)|=0.2). Clearly, the bias is suppressed a

lot as indicated in Fig. 6.6 (c). This demonstrates the effectiveness of ID-exclusive

information for infrared-visible LT-reID. Fig. 6.6 (d) shows the effectiveness of the

second-level learning strategy for alleviating the MBT issue. Corresponding analysis

can refer to Sec. 6.3.4.

Quantitative Evaluation of The First-Level Learning Strategy.

The performance of Dm, Dt, and De is compared by using ImageNet-trained

ResNet50 and DenseNet121. Tab. 6.3 shows the results. It can be observed that

De achieves the best performance when it is adopted by both the ResNet50 and

DenseNet121 IDE networks. A significant performance improvement is achieved

from Dt to De on ResNet50 (i.e., rank-1: 20.2% vs. 29.7%). This result shows

that state-of-the-art approaches (e.g., (Dai et al., 2018; Ye et al., 2018b, 2019)),

which normally adopt ID-tied cross-modality image pairs as inputs into ImageNet-



144

Table 6.3 : The performance of IDE (with Dm, Dt, and De) and IDE-T (with

α=0, β=1, and γ=0.1 in Eq. 6.6) on SYSU-MM01. ResNet50 and DenseNet121

are pretrained on ImageNet. The IDE∗ means training from scratch. ‘R-1’ means

Rank-1.

Methods
ResNet50 DenseNet121

mAP R-1 mAP R-1

IDE (Dm) 29.5 28.2 33.6 34.0

IDE (Dt) 24.1 20.2 33.8 34.8

IDE (De) 30.3 29.7 34.7 35.7

IDE∗ (Dm) 14.6 10.7 16.2 13.5

IDE∗ (De) 14.9 11.1 16.1 13.3

IDE-T w/o. LID 21.2 16.7 21.6 17.2

IDE-T (γ) 33.6 31.2 39.1 39.1

trained ResNet50, are easily inclined to a modality bias in training. Compared

with ResNet50, DenseNet121 is not adopted by any existing infrared-visible LT-

reID work. When DenseNet121 is adopted in the IDE model, MBT issue is less

serious. However, Tab. 6.3 still shows that the training using De can still boost the

performance by ∼1% for rank-1 accuracy and mAP. This experiment demonstrates

the effectiveness of De for alleviating the MBT issue when different backbones are

applied. If both models are trained from scratch (i.e., IDE∗ in Tab. 6.3, without

pretraining on ImageNet dataset), then the performance drops significantly, which

shows the significance of ImageNet-trained models for infrared-visible LT-reID. In-

deed, if IDE∗ is not pretrained using ImageNet, then it should not have an MBT

issue. However, without the pretraining process, parameter initialization in the

CNN backbone becomes significantly challenging, which will cause many uncertain-

ties and even jeopardize the overall performance. Thus, this work still adopts the

ImageNet pretraining process followed by the proposed solutions to deal with the
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Figure 6.7 : The performance of changing γ in IDE-T on SYSU-MM01.

MBT issue. When the IDE-T architecture with the decay factor γ (refer to Eq. 6.2)

is used, performance can be further improved (refer to IDE-T(γ) in Tab. 6.3). It

is noteworthy that this experiment also tries to remove LID for training (i.e., only

use triplet loss: IDE-T w/o. LID). Compared with only using LID (i.e., IDE),

the performance drops significantly on both ResNet50 and DenseNet121. This is

because triplet loss is normally used for enhancing the discriminative ability of fea-

tures, which is regarded as an auxiliary loss term in addition to the ID loss. Thus,

the proposed DLS method only focuses on the ID loss.

Parameter Analysis (γ). γ is used to control the weight of ID-tied samples in

IDE-T (Eq. 6.2). In Fig. 6.7, it is clear that ImageNet-trained ResNet50 is sensitive

to γ for ID-tied samples. This result shows that, due to MBT, ID-tied samples can

compromise performance when they are fed into IDE-T. If the ImageNet-trained

backbone is changed to DenseNet121, the results become better. But for both

ResNet50 and DenseNet121, the best performance is achieved when γ = 0.1. This

experiment shows the ID-tied samples can produce negative effects to infrared-visible

LT-reID when triplet loss is adopted for infrared-visible LT-reID. γ = 0.1 is used in

experiments when IDE-T is adopted.
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Figure 6.8 : The performance of changing the weight β in IDE-T on SYSU-MM01.

Parameter Analysis (β). β (refer to Eq. 6.6) is evaluated on both the

ImageNet-trained ResNet50 and DenseNet121 backbones. As shown in Fig. 6.8,

when β is changed from 0.1 to 1 (stepsize=0.1), DenseNet121 outperforms ResNet50

in terms of both mAP and rank-1 accuracy. However, for both DenseNet121 and

ResNet50, the performance fluctuates with the change in β. For the unified man-

agement of parameters, β is set to 1 in experiments to maintain the consistency

between ResNet50 and DenseNet121.

6.3.4 Effectiveness of The Second-Level Learning Strategy

To demonstrate the effectiveness of the second-level strategy, a visual demon-

stration of the generated third modality images is used, and then the performance

of the proposed dIDeS virtual labels is evaluated.

Visualization of Generated Third Modality Images. Fig. 6.9 shows the

generated third modality images. Since the unconditional DCGAN is used for fake

data generation (refer to Sec. 6.2.2), it can be observed that each third modality

image does not belong to any person ID. The third modality images can be regarded

as a type of neutral data lying between the modalities of RGB and IR. Although
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Figure 6.9 : Generated third modality images by DCGAN using the SYSU-MM01

dataset. Images in orange and gray bounding boxes are real RGB and IR images,

respectively. Best viewed in color.

the generated third modality images do not look similar to RGB or IR images, they

are useful. Early works (Zheng et al., 2017b; Huang et al., 2018a) also support the

ideas that generated unlabeled data can improve the performance of person re-ID.

Note that, other unconditional GAN models such as WGAN (Arjovsky et al., 2017)

and WGAN-GP (Gulrajani et al., 2017) may produce higher quality images than

DCGAN used in this work. However, other unconditional GAN models are not used

in the comparison. This is because better generators may lead to superior perceptual

quality, but may not boost the performance when these generated images are used

in re-ID model training (Huang et al., 2018a). Given an infrared-visible LT-reID

dataset, Ng third modality images are generated, where Ng = max(Ni, Nj).

Visualization of Data Distribution. To more clearly demonstrate the char-

acteristics of unique third modality (or neutral) data, Fig. 6.10 shows the distribution

of the pattern of generated third modality data using t-SNE. The distribution of
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Figure 6.10 : Visualization of data distribution by using Barnes-Hut t-SNE (Van

Der Maaten, 2014b). For the visualization, 500 RGB, IR, and third modality images

are respectively used. ‘Img’ is short for ‘Image’. ‘TM’ is short for the ‘Third

Modality’ generated images. ‘C-’ represents the center point for different types of

data. D(x,y) represents the L1 distance between C-x and C-y.

the third modality data lies between the distributions of RGB images and IR im-

ages (e.g., |D(IR,TM)-D(RGB,TM)|=|17.12-17.35|=0.23), which indicates that the

generated data possess balanced information which can mitigate MBT issues.

Comparison with Other Virtual Labels. In this experiment, the proposed

dIDeS is compared with other state-of-the-art virtual labels for person re-ID, includ-

ing LSRO (Zheng et al., 2017b), dMpRL-I and dMpRL-II (Huang et al., 2018a).

These three methods are used to improve the generalization ability of CNNs on

single modality (i.e., RGB) person re-ID tasks. The comparisons are shown in

Tab. 6.4. Compared with the proposed dIDeS, dIDtS is an inverse operation.

Specifically, in Eq. 6.4, if there is no real image in the a minibatch belonging to

c-th people ID, εc = 0, otherwise, εc = 1. The proposed dIDeS achieves the best

performance on both ImageNet-trained ResNet50 and DenseNet121 when the IDE
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Table 6.4 : Comparison with state-of-the-art virtual labels for infrared-visible LT-

reID.

Methods
ResNet50 DenseNet121

mAP R-1 mAP R-1

IDE (De) (baseline) 30.3 29.7 34.7 35.7

IDE (De)+LSRO 30.8 30.0 34.8 35.6

IDE (De)+dMpRL-I 28.2 27.4 34.9 35.8

IDE (De)+dMpRL-II 30.6 30.1 34.1 35.1

IDE (De)+dIDtS 30.4 28.8 34.4 35.9

IDE (De)+Random-Zero 30.6 30.0 34.7 35.8

IDE (De)+dIDeS (Our) 31.8 31.0 35.7 36.8

IDE-T (γ) (baseline) 33.6 31.2 39.1 39.1

IDE-T (γ)+dIDeS (Our) 35.0 32.6 40.6 40.5

network is adopted. The proposed dIDeS outperforms the baseline (without using

third modality images in training) by 1.3% and 1.1% in terms of rank-1 accuracy on

ResNet50 and DenseNet121 respectively, which shows the effectiveness of the pro-

posed dIDeS virtual label for infrared-visible LT-reID. In addition, when randomly

zero out Nz label information for each generated image (Nz equals to the number

of zero in its corresponding dIDeS label), the result is also shown in Tab. 6.4 (i.e.,

IDE (De)+Random-Zero). It can be observed that when using a random zero out

strategy, the performance is lower than the proposed dIDeS, which demonstrates

the effectiveness of the proposed dIDeS label for generated images.

To further illustrate the effectiveness of the proposed dIDeS (with third modality

images), a comparison is provided in Fig. 6.6 (d). Compared with the best results

obtained by only using the first-level learning strategy (Fig. 6.6 (c)), the MBT issue

is further mitigated (i.e., |RD(IR,SHA)-RD(RGB,SHA)|=0.09). Finally, IDE-T is

also trained with the proposed third modality images via the proposed dIDeS. The
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Figure 6.11 : The performance of changing the weight α in IDE on SYSU-MM01.

The baseline is the performance when α = 0 (no third modality image is used in

training).

performance can be further improved 1.5% in terms of mAP (e.g., 40.6% vs. 39.1%).

Parameter Analysis (α). Fig. 6.11 shows the performance when the weight

of third modality images is changed in training. The analysis of α is based on IDE.

The proposed dIDeS label is dynamically assigned to each third modality image

when it is fed into IDE along with the real images in each minibatch. It can be

observed in Fig. 6.11 that the performance shows growth trends along with the

increase in α when DenseNet121 is adopted. However, when ResNet50 is adopted,

the performance shows the opposite trend. Therefore, α is set to 1 for DenseNet121

and 0.1 for ResNet50.

6.3.5 Using Other ImageNet-Trained Model for Evaluation

To show the effectiveness of the proposed method in broader architectures, an-

other model (i.e., AGW (Ye et al., 2020)) is used to evaluate the proposed MBT

mitigation concept, which is also pretrained on ImageNet by using ResNet50. Com-

pared with the other two models, IDE and IDE-T, AGW is regarded as a stronger
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Table 6.5 : Evaluate the proposed DLS using AGW on SYSU-MM01. AGT means

replacing the WRT loss used in (Ye et al., 2020) with the classic triplet loss.

Methods mAP R-1

AGW (reported in (Ye et al., 2020)) 47.7 47.5

AGW (run by our) 48.0 47.6

AGW+dIDES (second-level DLS) 48.8 48.4

AGT (modify by our) 46.5 46.2

AGT(γ) (first-level DLS) 48.2 47.9

AGT(γ)+dIDeS (first-level+second-level DLS) 49.0 48.8

baseline for infrared-visible LT-reID, which performs reasonably well on existing

infrared-visible LT-reID datasets (e.g., SYSU-MM01). The proposed DLS is applied

to AWG. The result is shown in Tab. 6.5. By directly adding the third modality

data introduced in this work into training with the proposed dIDeS virtual label,

the performance can be improved from 47.6% to 48.4% in terms of rank-1 accuracy.

A minor modification to AGW model is made by changing the Weighted Regulariza-

tion Triplet (WRT) loss to classic triplet loss. This modified model is named AGT.

Then both the proposed first-level and second-level DLS are adopted in AGT. It

can be seen in Tab. 6.5 that DLS is able to progressively improve the performance

by using first-level and second-level DLSs in AGT.

6.3.6 Comparison with State-of-the-Art Methods

The proposed method is compared with several published available state-of-the-

art infrared-visible LT-reID approaches, including Zero-Padding (Wu et al., 2017),

HCML (Ye et al., 2018a), BDTR (Ye et al., 2018b), cmGAN (Dai et al., 2018),

eBDTR (Ye et al., 2019), D-HSME (Hao et al., 2019), D2RL (Wang et al., 2019c),

SDL (Kansal et al., 2020), JSIA-ReID (Wang et al., 2020), and AlignGAN (Wang

et al., 2019a). The comparisons are conducted on two datasets.
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Table 6.6 : Comparison with state-of-the-art infrared-visible LT-reID approaches on

the SYSU-MM01 and RegDB datasets. For IDE and IDE-T based model, ImageNet-

trained DenseNet121 is adopted in comparison. The AGT is modified from AGW (Ye

et al., 2020).

Methods
SYSU-MM01 RegDB

mAP R-1 mAP R-1

Zero-Padding (Wu et al., 2017) 2017 16.0 14.8 18.9 17.8

HCML (Ye et al., 2018a) 2018 16.1 14.3 20.8 24.4

BDTR (Ye et al., 2018b) 2018 19.7 17.0 31.8 33.5

cmGAN (Dai et al., 2018) 2018 27.8 27.0 - -

eBDTR (Ye et al., 2019) 2019 28.4 27.8 33.5 34.6

D-HSME (Hao et al., 2019) 2019 23.1 20.7 47.0 50.9

D2RL (Wang et al., 2019c) 2019 29.2 28.9 44.1 43.4

AlignGAN (Wang et al., 2019a) 2019 40.7 42.4 53.5 57.1

SDL (Kansal et al., 2020) 2020 29.0 28.1 23.2 26.1

JSIA-ReID (Wang et al., 2020) 2020 36.9 38.1 49.1 48.3

Ours

IDE (De) 34.7 35.7 32.8 31.2

IDE (De)+dIDeS 35.7 36.8 34.2 31.8

IDE-T (γ) 39.1 39.1 48.6 46.1

IDE-T (γ)+dIDeS 40.6 40.5 49.2 47.2

AGT(γ)+dIDeS 49.0 48.8 68.1 71.1
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SYSU-MM01. It can be observed in Tab. 6.6 that the proposed method out-

performs the recently published method JSIA-ReID by +3.7% in terms of mAP and

+2.4% in terms of rank-1 accuracy. The mAP and rank-1 accuracy of our method

are also higher than those of JSIA-ReID when only the first-level learning strat-

egy is adopted (e.g., IDE (De)). Since SYSU-MM01 is a large-scale infrared-visible

LT-reID dataset with 34K training images, both ResNet50 and DenseNet121 per-

form promisingly in the comparison (the result of ResNet50 can refer to Tab. 6.3

and Tab. 6.4). Although the number of parameters of DenseNet121 is less than

one-third that of ResNet50, it shows better results.

RegDB. The proposed method is also evaluated on RegDB. Unlike SYSU-

MM01, there are only 4K training images in RegDB. To reduce the risk of overfitting

on the small-scale dataset, previous re-ID works such as (Huang et al., 2018a; Wang

et al., 2019c; Xiao et al., 2016) normally pretrain a CNN model on a large-scale re-

ID dataset and use the pretrained model to initialize parameters on the small-scale

one. Thus, the ImageNet-trained DenseNet121 is pretrained on SYSU-MM01 using

IDE (De). The pretrained IDE (De) (DenseNet121) is adopted to train the RegDB

dataset. The DenseNet121 is used for evaluations on RegDB because it contains

fewer parameters than ResNet50. Therefore, it is more suitable to fit the small-scale

RegDB dataset.

Tab. 6.6 shows the comparison results. The proposed method (IDE-T (γ)+dIDeS)

outperforms all the other methods in terms of mAP. However, both D-HSME and

JSIA-ReID show higher performance than the proposed method in terms of rank-1

accuracy. Although D-HSME performs promisingly on RegDB, its performance on

SYSU-MM01 is quite low (e.g., rank-1: 20.7%). The performance of JSIA-ReID

is also slightly higher than that of the proposed method on RegDB in terms of

rank-1 accuracy. However, shared features learned by JSIA-ReID can benefit from

cross-modality image transfer. The proposed method does not contain the func-
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tion of data-level transfer, and shows significant improvements on two widely used

infrared-visible LT-reID datasets simultaneously.

The AlignGAN (Wang et al., 2019a) reports a 40.7% (53.5%) mAP and 42.4%

(57.1%) rank-1 accuracy on SYSU-MM01 (RegDB). AlignGAN heavily relies on

data-level transfer using GAN for pixel alignment. If only the feature-level align-

ment between two modalities is considered without a data-level alignment, then it

achieves only a 34.1% rank-1 accuracy and only a 36.2% mAP on SYSU-MM01.

The performance is much lower than that of the proposed methods. Note that the

performance improvement of the proposed solution is only based on the vanilla IDE

and IDE-T models with the ImageNet-trained backbone to verify the effectiveness

of the proposed solution in mitigating the MBT issue. The proposed solution does

not use a fancy CNN architecture. In fact, the proposed solutions can be applied

to other state-of-the-art infrared-visible LT-reID architectures to further boost their

performance. In this revised version, the proposed method is also applied to a

stronger model (i.e., AGT(γ)+dIDeS, refer to Tab. 6.5), and the performance sur-

passes AlignGAN significantly. This result also further demonstrates the scalability

of the proposed method.

6.4 Conclusion

This chapter is the first to investigate and unveil the MBT issue for infrared-

visible LT-reID and propose a dual-level learning strategy to tackle this issue by

regularizing the ImageNet-trained CNN in training. Rather than designing a new

network architecture, the classic IDE or IDE-T is adopted to verify the effectiveness

of the proposed approach. The first-level learning strategy forces the network to

focus on ID-exclusive cross-modality image pairs to reduce the risk of MBT. The

first-level learning strategy demonstrates the effectiveness of the proposed method

in both qualitative and quantitative evaluations in experiments. To further alleviate



155

the MBT issue, the proposed second-level learning strategy combines real images

with ground-truth ID labels and the generated third modality images with the pro-

posed dIDeS virtual labels as inputs. Comprehensive evaluations are carried out to

verify the effectiveness of the proposed dual-level learning strategy in alleviating the

MBT issue for infrared-visible LT-reID. The proposed approach performs favorably

against other state-of-the-art approaches without bells and whistles. In addition,

since the proposed DLS is based on the vanilla IDE or IDE-T networks (without

changing the network architecture), it can facilitate future infrared-visible LT-reID

works that are built upon IDE.
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Chapter 7

Conclusions and Future Work

7.1 Conclusion

Person re-ID has been widely studied during the past decade. Previous works

focusing on a small person re-ID task may not be suitable for real-world security

surveillance, which needs to consider more aspects. In order to tackle person re-ID in

the wild, this thesis focuses on four challenges, including 1) challenges on variations

of illumination, viewpoint, and pose, 2) challenges on footages taken in different

environments, 3) challenges on clothing change when a person being identified, and

4) challenges on footages taken by different styles of cameras. Correspondingly, this

thesis discusses limitations of existing approaches on four challenges and presents

new approaches to tackle issues exposed in these approaches from four aspects,

i.e., single-domain ST-reID, cross-domain ST-reID, clothing-change LT-reID, and

infrared-visible LT-reID.

Chapter 3 addresses single-domain ST-reID using generated data with a proposed

virtual label (i.e., MpRL). By doing so, it can increase the diversity of data in

supervised training to sort out the inevitable data limitation issue in the wild. To

train a CNN, MpRL is used as a virtual label assigned to generated data. Two

CNNs are adopted to show the effectiveness of the proposed MpRL. Experiments

demonstrate that generated data can effectively improve the performance of the two

CNNs trained with the proposed MpRL.

Chapter 4 considers the BG shift issue in reducing domain gaps for cross-domain

ST-reID. SBSGAN is proposed to generate soft-mask images with BG being sup-
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pressed. A DA-2S model is introduced with the proposed ISDC module to use helpful

BG cues to sort out the re-ID task in the wild. To further explore/learn the natural

characteristics from unlabelled target domain training data. An update strategy is

given based on the proposed DA-2S network and images generated by SBSGAN.

Based on DBSCAN clustering results, the proposed DCCV is used to improve the

virtual label estimation quality. Experiment results demonstrate the effectiveness

of the proposed approach in both qualitative and quantitative evaluations.

Chapter 5 introduces a new clothing-change LT-reID dataset called Celeb-reID.

This dataset uses the street snap-shots of celebrities as the resource. Compared with

previous datasets, Celeb-reID is the largest re-ID dataset with clothing change cases

for each individual person. In addition, a ReIDCaps model is proposed to tackle

the clothing-change challenge exposed in LT-reID. Compared with common scalar-

neuron-based CNNs, vector-neuron-based capsules are used to aware of clothing

changes of each person. Comprehensive experiments are given to demonstrate the

superiority of the proposed method for clothing-change LT-reID in the wild.

Chapter 6 unveils the MBT issue for infrared-visible LT-reID and proposes a

dual-level learning strategy to tackle this issue by regularizing the ImageNet-trained

CNN during training. Rather than designing a fancy network architecture, IDE and

IDE-T are used to verify the effectiveness of the proposed approach. In the first-level

learning strategy, the network focuses on ID-exclusive cross-modality image pairs to

reduce the risk of MBT. To further alleviate the MBT issue, the proposed second-

level learning strategy combines real images with ground-truth ID labels and our

generated third modality images with the proposed dIDeS virtual labels as inputs.

Comprehensive evaluations are carried out to verify the effectiveness of the proposed

dual-level learning strategy in alleviating the MBT issue for infrared-visible LT-reID

in the wild.
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In the thesis, chapters 3, 4, 5, and 6 are supported by papers published in

prevailing conferences and journals. All of these papers are listed on the List of

Publications.

7.2 Future Work

Due to the challenges described in this thesis, person re-ID has a long way from

becoming an accurate and efficient application. In order to tackle different challenges

for person re-ID in the wild, there are more works should be made for both ST-reID

scenario and LT-reID scenario. In ST-reID, existing works mainly rely on clothing

information to distinguish different pedestrians. However, there are very few works

considering the case where many people have similar clothing. For instance, in

winter, most people may wear coat with dark colours. In such a case, how to deal

with the similar clothing issue is still an open question. Moreover, there is no

existing work considering the impact caused by severe weather conditions for both

ST-reID and LT-reID. It is conceivable that the quality of person images captured

by surveillance cameras in outdoor environments can be badly damaged when there

is rain, snow, or fog. Dealing with the impact caused by severe weather conditions

is also required and has practical significance for both ST-reID and LT-reID in

the wild. As a rarely-considered issue, clothing change is very common in LT-reID,

however, it may not necessarily change in some circumstances. Therefore, how to be

aware of the true clothing status for each individual person should be concerned in

order to better handle clothing-change cases in LT-reID when non-clothing-change

cases also exist.
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