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Abstract

The rise of surveillance cameras has led to a significant focus on large scale deployment
of intelligent surveillance systems. Person re-identification (Re-ID) is one of the quintessential
surveillance problems. Person Re-ID is the task of matching people from the non-overlapping
multi-camera network. It is a non-trivial problem because of the presence of several visual
recognition challenges such as pose change, occlusion, illumination variation, low resolution,
and additional challenges due to temporal dimension in videos for homogeneous Re-ID. In
case of heterogeneous Re-ID, the large modality difference is a big challenge. There are var-
ious applications such as long-term multi-camera tracking, crime prevention, forensic search,
threat detection, instance search, activity analysis, photo-tagging, and many more intelligent
applications.

In this dissertation, we propose homogeneous and heterogeneous Re-ID models. In homo-
geneous case, we contribute towards video-video and image-to-image matching. In heteroge-
neous Re-ID, we propose novel models for RGB-IR and text-image matching.

Our first work is based on video-video Re-ID. In this work, we propose a novel shallow
end-to-end model. It incorporates two stream CNNs, discriminative visual attention and recur-
rent neural network with triplet and softmax loss to learn the spatio-temporal fusion features
and improve the generalization ability. In addition, we contribute a large novel dataset of
air borne videos for person Re-ID, named DJIOI. It includes various challenging conditions
like occlusion, illumination-changes, people with similar clothes and same people at different
days. The elaborate qualitative and quantitative experiments on PRID-2011 [1], iLIDS-VID [3],
MARS [2] and our drone dataset DJIO1 demonstrate the robustness of the extracted discrimi-
native features and efficacy of the proposed model.

The second work aims at developing the image-based Re-ID model. In order to obtain
strong generalizable as well as discriminative features, we propose a novel deep reconstruction
re-identification network (HDRNet). HDRNet comprises of an encoder and a multi-resolution
decoder, which can learn embeddings invariant to pose, occlusion, illumination, and low-
resolution. We further propose a hybrid sampling strategy to boost the effectiveness of the
training loss function. In addition, we propose test set augmentation using reconstructed im-
ages to explicitly transform single query to multi query setting. In our multi-tasking approach,
the feature robustness is enhanced by the multi-resolution decoder and the overall performance
is further improved by sampling strategy and test data augmentation. The rigorous analysis on
publicly available datasets CUHKO3 [7], Market-1501 [8] and DukeMTMC-reID [9] demon-
strate the state-of-the-art accuracy.

Homogeneous Re-ID assumes single modality which restricts its utility under scenario
where samples are captured under different spectrum. We address the limitations of homo-
geneous Re-ID models in our second contribution and propose an image-based heterogeneous
Re-ID model.

Visible-infrared (RGB-IR) Re-ID is one of the important heterogeneous Re-ID tasks for
surveillance applications under poor illumination conditions. In addition to conventional Re-
ID challenges, the spectrum discrepancy scales up the difficulty of the problem. In order to
address this, we propose to disentangle the spectrum information while learning the identity

Xiv
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discriminative features. To extract these features, we propose a novel network with disentangle-
ment loss which can distill identity features and dispel spectrum features. Our network has two
branches, spectrum dispelling and spectrum distilling branch. On spectrum dispelling branch,
we apply identification loss to learn the identity related and spectrum disentangled features.
On spectrum distilling branch, we apply an identity-dispeller loss to fool the identity classifier
so that it primarily learns spectrum related information. The entire network is trained in an
end-to-end manner, which minimizes spectrum information and maximizes invariant identity
relevant information at spectrum dispelling branch. Extensive experiments on existing datasets
SYSU-MMOI [5] and RegDB [6] demonstrate the superior performance of our approach.

The previous problem settings deal with images or videos only. However, in many cases,
there might be only a verbal description of the persons’ appearance available. These descrip-
tions can also be used as the cues for finding a specific person from visual surveillance data.
Such a scenario motivates us to address new challenges beyond the single and multi-modal
visual Re-ID, named as text-image Re-ID. To this end, we first analyze the major challenges of
text-image Re-ID which include text complexity arising due to different words with the same
meanings and alignment uncertainty occurring during matching due to poor correspondence of
text-image pairs. To solve these challenges, we propose an end-to-end Hierarchical Attention
Alignment Network. Our model comprises of: 1) a new strategy of Term Frequency-Inverse
document Frequency thresholding to extract the salient tokens to alleviate the challenge of fext
complexity; i) a hierarchical attention alignment network to determine the potential relation-
ships of image content and textual information at different levels, namely, word-patch level,
phrase-patch level, and sentence-image level for addressing alignment uncertainty. Since hier-
archical attention exploits salient regions has an additional advantage for performing retrieval
in fine-grained text-image matching. The network is optimized via joint weighted hierarchical
attention loss and cross-modal loss in an end-to-end manner. Extensive quantitative and qualita-
tive analysis on the challenging datasets CUHK-PEDES [10] and Flickr-30K [11] demonstrate
the superiority of the proposed approach.



Chapter 1

Introduction

1.1 Surveillance

Surveillance and security cameras are continuously growing day by day in our society. The re-
search community has actively focused on investigating automatic methods of surveillance for
several decades. In video surveillance, one of the key tasks is to detect, identify, and monitor
person in crowded and public scenes such as airports, train stations, and supermarkets. In the
video surveillance context, detecting the whereabouts of humans is the first requirement if any
event involving people has to be detected. The problem of locating a person in the surveillance
footages from overhead view has been actively researched since last few decades. Automated
person detection finds its applications in many areas including human robot interaction, surveil-
lance, pedestrian protection systems, automated image and video indexing, as it provides the
fundamental information for semantic understanding of the CCTV video footages. Another
important task is Person Identification which identifies an individual uniquely. An individual
can be uniquely identified by using unique personal identification number (PIN) and also using
biometrics like fingerprint, face etc. The development of accurate and efficient person identifi-
cation methods is a major area of research in the computer vision, biometric, surveillance, and
security communities. Amongst major surveillance tasks, person re-identification (Re-ID) is
one of the critical problems. Person Re-ID [12-18] is the field of study that deals with match-
ing of people across disjoint camera views. More specifically, re-identification of an individual
is the task of matching a person in diverse scenes, obtained from different cameras distributed
over non-overlapping views. It has gained much attention in the recent past due to its impor-
tance in tasks such as long-term multi-camera tracking, threat detection, instance search, foren-
sic search, crime prevention, activity analysis, photo-tagging, trajectory generation of person-
of-interest, anti-terrorism and many more intelligent applications in real world. The main focus
of Re-ID is to develop an algorithm such that if a person is moving from one camera to another
camera then the algorithm should be able to compare the query (image/video/text) against all
the gallery (image/video) and identify the correct match. However, identifying a person from
the appearance often becomes a difficult task under uncontrolled camera and environmental
variations. Thus describing a person in terms of robust representation is a challenging task. A
typical person re-identification scenario can be seen in Figure 1.1.

More formally, Re-ID can be defined as follows. Let the training data be X € R**N_Each
column of the data matrix X, x; € R%*1, represents the i" training sample. Let yi € RXX1 be
the one-hot encoded label of x; where K is the number of identities. Further, let D be a distance
measure such as Euclidean distance. Then, the distance between a pair of different samples, x;



Figure 1.1: A Typical Camera Network System

and X}, can be computed as,
D(x;, %)) = ||x; — xj[3 (1.1

We aim to learn an optimal deep feature representation model for Re-ID such that the sam-
ple x; whose distance is minimum to the sample x; of the same identity is the closest match and
D(x;,xj) < D(xj, x}), where x;- is a sample of any other person.

1.2 Homogeneous and Heterogeneous Re-ID

Person Re-ID algorithms can be broadly classified under two categories "Homogeneous Re-
ID" and "Heterogeneous Re-ID". Homogeneous Re-ID algorithms for video-video [19-21] and
image-image [2, 8, 22] have been proposed for matching the person under the same modality. A
typical model of the homogeneous Re-ID [12, 23-27] system takes a same modal pair of probe
and gallery data as an input to the network and outputs a similarity score between the two which
depicts whether the pair belongs to the same person or not. Colour information is one of the
most important appearance cues for re-identifying a person. Due to this, homogeneous Re-ID
can be limited in surveillance and may not capture reasonable appearance information under
poor illumination conditions.

On the other hand, heterogeneous Re-ID [5, 28-30] assumes that the query and gallery
data comes from different modality. Though it allows deployment under real world scenarios
where cameras capture under different spectrums or the probe is a natural language description,



heterogeneous Re-ID task scales up the challenges during matching the person or probe against
the gallery.

In this dissertation, we address both the categories of the Re-ID problem. We propose
video-video and RGB-RGB Re-ID under homogeneous settings and RGB-IR and text-image
Re-ID in heterogeneous settings. Figure 1.2 shows the examples for both categories with visual
examples.

h
shorts and white tennis shoes. He has on
a blue backpack and is carryig a
reuseable tote.

Figure 1.2: Homogeneous and Heterogeneous Re-1D System

1.3 Challenges

Re-ID is a difficult task as it suffers from severe challenges [12, 14, 31-33]. These challenges
arise due to the fact that the probe and gallery samples come from different settings or modali-
ties. Figure 1.3 illustrates the various challenges in both categories with visual examples.

1.3.1 Homogeneous Re-ID

e Re-ID Challenges: Re-ID suffers from the challenges of pose variation, illumination
variation, occlusion, and low resolution. Learning a deep model that can generalise well



against the various challenges is a hard problem. Further, the non-availability of large
labeled datasets as well as availability of only few samples per person per camera poses
a great challenge in training deep networks and often lead to overfitting. Different from
generic recognition problems, Re-ID also suffers from the large intra-class diversities and
inter-class differences, that is different persons can look alike across camera views, and
the same individual may look different under different camera views.

e Video based Re-ID: In addition to the above Re-ID challenges, in case of videos, the
problem becomes even more challenging due to the inherent dynamic nature of videos
and motion blur.

1.3.2 Heterogeneous Re-ID

The main drawback of the homogeneous Re-ID is that it assumes ideal and fixed environmental
conditions like good visible lighting and limits the applicability of person Re-ID in practical
surveillance applications. In addition to the homogeneous challenges, it has many more chal-
lenges as follows.

o RGB-IR Re-ID: Though the wide applicability of heterogeneous settings where devices
have both visible and infrared imaging capability is encouraging, it is more complicated
compared to homogeneous Re-ID. In addition to RGB-RGB Re-ID challenges, the spec-
trum challenge also needs to be addressed. In particular, IR images are void of color and
texture. Thus learning robust representation which can match RGB and IR images is very
hard.

e Text-Image Re-ID: Under heterogeneous settings, we also address the problem where
only a textual description is available for a person. The completely different modality
of image and text further adds to the existing challenges in Re-ID. Additionally, the
text modality also requires investigation of other feature representation models such as
Recurrent Neural Networks (RNNs) and Long Short Term Memory (LSTMs).

In the following section, we briefly discuss our contributions.

1.4 Research Contributions

In this work, we propose homogeneous (video-video and RGB-RGB) and heterogeneous (RGB-
IR and text-image) Re-ID systems. The contributions are summarized as follows:

e Video-Video Re-ID: We propose a novel shallow end-to-end network for video-video
matching [25, 34, 35]. To learn rich representations from multi-scale visually attentive
regions, we use CNN and spatial pyramid pooling (SPP) [36] network. Since discrimi-
native frames may appear anywhere in the sequence, we exploit spatio-temporal fusion
of features by adding spatially pooled features of CNN with temporally pooled features
of RNN. In order to train the network, we use a multi-loss function. Our model requires
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Figure 1.3: Challenges of Person Re-ID. Green boxes shows the challenges in homogeneous Re-ID
models and red boxes shows the challenges in heterogeneous Re-ID with examples. Color coded arrow
indicates the challenges including the appearance gap to modality gap.

only approximately 15% of the parameters compared to state of art deep models such
as LuNet [37]. We also contribute a large novel dataset of air borne videos for mo-
bile platform video person re-identification, named as DJIO1. It is taken under various
challenging conditions like view variation, occlusion, illumination changes, people with
similar clothes, same people at different days, scale variation and pose variation.

e RGB-RGB Re-ID: We propose a robust multi-resolution encoder decoder network to
learn features invariant to pose, occlusion and illumination [25, 38]. The additional gen-
erative task makes the learned feature representation richer and thus more generalisable
to the test data. Since the images generated by the decoder are from multiple scales,
the learned features are also scale invariant to a large extent. We also show qualitative
analysis to verify the claim. We demonstrate a new mechanism of test data augmenta-
tion using the reconstructed images. Such augmentation can further enhance accuracy in
case of single query setting. The increase in accuracy can be attributed to the fact that
reconstructed images are invariant to multiple challenges, thereby increasing the feature
robustness.

e RGB-IR Re-ID: In addition to the homogeneous Re-ID problems, we address the prob-
lem of heterogeneous RGB-IR Re-ID by exploiting the Spectrum-Disentangled represen-
tation Learning (SDL) [30]. To the best of our knowledge, in the person Re-ID domain, it
is the first effort to design a network with disentanglement loss to filter out the spectrum
information. To achieve the goal of spectrum invariant features, we design two branches
in our network, named as spectrum dispelling and spectrum distilling branch. The first
branch is to keep the useful cues specific to identity. On the other branch, we apply an
identity-dispeller loss to fool the identity classifier so that it primarily learns spectrum
related information.

o Text-Image Re-ID: We address the problem of fine-grained description based Person
Re-identification by exploiting the Hierarchical Attention Alignment Network (HA2-
Net). We introduce a novel strategy of Term Frequency-Inverse document Frequency



thresholding to extract the most salient tokens to alleviate the challenge of fext complex-
ity. Second, a hierarchical attention alignment is proposed to determine the potential
relations at different levels: word-patch level, phrase-patch level, and sentence-image
level for addressing alignment uncertainty. The network is optimized via joint weighted
hierarchical attention loss and cross-modal classification and matching losses in an end-
to-end manner.

1.5 Dissertation Organization

The rest of the work is structured as follows.

e Chapter 2 discusses the literature work for homogeneous and heterogeneous based Re-1D
system.

e In chapter 3, we present the proposed algorithm for video-video Re-ID system. Further,
we introduce a new air borne video dataset with challenging situations.

e In chapter 4, we present our proposed approach for homogeneous image based Re-ID,
and analyze each component of the network. First, a deep reconstruction Re-ID network
using hybrid sampling strategy is discussed. Further, a new mechanism of test data aug-
mentation is followed by experiments on publicly available datasets to demonstrate the
state-of-the-art performance.

e Chapter 5 describes our proposed approach for heterogeneous image based Re-ID. This
chapter addresses the problem of cross-modality RGB-IR Re-ID by exploiting the Spectrum-
Disentangled representation Learning (SDL). Further, effectiveness of our proposed method
on challenging RGB-IR Re-ID datasets is described.

e Chapter 6 extends the Re-ID problem into more broader view from person to other cat-
egories. The problem of fine-grained text-image matching is addressed. First, a novel
strategy of Term Frequency-Inverse document Frequency thresholding is described. The
hierarchical attention alignment approach is then detailed followed by experimental re-
sults on standard challenging datasets.

e Finally, chapter 7 concludes the thesis by summarizing the contributions and discusses
the future research work on Re-ID.



Chapter 2

Literature Survey

In this chapter, we provide an overview of homogeneous and heterogeneous techniques. In
section 2.1, we discuss homogeneous based Re-ID which covers algorithms for video-video
and RGB-RGB. Further, in section 2.2, we discuss closely related work which deals with the
RGB-IR and text-image work of heterogenous Re-ID.

2.1 Homogeneous based Re-ID

These methods can be categorized into two different classes: video-video and RGB-RGB
matching models.

2.1.1 Video based Person Re-ID

Video based person Re-ID is a challenging and important task in surveillance based applica-
tions. Several approaches exploit spatio-temporal information for video-based person Re-ID
[21, 39-41]. Mclaughlin et al. [21] use RGB frames and optical flow between consecutive
frames to construct the spatio-temporal features. However, its single stream convolutional neu-
ral network (CNN) takes partial advantage of rich temporal information. In other tasks such
as action recognition, two stream CNN architecture has been shown to give better performance
[42]. Video is split into two individual streams, i.e. sequence of still images and optical flow
vectors, to separately learn better representative features. The information from the two streams
is then fused at certain intermediate layers. Shallow models like RCN [21] and ASTPN [43]
perform well on small datasets such as PRID-2011 [1], iLIDS-VID [3]. However, the perfor-
mance does not generalize to large datasets such as MARS [2].

Aerial Video based Re-ID Models

Schumann et al. [44] propose to use colour and texture features to recognize individual persons
in aerial video data and features are weighted based on their correlation to operator feedback
in order to find possible matches to a query person track. However, the dataset captured with
moving platform requires view specific discriminative training for obtaining good performance.
This is because of the view variation in the dataset, where view variation is defined as continu-
ously varying view angle of the camera compared to traditional static cameras [45]. The diffi-



culty to collect large view specific data limits the learning ability of a model. Layne et al. [45]
introduce a mobile platform database and test with SVM and metric learning techniques. How-
ever, it is captured at very low altitude and does not have large variance per identity. In [46, 47]
authors exploits person Re-ID in aerial images. Good surveys of aerial based models for video-
video Re-ID can be found in [3, 44, 45, 48, 49].

Handcrafted feature based Models

Wang et al. [3] propose a model based upon optical flow and spatio-temporal features which
select and match discriminative video fragments from unregulated pairs of image sequences
of people. Other popular spatio-temporal features are 3D SIFT [48] and 3D HOG [50]. Jinjie
et al. [49] use 3D HOG descriptor for extraction of the space-time features. 3D HOG fea-
ture contains spatial gradient and temporal dynamic information. In addition, they use color
histograms and local binary pattern (LBP) features to describe a person’s appearance in each
frame. Similarly, color features have been explored by Liu et al. [S1]. However, low level color
features are not discriminative enough to distinguish persons and are sensitive to changes in
appearance due to lighting and view changes. Simmonet et al. [52] apply dynamic time warp-
ing (DTW), which is a popular sequence matching method widely used for action recognition
for person re-identification task. Nixon and Carter [53] study gait pattern for video based per-
son re-identification. However, it requires accurate silhouette extraction which is still an open
problem. All these works use either multiple images or a selected fragment of a sequence to
extract features. However, the rich spatial and temporal information may not be fully exploited
which can degrade the performance.

Deep Learning Models

Over the past decade, deep learning methods [54, 55] have shown a significant improvement
over hand-crafted features. They encode reliable features and corresponding similarity value
for a pair or triplet of images or videos. In last few years, deep learning has shown incredible
performance in many tasks such as action re-localization, person Re-ID and search. Spatio-
temporal action relocalization has received significant attention in the computer vision commu-
nities [56, 57] due to its vast applications such as public security, event recognition and video
retrieval. There are some publicly available datasets such as UCF-Sports [58] and UCF101
[59], which have made great contribution to improve the performance for the task of action
relocalization. Based on these benchmarks, there are a few promising deep model based meth-
ods, including two streams framework [42], C3D [60], and Artnet [61] for action recognition.
These methods mainly try to extract different vision cues, such as short video clips [60], motion
information [42] and long-range video clips [62]. Deep learning architectures based on recur-
rent neural network (RNN) [21] and long short-term memory (LSTM) [39-41] models have
been explored for person Re-ID. McLaughlin et al. [21] focus on color appearance and opti-
cal flow, where the network jointly learns feature representation and similarity metric. RNN
efficiently encodes the temporal information, but there is limitation with learning of the long
duration sequences of the inputs [21]. Graves [39] use an LSTM model for learning long du-
ration dependencies through the use of memory cell units. Varior ef al. [40] propose a siamese
LSTM architecture that can process image regions sequentially and enhance the discrimina-



tive capability of local feature representation by leveraging contextual information. Feedback
connections and internal gating mechanism of the LSTM cells enable the model to memorize
spatial dependencies and selectively propagate relevant contextual information through the net-
work. Wu et al. [41] propose a framework which combines time series modeling and metric
learning to jointly learn relevant features and similarity measure between time sequences of
person. However, LSTM requires large training dataset due to large number of parameters
for achieving good generalization. Yan et al. [63] investigate a recurrent feature aggregation
network (RFA-Net) with LSTM Layer. This network uses a set of hand-crafted frame level
features extracted from each frame in the input sequence and produce sequence-level features.
However, these features may exhibit limited discriminative nature. Dai et al. [19] propose a
temporal residual learning module which is equipped with two bi-directional LSTMs (BiL-
STMs) to simultaneously learn the generic and specific features of a video sequence. Xu et
al. [43] propose ASTPN takes the advantage of attention mechanism to extract features from
informative frames. Subramaniam et al. [64] propose an attention driven approach that ex-
ploits a common set of salient features across multiple frames of a video. Zheng et al. [2]
use Alexnet to extract features and metric learning to compute the similarity. Zhou et al. [65]
propose the temporal attention model (TAM) to focus on discriminative frames. The TAM is
jointly learned with the spatial recurrent model (SRM) to integrate the surrounding informa-
tion at different spatial locations for better similarity evaluation. Zhong et al. [66] propose a
re-ranking method in which given an input, a k-reciprocal feature is calculated by encoding
its k-reciprocal nearest neighbors into a single vector, which is used for re-ranking under the
Jaccard distance. Chung et al. [67] use two stream siamese network to learn spatio-temporal
features separately for person re-identification. Yu et al. [68] explores different streams to learn
different aspects of feature maps for attentive spatio-temporal fusion of video, and then merges
them together to study union features. Li et al. [69] propose a DCF model, in which Multi-Scale
Context-Aware Network (MSCAN) is designed to learn powerful features over full body and
body parts, which can well capture the local context knowledge by stacking multi-scale convo-
lutions in each layer. Li et al. [70] propose SATPP model to leverage the rich visual-temporal
cues for feature learning.

Loss Functions

In addition to exploration of different features and architectures, various loss functions have
also been investigated. Siamese and triplet loss have been exploited in [21] and [37] respec-
tively. The triplet loss reduces the intra-class variation and increases the inter-class variation.
However, Hermans et al. [37] does not fully take the label information of the data into account
as their goal is to pull the instances of the same person closer and push the instances of dif-
ferent persons apart. Further the authors highlight the fact that triplet loss based training for
pre-trained models as well as models trained from scratch can achieve state-of-art performance.
The two models, TriNet and LuNet, are derived from pre-trained ResNet-50 and ResNet-v2 ar-
chitecture respectively. Authors highlight that due to the efficacy of triplet loss even the LuNet
model which is trained from scratch achieves a comparable performance to TriNet model. We
observe that shallow networks work well in case of smaller datasets like PRID-2011 and iLIDS-
VID. However, in case of larger dataset like MARS there is large drop in accuracy. To deal with
larger datasets, one can use deep pre-trained models. Algorithms in [2, 37, 69] uses AlexNet,
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GoogleNet and ResNet and achieve state-of-art performance on MARS dataset. In addition,
[37] uses LuNet model which is trained from scratch and show comparable accuracy with the
use of triplet loss. However, LuNet uses SM number of parameters whereas our shallow net-
work uses only 0.75M parameters with triplet loss and achieves comparable accuracy to that of
LuNet. Recently, attention models have shown good performance in various tasks. Haque et
al. [71] exploit an attention model for the depth data to learn a specific local region.

In this thesis, we use attention based deep learning models to exploit the spatio-temporal
fusion features for video-video matching. In next section, we discuss state-of-the-art algorithms
for the RGB-RGB based work.

2.1.2 RGB-RGB based Person Re-ID

Prior work on still images can broadly be classified into two main categories. The first one is
feature extraction and learning discriminative models corresponding to those features [72—75],
while the other is learning based technique that learn the features in an end-to-end manner. Tra-
ditional approaches typically employ hand-crafted features and a metric learning model. They
either focus on designing distinctive and view-invariant feature representations [73, 76-78],
or learning optimal similarity/distance metrics [66, 72, 74]. Recently, deep learning methods
[13, 22,55, 79-82] demonstrated great success and have the advantage of learning the optimal
feature representation and matching metrics jointly in an end-to-end manner through various
losses [37, 79, 80, 83-85].

Deep Learning Models

Learning based methods encode the reliable features and corresponding similarity values for a
pair or triplet of images [79, 83, 84]. It removes the need of extracting hand-crafted features.
With the great success of CNN features, a lot of recent Re-ID approaches [22, 55, 81, 86—88]
are designed based on CNN structure. These methods can be categorized into four different
classes-Attention, Part-based, Global feature extraction and Multi-resolution models.

Attention Models: In order to learn a focused foreground object, attention masks are
learned [89-91]. Liu et al. [89] feeds multi-level attention maps to different feature lay-
ers to capture multiple attentions from low-level to semantic-level. Liu et al. [90] propose
Contextual-Attentional Attribute Appearance network (CA3Net) to jointly learn visual atten-
tion on attributes and appearance representation by multi-task learning and attribute recogni-
tion. Li et al. [91] introduce Harmonious attention network (HA-CNN) to process multiple
focused regions in different branches and merge with the global features in the final layer for
joint learning of hard regional attention and soft pixel attention. Si et al. [92] propose Dual AT-
tention Matching network (DuATM) via dual attention block which simultaneously performs
feature refinement and feature-pair alignment to learn context-aware feature sequences. Zheng
et al. [93] exploits Consistent Attentive Siamese Network (CASN) that integrates attention con-
sistency modeling and Siamese representation learning in a joint learning framework to learn
identity aware invariant representations.

Part-based Models: One of the major challenges for person Re-ID is the diversity of human
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pose. To obtain a pose invariant representation, several part-based works [22, 55, 88, 94, 95]
are proposed. AlignedRelD [22] explores local features and introduces a feature matching
method to align different body parts. We et al. [55] explores Global-Local Alignment De-
scriptor (GLAD) to explicitly leverages the local and global cues in human body using part
extraction from regions. Beyond parts model (PCB) [88] uses part based models with uniform
partition strategy and employ information from different parts of the image. However, partition
strategy still remains a challenge. Qian et al. [94] propose a Pose-normalization Generative
Adversarial Network (PN-GAN) which allows a deep person image generation model for syn-
thesizing realistic person images conditional on pose to enhance the scalability of the model.
However, the global information, a very significant cue for Re-ID, is completely ignored in this
model. Zheng et al. [95] propose the pose invariant embedding (PIE) as pedestrian descriptor
via PoseBox fusion network to address the pedestrian misalignment problem.

Global Feature Extraction Models: Xiao et al. [86] propose a domain guided dropout al-
gorithm to improve the feature learning procedure by joint training of multiple Re-ID datasets.
DarkRank [96] shows that a powerful teacher model can significantly help the training of a
smaller and faster student network for Re-ID. Huang et al. [81] determine the discriminative
regions in the training data and adversarially occlude a certain percentage of this area. These
samples are then used for training data augmentation, which essentially helps the network to
come out of the local minima during training. Shen et al. [97] propose a Similarity-Guided
Graph Neural Network (SGGNN), which incorporates graph computation and inter-gallery-
image relations in the training stage to enhance feature learning process in an end-to-end man-
ner. Subramaniam et al. [98] propose light-weight fused siamese network by exploiting spatial
correspondence structures via the patch comparison layer to handle the challenges of illumina-
tion variations, partial occlusions and viewpoint invariance.

Multi-resolution Models: All the above discussed methods typically consider only one
input image resolution. Due to this, it drops the potentially useful information of other reso-
lutions. Few works like multi-scale TriNet (MS-TriNet) [99], multi-scale deep learning model
(MuDeep) [100], and deep pyramid feature learning (DPFL) [101] exploits information from
multiple scales in Re-ID. In MS-Trinet, Liu et al. [99] propose a multi-scale network and com-
bine features from three different scales of low resolution by a hard embedding layer and learn a
multi-branch CNN model. In MuDeep, Fu et al. [100] propose a verification network to exploit
the multi-scale features for Re-ID. DPFL [101] consists of m scale specific branches each for
learning one input image scale in the pyramid, and an additional scale-fusion branch for learn-
ing complementary combination of multi-scale features. In MS-Trinet [99] and DPFL [101],
authors utilize multi-scale information at the input end whereas Fu ef al. [100] uses MuDeep
and takes advantage from multiple scales at the convolution layers.

After feature extraction, various metric learning methods [66, 102] are used to find out the
similarity between a pair of images or videos. Most approaches choose the Euclidean distance
to compute a similarity score for a ranking or retrieval task [7, 37]. In particular, [66] propose a
re-ranking (RK) method with k-reciprocal encoding, which combines the original distance and
Jaccard distance to improve Re-ID accuracy.

Several approaches define a new loss function for person Re-ID [37, 83, 84, 86]. Cheng
et al. [84] propose an improved triplet loss by introducing another pull term into the triplet
loss [37, 83], penalizing large distances between positive embeddings. Chen et al. [85] design
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a quadruplet loss, which employs four samples and adds another pull term for the distance
between negative pairs, which can lead to a model with a smaller intra-class variation and larger
inter-class variation. However, generation of samples of triplets or quadruplets still remain a
challenge.

Sampling Strategy

Since generation of relevant triplets is a challenging task, in triplet network (TriNet) [37],
authors propose a batch hard sampling strategy and show significant performance improvement.
This strategy is also applied in [22, 100]. However, it is not an optimal approach. Fan et al. [80]
present a balanced sampling strategy to remove the bias in number of available samples per
person. Here, they use sampling without replacement when there are sufficient samples for a
person, and with replacement when the samples are less.

In this thesis, we propose a deep reconstruction method to learn generalizable features and
address all the conventional Re-ID challenges simultaneously. We discuss the state-of-the-art
algorithms for the RGB-IR based work in the next section.

2.2 Heterogenous based Person Re-ID

We cover two major types of heterogenous Re-ID methods which includes RGB-IR and text-
image based models.

2.2.1 RGB-IR Re-ID

RGB-IR Re-ID has received far less attention compared to RGB-RGB Re-ID problem. In ad-
dition to the challenges present in RGB-RGB Re-ID, the spectrum variation poses a great chal-
lenge in RGB-IR case. In one of the first works, Wu et al. [S] proposed a deep zero-padding
framework for shared feature learning under two different modalities. The deep zero-padding
promotes domain-specific learning efficiently. The domain specific nodes mainly occur in shal-
lower layers and the deep layers are shared. In particular, the domain specific nodes are respon-
sible for bridging the gap between the domains. [5] has also been used in other modalities like
RGB-Depth in [28]. Ye et al. [29] introduced a two-step framework for feature learning and
metric learning. Feature learning involves training using identity loss and contrastive loss.
The metric learning comprises of learning the intra-modality transformation matrices for better
clustering of samples from same person, and the metric to push inter modal samples of different
persons farther apart. Recently, Ye et al. [4] proposed an end-to-end dual-path network to learn
common feature representations and showed significant improvement.

Feature Disentanglement

Disentangling approaches have been used in different computer vision tasks. Some works pro-
posed to disentangle the representations in face tasks such as pose invariant recognition [103]
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and identity-preserving image editing [104]. These methods encode feature vector based on
attribute supervision. However, if new attribute gets added then it needs re-training. Liu et
al. [105] proposed to learn disentangled face identification in addition to face features. The
complete input information is encoded in identity distilled and dispelled features using an auto-
encoder trained adversarialy via MSE loss. MSE being a pixelwise loss yields poor reconstruc-
tion results when there is a huge pose difference. Thus a robust encoding of the image in terms
of identity distilled and dispelled features may not be realized. Bousmalis et al. [106] propose
an unsupervised domain adaptation technique wherein shared and private sub-spaces are ex-
plicitly modeled to obtain better domain invariant representations. DSN learns these shared
and private representations using labeled source and unlabeled target datasets which have the
same classes. A scale-invariant mean squared error loss is applied to reproduce the overall
shape of the objects along with classification, MMD [107] and DANN [108] losses. However,
a reconstruction loss based on pixels may not be a good choice in learning better Re-ID fea-
tures. This is because, the images from different cameras are very distinct in pose, illumination,
scale and spectrum. Disentangled representation has also been exploited in [109-112].

Adversarial Learning

Recent Re-ID methods leverage GANS to fill the domain gap between multi-domain and multi-
modal datasets. Ganin et al. [108] exploits the idea of augmenting a network with discrimina-
tor to enforce hidden representation invariance with the goal of domain adaptation. Metzen et
al. [113] used this kind of architecture in the context of detection. The discriminator, trained
separately from the classifier, is merely used as detector of adversarial attacks. Image-to-image
translation has been widely studied using GANs [114, 115]. Based on the translation of RGB
image to thermal images, Kniaz et al. [116] train a ThermalGAN to obtain multiple thermal
images which are then used for matching against a thermal image gallery. Dai et al. [117] pro-
posed cmGAN to learn discriminative feature representation from different modalities. How-
ever, model with adversarial part is hard to train and the convergence rate is less promising.

In this thesis, we address the RGB-IR based heterogeneous problem via fast disentangle-
ment method. Our proposed method does not use adversarial learning techniques, converges
quickly and obtains strong discriminative identity-related features while disentangling the spec-
trum information. In the following, we discuss another emerging area of text-image Re-ID.

2.2.2 Text-Image based Person Re-ID

Text-image matching has gained a lot of attention in recent years due to its wide applications,
such as product searches in web-pages and person retrieval in the video surveillance system.
Different from existing cross-modal matching methods [18, 30] where both query and gallery
are image-based, the text-image matching utilizes text descriptions for query or gallery. It is
of significant practical usage as a query image is difficult to obtain in many cases, and on the
other hand, textual descriptions can be easily accessible.

Most of the existing text-image matching methods [118, 119] try to learn a joint mapping
that projects the corresponding text-image pair to a shared subspace. However, the learned
global representation may also encode irrelevant details such as complex background in images
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and often disregard the complexity of the text domain. Since it is a challenging task to fill the
large domain gap between text and image data, such global representations may not be efficient.
In order to overcome the issues of global representations, some of the existing fine-grained
matching [10, 120, 121] techniques learn the relation between all possible pairs of words and
regions without attending the important words and regions. Moreover, this approach disregards
the fact that there are patches or words which do not have any correspondence.

Global Feature Embedding Based Methods

Frome et al. [122] designed a Visual Semantic Embedding (VSE) framework to obtain the
global features of input images and text in common feature space by using a ranking loss.
Faghri et al. [123] proposed the VSE++ model and penalized the existing model via the hard-
est negative examples and improved the alignment of image-sentence. Different types of loss
functions such as bi-rank [124], Histogram [125] and N-pair [126] loss are also designed to
match global embeddings. However, the performance is largely dependent on batch size. Bi-
rank [124] produces comparative matching accuracies with a larger batch size. The N-pair
loss proposed an efficient batch construction to address the slow convergence of triplet loss.
[118] introduced cross-modal loss functions for projection matching (CMPM) and classifica-
tion (CMPC) to learn discriminative text-image representations. Wang et al. [119] proposed
a mutually connected classification loss (MCCL) to promote the discriminative feature em-
bedding. However, feature embedding based strategy ignores the importance of fine-grained
visual-semantic similarities of text-image pairs. On the other hand, the learned global repre-
sentation suffers from irrelevant information generated by background and other uninformative
visual regions.

Attention Based Methods

Li et al. [10] proposed the first large-scale person description dataset CUHK-PEDES, which
contains person images with detailed natural language annotations. They also provided an
attention based model, Recurrent Neural Network with Gated Neural Attention (GNA-RNN)
with unit-level attentions and word-level gates to determine the cross-modal affinity. Further, Li
et al. [127] proposed an identity-aware two-stage framework based on the co-attention mecha-
nism for text-image matching. However, the attention is paid to one single direction of LSTMs
to get word representations which may incur some noise because a hidden state contains a com-
plex semantic mixture of the current word and previous words. Huang et al. [128] proposed a
selective multi-modal Long Short Term Memory network (smLSTM) which selectively attends
to a pair of instances of image and sentence at each time step for text-image matching. Chen et
al. [129] improved visual representations through local and global relationships between text
and image. The global relationship is guided via identity labels, and the local association fo-
cuses on improving the visual representations by phrase reconstruction. However, they simply
aggregate the similarity of all possible pairs of regions and words without attending differen-
tially to more and less important words or regions. Different from the above methods where
architectures are based on CNN-RNN, Dual Path [130] employs CNN for textual feature learn-
ing. Hu et al. [120] proposed a relation-wise dual attention network (RDAN) for text-image
matching. Beyond the fundamental text-image matching, the fine-grained problem is the ma-
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jor difficulty in distinguishing different classes that need to be carefully addressed. Therefore,
different from the methods above, we propose to attend the most salient text and match vi-
sual human parts, and further propose an attention alignment model to carry out more accurate
fine-grained text-image matching.

The subsequent chapters details the proposed methods for problems discussed in this chap-
ter and outline the comprehensive experiments and results.



Chapter 3

Video based Person Re-ID

Video can naturally be attributed to spatial and temporal cues. The spatial part carries informa-
tion about scenes and appearances of the persons—like color of the clothes, person’ height and
shape, while the temporal part encodes the walk pattern of the person, which is complementary
to the spatial part. Thus, learning the representations from videos can lead to better results. In
this chapter, we discuss our novel architecture named as CARF-NET for video based person
Re-ID in section 3.1. Further, we discuss our novel DJIO1 dataset for air-borne videos with
challenging situations in section 3.2. Then, we elaborately discuss the experiments and results
in the further sections.

3.1 Proposed Algorithm

In this section, we propose a novel two stream triplet network for video based person Re-ID.
The input consists of color channels and optical flow vectors, where optical flow is computed
using Lucas-Kanade algorithm [131]. Color channels encode details of a person’s appearance
and clothing, whereas optical flow encodes the temporal information. We first use a CNN
module to extract the spatial information. CNN is followed by a spatial pyramid network which
exploits visually attentive regions in the inputs. In order to encode the temporal information,
we use RNNs. In addition, we perform fusion of spatial features with recurrent layer features
across time steps to form a discriminative video-level representation. We train the network
using triplet softmax loss. This approach preserves the spatial information along with temporal
information and also learns the most contributive regions towards Re-ID. A diagram of our
proposed architecture is shown in Fig. 3.1.

3.1.1 CNN with Spatial Pyramid Pooling for Visual Attention

The two streams in the architecture use spatial network (CNN) for learning feature representa-
tions from raw frames and optical flow respectively. Let an input video sequence be denoted
as s;, Vit =1,2,.. T, where T is the length of the sequence. Each layer of the convolutional
network performs the following operation:

Ci11 = tanh(maxpool (conv(Cy))), 3.1

where [ denotes a layer and Cy denotes the raw video frame or optical flow, and in deeper layers
the input is the output feature map from the previous layer of the CNN. To avoid complexity
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Figure 3.1: Proposed Architecture CARF-Net. The input to the two stream spatial network (CNN)
comprises of color image and optical flow. SPP refers to the spatial pyramid pooling. FC denotes 3 fully
connected layers. Outputs of the last fully connected layer from the two streams are fused in FUSION
layer and the resultant feature is given as an input to RNN. Simultaneously, the resultant features are
also pooled together in SPATIAL POOLING layer. The output of RNN layer is pooled in TEMPORAL
POOLING layer. Further, outputs of SPATIAL POOLING layer and TEMPORAL POOLING layer are
fused in SPATIO-TEMPORAL FUSION layer.

and high computation, we use an efficient spatial network as in [21]. The spatial network
(CNN) contains 3 convolutional layers and 2 max-pooling layers with a non-linear tanh layer.
Further, we use an attention mechanism [36], which exploits attentive component to select dis-
criminative local spatial regions from each raw video frame or optical flow. This is necessary
as only sub-regions of the entire frame contribute towards re-identification. Thus, selecting
only those regions can enhance the accuracy. We use spatial pyramid pooling (SPP) [36] as an
intermediate layer over last convolution maps to concentrate over important regions in spatial
dimension. We use SPP because it generates multi-level spatial representations which exploits
the information from various scales. Let the feature maps set be F = {Fl,Fz, ... Fr}, ob-
tained from the convolutional network. Each F; € R°*®*" is then fed into spatial pooling
layer to get image-level representation I;, where c is the number of kernels and, w and h are
kernel” width and height respectively. SPP layer has spatial bins to generate multi-level spa-
tial representations. The dimensions of spatial bins are (By/, B;/|j = 1,2, ...,n), the window

size win; = [Bﬁwf-‘ , [BLM-D and pooling stride str; = (LBZ:]'J , {BEMJ) for j** spatial bin.

Finally, the resultant vector I; is as follows:
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Uij = freshape (fpool(Pi;ZUinjz Strj)) 3.2)
[ =01®072® ... D0V, 3.3)

where fpool denotes the max pooling with window size win and stride str, freshape represents
the reshape operation to reshape matrix into a vector and @ denotes the vector connection
operation. Multi-level spatial representations generated from spatial bins are then combined
into a fixed-length image-level representation. These representations involve the exact position
of a person and multi-scale spatial information. We use a 4-level pyramid pooling for local
spatial attention after the last convolution layer. The output of SPP layer is fed to the first
fully connected (FC) layer. We use 3 FC layers. The output of the third FC layer is a 128
dimensional feature vector. Similarly, feature vector is generated from the second stream. We
fuse the two feature vectors from two streams to obtain a single representation. We explain
the fusion operation in Section 3.1.3. The fusion is represented by the component "FUSION’
in Figure 4.1. Further, letr = r; € R128X1|t =1,2,..., T be a sequential representation of the
fused features from the two streams. In order to encode temporal information, we then pass r
to the RNNs which we explain next.

3.1.2 RNN

Given an input sequence 1,V t = 1,2,..., T, the output of the RNN is 0; which is the final
feature vector obtained at time . The RNN equation is given by,

0 = Wﬂ’t + Whht—l (3.4)

hy = tanh(o;) (3.5)

Here, 0; € R7*1 is the g-dimensional output of RNN at time-step ¢, h;_1 € R7*1 contains the
information on the RNNSs state at the previous time-step, W, and W), are the respective weights
for r; and h;_1. We add a temporal pooling layer after RNN to capture long-term information
present in the whole sequence. Although RNNs are able to encode the temporal information,
they are biased to current information [21]. However, discriminative frames may appear any-
where in the sequence. In order to preserve the information from discriminative frames, we
apply the temporal pooling. We use an average-pooling over the temporal dimension to pro-
duce a single feature vector, which we explain next.

3.1.3 Fusion

In this section, we discuss fusion, spatial pooling, temporal pooling and spatio-temporal fusion
layers present in the architecture. Let frcgy, and frcso, be the respective outputs of FC layers
from streams 1 and 2 at a given time instant ¢, respectively. Then the fusion of these features is
given by,

(fres1, + fresa,) (3.6)

N =

frus, =

where frizs, is the same as ;.
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Spatial Pooling: The inputs to spatial pooling layer are fris,. The pooling equation is
given by,

1T
fsp ==Y frus, (3.7)
I3

where T is the length of the sequence or time-steps.

Temporal pooling: Let fTemp denote the motion information averaged over the whole input
sequence, then
1 T
fTemp == O¢ (3.8)
T t=1

Spatio-Temporal Fusion: We observe that the spatial information along with the temporal
information can be a better representative for re-identification. Towards this, we pool the spatial
and temporal features and this operation is given as in [132]:

Fspr = fsp + fremp (3.9)

In our experiments we find that there is 2% to 4% increase in the performance due to spatio-
temporal fusion.

3.1.4 Training Objective

The triplet network consists of three sub-networks with identical weights. In order to train the
triplet network to perform re-identification, our objective is to show similar and dissimilar input
pairs, and it must learn to map those inputs to a feature space where similar inputs are close and
dissimilar inputs are separated by a margin. We use a multi-loss function including triplet loss
[133] and identity loss. We expect that the features of the positive samples I, are more similar
to anchor sequence I, than the features of the negative sample. Here, I, can be represented by
a feature, in our case we use Fspr. Let a be the margin between positive and negative pairs to
enhance the discriminative ability of learned features. Thus, we have:

Hln—ln+||%+ﬂé < ”111—1117”% (3.10)

The proposed network can be trained end-to-end using back-propagation and the loss func-
tion for N triplets is given by:

1 ¥ _
Ltriplet = N Z [HIH - In+”% - HIn — I ”% + 06} N (3.11)

n=1

where [.]+ is the hinge function.

Given the sequence feature vector I, we can determine the identity of the person in the
sequence using the standard softmax function. Let I' be the total number of identities, z is the
predicted identity for the input person, and S € RM*T is the weight matrix used in the softmax
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Anchor

Figure 3.2: First column refers to the anchor. Second column shows positive samples corresponding to
the anchor. Third column shows the negative samples.

ALGORITHM 1: Training of the Network

N
u=1

N = (xﬁ)uN:1 (shown in Figure 3.2) with optical flow of video sequence s;, t = 1,2, ...T where
T is the sequence length and N is the number of triplets.

Output: The network Parameters W

Initialize W with small random values;

repeat

Randomly sample k, k = 1,2, ....K where K is the number of identities;

forn=1,2,.N do

Randomly sample three video sequence for each selected k' id: first from A, second from P
and the third from N, to form training batch;

Run forward propagation for each sequence;

Extract Spatio-Temporal Fusion features: Fspr using Equation (3.9);

Calculate gradient using back-propagation;

Update network parameters: W"eW = Wewrrent _ n% ;

.. N .
Input: An anchor sequence: A = (x%),_;; a positive set: P = (x};),_; and a negative set:

end
until (n = N) && (k = K);
Return W;

function. S, € RM and Sp € RM denote the ¢ and T*" column of the softmax weight matrix
S, respectively. The softmax function is as follows:

exp(S.'1)
Yrexp(Sr'I)

Lsoftmax = ,B(I) =Pz=c|l) = (3.12)

In order to jointly train the network with both triplet loss and identification loss, the overall
multi-loss training function is as follows:

Liwuiti = Ltriplet + Lsoftmax (3.13)

We mention the training approach in Algorithm 1.
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3.2 DJI01 Dataset

We introduce DJIO1 dataset for video based person re-identification. It includes aerial videos
captured through two drones in various challenging situations. It contains 200 identities, with
video sequence length varying from 32 to 3000 frames. We show a comparison with the existing
datasets in Table 3.1.

Table 3.1: Comparison of DJIOI parameters with existing datasets (IDs denote number of individual
identities)

Datasets IDs Type || Cameras

PRID-2011[1] 200 Static 2
iLIDS-VID[3] 300 Static 2
MARS[2] 1261 || Static 6
MRP[45] 84 Drone 1
DRHITO01[134] 101 || Drone 1
DJIO1 200 Drone 2

3.2.1 Data acquisition and processing

Data Collection is done using DJI Phantom 3 and DJI Phantom 4 Quadcopters. The dataset
is captured in out-door environment with different backgrounds, altitudes ranging from 3m to
35m, frame rate of 24 fps or 60 fps and resolution is 1280x720. GMMCP tracker [135] is used
to segment the person of interest from the video.

3.2.2 Challenges

In our new dataset, we collect rich information with large apperance variation for every single
person. The camera’s motion and orientation leads to change of view point, which adds chal-
lenges during re-identification. Further, the camera motion can also cause blurring effect. Thus,
the performance of algorithm may degrade in videos captured using drones. We show different
examples of DJIOI in Figure 3.3. It shows challenges of scale variation, pose variation, view
variation, different altitude, occlusion, camera motion and illumination variation. In addition,
there are 10 same people captured at different days with all the above mentioned challenges.
Additionally, 10 subjects illustrate the challenge of people with very similar clothes.

3.2.3 Evaluation Protocol

Several approaches have been used for evaluating re-identification performance. We use Cu-
mulative Match Characteristic (CMC) accuracy to evaluate the performance of person re-
identification. All CMC accuracies are given in percentage. The evaluation methodology used
here is as follows. The set is split evenly into a training and test set. The CMC for the test set is
calculated by selecting a probe video and matching with a gallery video. This provides ranking
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Figure 3.3: Various subjects showing different challenges in DJIOI. First row: First subject refers il-
lumination variation, low resolution and clutters; second subject represents scale variations and view
variability; third subject shows occlusion and illumination changes; and the fourth one shows illumi-
nation changes and camera motion. Second row: First subject shows scale variation, pose variation
and blurring due to camera motion, second subject shows occlusion, altitude, scale and pose variation;
third subject shows illumination changes, and the fourth one shows pose and view variations. Third
row: First two subjects show same persons at different days, and rest two illustrate persons with similar
clothes.

for every video in the gallery w.r.t the probe. This procedure is repeated for every probe video.
The CMC is then the expectation of finding the correct match in the top # matches.

3.3 Experiments

We present a comprehensive evaluation of our approach by comparing it to state-of-the-art
methods [2, 20, 21, 43, 49, 51, 63, 67, 136, 137]. In [67], the authors use two stream CNN,
where each stream is a siamese network to learn spatio-temporal features separately. ASTPN
[43] takes the advantage of attention mechanism to extract features from informative frames.
In [2], the authors use Alexnet to extract features and metric learning to compute the similarity.
[20] learns an intra-video and inter-video distance metric from the training videos. In [21],
a recurrent convolutional network (RCN) is used with temporal pooling. STA [51] builds a
spatio-temporal appearance representation for person re-identification. Recurrent feature ag-
gregation (RFA) network [63] is based on LSTM. [49] uses 3D HOG, color and LBP features,
and learn a distance metric for matching. AFDA [136] uses the representative data samples
to learn a feature subspace maximizing the Fisher criterion. [137] learns a single dictionary
to represent both gallery and probe images in the training phase. TSCN [68] uses different
streams to learn different aspects of feature maps for attentive spatio-temporal fusion of video,
and then merges them together to study some union features. In DCF [69] , a Multi-Scale
Context-Aware Network (MSCAN) is designed to learn powerful features over full body and
body parts, which can well capture the local context knowledge by stacking multi-scale convo-
lutions in each layer. [70] propose SATPP model to leverage the rich visual-temporal cues for
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feature learning.

3.3.1 Datasets

A brief description about PRID-2011 [1], iLIDS-VID [3] and MARS [2] datasets is given in
Table 3.1. PRID-2011 is captured in uncrowded outdoor environment with stark difference
in illumination, background clutter and less occlusions. It contains 200 identities, with video
sequence length varying from 5 to 675 frames. iLIDS-VID dataset is more challenging due to
occlusions, illumination changes and viewpoint variations. The video sequence length varies

from 23 to 192 frames. MARS is much larger dataset when compared to others and sequence
length varies from 32 to 20,000.

3.3.2 Experimental set-up

Our architecture is implemented using Torch. All the experiments are performed on Nvidia
GTX 1080 GPU. It takes approximately 20 hours for training with 1000 epochs. The values of
the hyper-parameters are empirically set. We use the following values, learning rate = 0.001,
momentum = 0.9, dropout ratio = 0.6 and the feature embedding-space dimension is 128. For
these experiments, each dataset is randomly split into 50% for training and 50% for testing.
All experiments are repeated 10 times with different train/test set to ensure stable results. For
the MARS dataset, we use the provided fixed training and test set, containing 631 and 630
identities respectively. The source code' and dataset” are available.

3.3.3 Performance Comparison

PRID, iLIDS, DJI01 and MARS Results

We report the results in terms of CMC-1-5-10-20 accuracies in Table 3.2. On PRID-2011,
we achieve 79% CMC-1 accuracy, 96% CMC-5 accuracy, 98% CMC-10 accuracy, and 99%
CMC-20 accuracy. We observe that the proposed algorithm gives better results when compared
to several popular algorithms in most of the cases.

On iLIDS-VID, CMC-1 accuracy is 65%, CMC-5 accuracy is 87%, CMC-10 accuracy
1s 93% and CMC-20 accuracy is 98%. Here again, we observe that the performance of the
proposed algorithm is significantly better when compared with other schemes. The CMC CMC-
1-5-10-20 accuracies are reported in Table 3.3.

The results on MARS dataset are reported in Table 3.4. We observe that the performance
of the proposed algorithm significantly outperforms other existing algorithms in both CMC-1
and CMC-10 accuracies.

The results on DJIO1 are reported in Table 3.5. A CMC-1 accuracy of 64% is obtained.
We also test with other algorithms [2, 21, 43]. We can conclude that our Network outperforms

Uhttps://github.com/kajal15003/C ARF-Net.git
Zhttps://drive.google.com/drive/folders/ IHGq5jellkJox Yju3zFdzZvKneN, pKTK?usp = sharing
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Table 3.2: Comparison of our proposed approach (CARF-Net) with the state-of-the-art on PRID-2011

[1]
Methods CMC-1 || CMC-5 || CMC-10 || CMC-20
DTDL[137] 40.6 69.7 77.8 85.6
TDL[49] 56.74 80 87.64 93.54
RFA[63] 58.2 85.8 93.4 97.9
STA[51] 64 87 90 92
RCNJ21] 70 90 95 97
SI2DL[20] 76.7 95.6 96.7 98.9
ASTPNI[43] 77 95 99 99
IDE[2] 77.3 93.5 - 99.3
TSS-CNN [67] 78 94 97 99
CARF-NET 79 96 98 99

Table 3.3: Comparison of our proposed approach (CARF-Net) with the state-of-the-art on iLIDS-VID

[31
Methods CMC-1 || CMC-5 || CMC-10 || CMC-20
DTDL[137] 25.9 48.2 57.3 68.9
STA[51] 44 72 84 92
SIDL[20] 48.7 81.1 89.2 97.3
RFA[63] 49.3 76.8 85.3 90.0
IDE[2] 53.0 81.4 - 95.1
TDL[49] 56.33 87.60 91 96
SATPP [70] 56.67 78.67 90.00 96.67
RCNI21] 58 84 91 96
TSS-CNN [67] 60 86 93 97
ASTPNI[43] 62 86 94 98
CARF-Net 65 87 93 98

other networks by a significant margin for both CMC-1 and CMC-5 accuracy.

The average CMC-1 accuracy of our algorithm across all four datasets shows a significant

improvement of 6.1%, 9% and 14.25% over IDE [2], ASPTN [43] and RCN [21] respectively.
In addition, we use XQDA [138] metric learning method for similarity evaluation in feature
vectors. The XQDA algorithm learns a discriminant subspace as well as a distance metric
simultaneously, and it is able to perform dimension reduction and select the optimal dimen-
sionality. With incorporation of XQDA metric learning there is an improvement of CMC-1
results: 1.20% in PRID-2011 [1], 1.86% on iLIDS-VID [3], 0.90% on MARS [2] and 2.40%
on DJIOI.

Complexity

We compare the number of parameters used in our network and in other algorithms in Ta-
ble 3.10. CARF-NET uses only 0.75M parameters. On the other hand, methods like IDE
[2], LuNet [37], PBF[139] and TLST[25] uses deep networks such as CaffeNet, ResNetV2,
ResNet-50 and 3D-VGGNet require extremely high number of parameters which increases the



Table 3.4: Results on MARS [2] Dataset. RK:Re-rank

Methods CMC-1 || CMC-5 | CMC-10 || CMC-20
RCNJ[21] 40 64 70 77
ASTPN[43] 44 70 74 81
TSCN[68] 45.6 72.4 75.4 82.6
IDE [2] 65.0 81.1 - 88.9
SATPP [70] 69.69 84.65 89.34 92.77
SFT [65] 70 90 - 97
IDE(R)+(RK)[66] 70.51 - - -
DCF [69] 71.77 86.57 - 93.08
CARF-Net 74 83 92 99
Table 3.5: Results on our Drone (DJI0OI) Dataset
Methods CMC-1 || CMC-5 | CMC-10 || CMC-20
RCNJ[21] 55 62 83 92
IDE[2] 59 65 82 84
ASTPN[43] 63 70 85 98
CARF-Net 64 74 83 95

25

complexity of model. In addition, CARF-Net achieves all results with a feature size of 128,
while others like IDE [2] requires 1024 dimensional features, PBF[139] and TLST[25] uses
4096 dimensional feature size. Thus, our model has twofold advantage of being lightweight
while learning features with high discriminative ability in a much lesser dimension. We also
observe that LuNet achieves an accuracy of 75.56% on MARS, whereas our network attains
a comparable accuracy of 74.9% with metric learning. These observations are quite signifi-
cant as our network is shallow and uses approximately 15% of the parameters used by LuNet.
Thus, based upon the above mentioned experimental results, we can conclude that the atten-
tive mechanism can efficiently utilize spatial and temporal human appearance to learn highly

discriminative representations.

Table 3.6: Comparison with deep networks in terms of number of parameters, feature size and CMC-1

accuracy on MARS dataset

Method Parameters | Feature Size | CMC-1
IDE (CaffeNet)[2] 60M 1024 70.51
LuNet (ResNetV2)[37] SM 128 75.56
PBF + ResNet-50[139] 25M 4096 72.64
PBF + VGG16 [139] 134M 4096 67.27
TLST (3D-VGG)[25] 17M 4096 61.66
CARF-Net 0.75M 128 74

CARF-Net+XQDA 0.75M 128 74.90




26

Cross Dataset Testing

We discuss the comparison results in Table 3.7. Here, we train the system on i-LIDS-VID
and test on PRID-2011. It is evident that CARF-Net performs better except for being slightly
inferior to TRL method at CMC-5. Thus, we can conclude that our model generalizes well to
other datasets.

Table 3.7: Comparison of cross Dataset Testing results, Test Data- PRID- 2011, Training data - iLIDS-
VID

Methods CMC-1 || CMC-5 || CMC-20
ASTPN [43] 30 58 85

RCN[21] 28 57 81

TRL[19] 29.50 59.40 82.20
CARF-NET 36 55 87

Fixed Video Sequence Length

We also analyse the performance of algorithm on iLIDS with fixed number of frame length
sequence for both probe and gallery videos. We use a length of 1, 8, 16 and 32 frames. These
results are shown in Table 3.8. Here, we observe a CMC-1 accuracy of 20 % for 1/1 sequence
length, 38% for 8/8 (probe/gallery length) sequence length, 46% for 16/16 sequence length and
55% for 32/32 sequence length. It also indicates that as we decrease probe and gallery sequence
length, re-identification accuracy also reduces as smaller sequences will have less number of
discriminative frames and insufficient temporal information.

Table 3.8: Comparison on iLIDS-VID [3] (CMC-1 Accuracy) for sequence length of 1, 8,16 and 32
frames

Seq. Length || 1/1 || 8/8 || 16/16 || 32/32
ASTPN[43] || 16 || 35 48 59
RCN [21] 14 || 28 36 44
CARF-Net || 20 || 38 46 55

Ground to aerial video person Re-ID

We also study person re-identification in a setting where the data is captured with a moving
aerial and a static ground-based camera. We collect the data of 30 persons. We use trained
model on DJIO1 to test this dataset. The cross dataset testing results are reported in Table 3.9.
It is more challenging due to large variations in the characterstics of both cameras like viewing
angle, color, resolution etc.

Retrieval Results on DJI01 dataset

In Fig 3.4, we visualize retrieval results on the DJIO1 dataset using the existing algorithms
[2, 21, 43] and compare it against the proposed algorithm CARF-Net.
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Table 3.9: Results on our Drone Dataset (DJI01) for Ground to aerial video re-identification

Methods CMC-1 || CMC-5 || CMC-10 || CMC-20
ASTPNI[43] 58 69 85 98
IDE[2] 51 65 78 94
RCN[21] 45 56 75 90
CARF-Net 56 72 88 98

The videos in the first column are the query videos. The retrieved videos are sorted ac-
cording to the similarity scores from left to right (from second column till last). Red dashed
boundary indicates a negative match and blue shows a positive match. We randomly take probe
videos as query and feed as an input to all the above algorithms and retrieve the corresponding
gallery videos. In Fig 3.4(a), we show results of IDE [2]. We show the results for RCN [21] in
Fig 3.4(b). ASTPN [43] results are given in Fig 3.4(c). We can see that RCN and ASTPN is
covering correct results for one of the queries under Top-5. In Fig 3.4(d), we show our results.
We observe that in all the scenarios the algorithm covers ground truth in Top-5 retrieval results.
In addition, second row shows that the proposed algorithm is robust enough to discriminate
people wearing similar clothes.

Ablation Study

We conduct ablation study of some important factors of our method. We compare CMC results
of all the variants of CARF-Net. The following are the different variants of our model. C-
Net refers to the spatial pooling network, CA-Net refers to attentive spatial pooling network
and CAR-Net refers to attentive spatial pooling network with RNN. CARF-Net stands for the
combination of CAR-Net and fusion of the spatial and temporal features. The results are shown
in Fig 3.5. The average CMC-1 accuracy of CA-Net over all four datasets shows a significant
improvement of 9.25% over C-Net, CAR-Net by 14.20% over CA-Net and CARF-Net by 4%
over CAR-Net. Our experimental results show that spatio-temporal fusion information obtained
using attention mechanism is an important cue for person re-identification and is efficiently
captured using the proposed framework (CARF-Net). We believe that the attention mechanism,
multiple fusion operations across space and time and carefully chosen loss function exploit the
essential regions from the frames which primarily contribute to increase in accuracy.

Robustness to Gaussian Noise

In order to test the robustness against noisy samples, we add Gaussian noise with zero mean
and variance between 0.0001 to 0.003. We test noisy examples with the proposed algorithm and
existing works [2, 21, 43]. The results are shown in Fig 3.6 over all the four datsets. We can ob-
serve that for CMC-1 accuracy, CARF-Net performs better on PRID-2011 and DJIO1, whereas
ASTPN [43] performs better on iLIDS-VID and IDE [2] performs better on MARS dataset.
The average CMC-1 accuracy across all four datasets is 44.00% for CARF-Net, 40.50% for
ASTPN [43], 35.25% for IDE [2] and 28.25% for RCN [21].

Since the vulnerability of RGB images against noisy samples is well known, we investigate



(d) Results on DJIO1 using CARF-Net

Figure 3.4: Visualization of Top-5 retrieval results on DJIOI.

the performance degradation due to optical flow stream only. We perform experiments with
noisy RGB and noisy optical flow as well as with noisy RGB and clean optical flow. Here,
noisy optical flow is the optical flow obtained from noisy RGB frames and clean optical flow is
obtained from clean RGB frames. In the former case, average accuracy across all four datasets
is 44.00% for CARF-Net and 40.50% for ASTPN [43]. In the later case, average accuracy is
46.25% for CARF-Net and 41.25% for ASTPN [43]. We observe that the accuracy change
between the two cases is low. This suggests that optical flow inherently provides robustness
when noise is added spatially. Optical flow gives temporal information and may not be as
vulnerable as noisy RGB frames. Further, we also see that the accuracy increases with clean
optical flow is highest for the case of CARF-Net. This may also indicate the fact that two
stream networks provide an advantage over single stream networks.
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Figure 3.5: Ablation study results on PRID-2011 [1], MARS[2], iLIDS-VID [3] and DJIOI (from left to
right).
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Figure 3.6: Noise Robustness results on PRID-2011 [1], iLIDS-VID [3], MARS[2], and DJIOI (from
left to right).

T-SNE Plots

In order to qualitatively understand each component of CARF-Net, we analyse learned em-
bedding from C-Net, CA-Net, CAR-Net and CARF-Net using T-SNE [140], a dimensionality
reduction technique to visualise high-dimensional embeddings. We obtain the two resulting
dimensions which we can visualise by creating a scatter plot of the two dimensions and color-
ing each sample by its respective label. We plot 220 samples for 20 identities from MARS [2]
dataset. We extract four types of embeddings from C-Net, CA-Net, CAR-Net and CARF-Net
in Fig 6.4 (from left to right). C-Net: we can see that most of the dissimilar points cluster
together incorrectly. CA-Net: we can see that similar points gets more closer as compared to
C-Net. It also shows the effect of SPP layer. CAR-Net: we can easily differentiate the clus-
ters as they are well aligned and well separated, though 40% clusters still contains samples of
different identities. CARF-Net: we can see that the samples are very clearly clustered in their
own little group and more than 90% of similar points are correctly clustered.
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Figure 3.7: Visualizations of the MARS[2] Embeddings by t-sne: Embedding from C-Net, CA-Net,
CAR-Net and from CARF-Net (from left to right).
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3.4 Discussion

In one of our works, we have employed Conv3D to extract spatio-temporal features to accom-
plish video based person Re-ID. Here, we propose a spatio-temporal transfer learning (TLST)
approach using 3D-CNN where we address the issue of insufficient labelled data and transfer
the knowledge. We use a pre-trained 3D-CNN model of Sports-1M [141] dataset and perform
fine-tuning on multiple domain datasets such as PRID-2011, iLIDS-VID, MARS and an aerial
video dataset simultaneously. Learning features from multiple domain data is of significant
value because of large variation which otherwise is not possible to obtain from small individual
datasets. In our experiments, we show that the fine-tuned transferred features encode robust
representations and enhance the re-identification accuracy. In addition, we analyse the net-
work’s robustness against adversarial examples and show that the proposed 3D-CNN network
has better resilience compared to 2D-CNN used in most of the existing algorithms.

Our 3D-CNN architecture is inspired from 3D-VGGNets [60]. The architecture has 8 con-
volutional layers, 5 max-pooling layers, and 3 fully connected layers, followed by softmax-
loss layer. In [60], authors point out that a homogeneous architecture with 3x3x3 convolution
kernels in all layers perform best for 3D-CNN. In our 3D-CNN, we also apply 3 x3x3 convo-
lutional Kernels and 2x2 X2 pooling kernels. All 3D convolutional kernels are 3 x3x3 with
stride 1 in both spatial and temporal dimensions. All pooling kernels are 2x2x2, except for
Ist pooling layer kernel which is 1 xX2x2. We use Rectified linear unit (ReLLU) as an activation
function to accelerate the convergence of stochastic gradient descent. The convolutional layers
are followed by three fully connected layers. First two fully connected layers have 4096 output
units. We use the second fully connected layer for feature extraction. It gives feature vectors
corresponding to the appearance and motion of a person in the video.

We compare the number of parameters used in CARF-Net and 3D-CNN network in Table
3.10. CARF-NET uses only 0.75M parameters. On the other hand, TLST[25] uses deep net-
works, 3D-VGGNet which requires extremely high number of parameters which increases the
complexity of model. In addition, CARF-Net achieves all results with a feature size of 128,
TLST[25] uses 4096 dimensional feature size. Thus, the CARF-Net model has twofold ad-
vantage of being lightweight while learning features with high discriminative ability in a much
lesser dimension. Thus, based upon the above mentioned experimental results, we can conclude
that the attentive mechanism can efficiently utilize spatial and temporal human appearance to
learn highly discriminative representations.

Table 3.10: Comparison with deep networks in terms of number of parameters, feature size and CMC-1
accuracy on MARS dataset

Method Parameters | Feature Size | CMC-1
TLST (3D-VGG)[25] 17M 4096 61.66
CARF-Net 0.75M 128 74

This chapter covered novel method for video-video matching along with the details of novel
air borne video dataset under homogeneous modality. The main focus of the algorithm was on
encoding the robust spatio-temporal fusion features via light-weight shallow network. In the
next chapter, we will discuss the proposed method for RGB-RGB Re-ID.



Chapter 4

RGB-RGB based Person Re-1ID

In this chapter, we describe our proposed model for homogeneous image based person Re-ID,
named as HDRNet in section 4.1. Our model comprises of an encoder-decoder architecture,
where the primary goal is to learn efficient embeddings for person Re-ID. We use multiple
decoders to reconstruct images from learned feature representations to further enhance the ro-
bustness of feature embeddings. We further describe our batch median based sampling strategy
in section 4.1.2 followed by test set augmentation in section 4.1.3. We also report qualitative
and quantitative results of comparison with other popular Re-ID algorithms.

4.1 Network Architecture

The overall network architecture of the HDRNet is illustrated in Figure 4.1. The encoder archi-
tecture is based on that of ResNet-50 [142] which has been widely used as the base network in
many vision applications. We discard the last layer and add two fully connected layers denoted
by FC-1 and FC-2. The last fully connected (FC-2) layer has 128 units. This 128-D output
is taken as the feature representation for describing the visual appearance of the person. This
layer is also used as input to three parallel decoders which reconstruct output at three different
resolutions (128 x 256, 64 x 128, and 64 x 32). The goal of augmenting the network with
decoder is three-fold. First, it has been shown that additional tasks improve the accuracy of
the primary task [143]. Thus, the decoder helps the encoder to learn a discriminative feature
representation that generalises better. Second, in case of multiple decoders, if the encoded fea-
tures can reconstruct the input at different resolutions, the features shall be invariant to image
resolution. Third, it helps in circumventing the challenges of pose, occlusion and illuminance
by reconstructing the samples with uniform pose and illuminance while removing occlusion.
Thus, the gradients that flow during backpropagation, enhance the feature robustness against
these challenges. The decoder network is a shallow network which consists of 3 convolution
layers, named as CONV-1, CONV-2, and CONV-3 and upsampling layers denoted by U at
different resolutions. The output of FC-2 layer is reshaped, upsampled and given as input to
CONV-1. Similarly, the output of CONV-1 is upsampled and given as input to CONV-2. After
performing last upsampling, the reconstructed output is obtained from CONV-3.

The FC-2 layer output is also used to compute the N X N Euclidean distance matrix using
the N samples. Then, we apply hybrid sampling strategy to mine triplets. We discuss this strat-
egy under subsection 4.1.2. We train the network using triplet verification and mean squared
error loss.

31
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Figure 4.1: Proposed framework HDRNet. The input to the ResNet-50 network comprises of N color
images of size 128 x 256. FC-1 and FC-2 denotes two fully connected layers. Output of the last fully
connected layer is given as an input to the multi-resolution decoder. R-U refers to the reshape operation
followed by upsampling. CONV-1, CONV-2 and CONV-3 are convolutional layers. U denotes the
upsampling operation. MSE-1, MSE-2 and MSE-3 refers to mean squared error at three resolutions.
Distance metrics is represented by N X N Distacne between N images. S1 and S2 represent switches
to enable batch hard and batch median sampling strategy, respectively. S1 is ON for first 1K iterations
only, whereas, S2 is ON for the remaining iterations during training. Total Loss is addition of Triplet
and MSE losses.

4.1.1 Model Learning

Input

We randomly sample P classes (person identities) and sample K images of each class (person),
thus resulting in a batch of PK input images.

Learning Objectives

Given an input image x;, the encoder outputs a feature representation Og(x;) where, Og(.)
denotes the output of the encoder. The triplet verification loss function is as follows:

[\12

10k (xi) — Ok () 13-
i= 4.1)
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where « is a positive constant, x; is the anchor, xf is the positive sample, x;" is the negative
sample, N is the number of triplets and [.] + is the hinge function.
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Further, encoder is followed by multiple resolution decoder which reconstructs the input
at different resolutions. In our case, the target output images are X;°, where ;! is the original
resolution input image, ;% is one-fourth resolution of input image, and %3 is one-sixteenth
resolution of input image. Hence, the loss of the decoder is given by Lp as follows:

S

Lp =Y 1% — Op(Oe(x))I5 (4.2)
s=1

where S is the number of scales whose value is taken as 3. O, (.) is the output of the decoder.

We aim to obtain generalizable and discriminative features for Re-ID, thus, our focus is not
on high quality reconstruction of images. We train the model with weighted loss function given
by, Lt + ALp. Further, the weighting factor A is experimentally tuned to 10°.

4.1.2 Hybrid Sampling Strategy

In this section, we discuss a novel sampling strategy named as Hybrid sampling strategy, which
is a sequential application of batch hard strategy and batch median strategy. The batch hard [37]
samples the positive example using a max operator (100" percentile) and negative example
using a min operator (0 percentile). However, it has been shown that median operator (50"
percentile) is robust to outliers while max and min operators are adversely affected by outliers
[144]. Inspired by this observation, we propose batch median sampling, where we select the
median positive and the median negative samples within the batch while forming the triplets.
First, we use batch hard sampling for 1K iterations and then apply batch median sampling for
the 24K iterations. We qualitatively analyze the effect of batch hard as well as hybrid sampling
strategy in Figure 4.3. In Figure 2(b), we find that the maximum distance for positive samples
after applying hybrid strategy for training is about 31% lower compared to Figure 2(a) where
only batch hard strategy is used. Further, the number of samples achieving this is similar in both
the cases. Thus, highlighting the fact that similar number of positive samples in our strategy
achieve much lower distance. Similarly, in case of negative samples, we find that our hybrid
strategy achieves a maximum distance of 17% higher compared to batch hard strategy. !

4.1.3 Test Set augmentation

We propose a novel test set augmentation technique with the reconstructed images in single and
multiple query test setting. In case of Market-1501 and DukeMTMC-relD, we augment the test
image using reconstructed image O}) (Og(x;). We compute the average of feature embeddings
of both images and then determine the cumulative matching characteristic (CMC) accuracy.

4.2 Discussion

In this section, we discuss the network’ robustness against specific challenges. As our model is
trained with triplets of the same identity having different view angles, poses, lighting conditions,

'These plots are created during training using tensor-board. Please zoom-in for better clarity.
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(b)

Figure 4.2: Training plots for Market-1501: Positive Sample Distance Embeddings (a) Batch hard (b)
Hybrid strategy. Please refer to the web version for clarity.

~24588

Figure 4.3: Training plots for Market-1501: Negative Sample Distance Embeddings (a) Batch hard (b)
Hybrid strategy. Please refer to the web version for clarity.

and occlusions, we expect that the features are mapped to a common subspace and reconstruc-
tion using these features would have all the distractions removed while preserving the identity
relevant information. Figures 4.4 and 4.5 show the reconstructed images corresponding to the
input images of test set.

4.2.1 Pose Invariance

In the following, we provide reconstruction examples and demonstrate that the network learns
embeddings invariant to pose. In Figure 4.4 (first row), when person is moving from one camera
to another, pose gets changed due to orientation of camera. However, reconstructed examples
maps all the different poses to same frontal pose and removes pose challenge completely. We
can observe a similar effect in Figure 4.4 (second row). It is also evident that some important
visual attributes are preserved, for example, the color of the T-shirt.
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Figure 4.4: Original and reconstructed images: For both rows, first, third and fifth column shows origi-
nal samples with different poses and occlusion. Second, fourth and sixth column shows the reconstructed
images. Please refer to the web version for clarity.

4.2.2 Occlusion Invariance

In Figure 4.4, we observe that the background clutter as well as occlusion is removed. For
example, the bicycle, handbag, umbrella and backpack are eliminated (in third and fourth row).
Thus, we observe that these features are only dependent on the person to be re-identified.

4.2.3 Illumination Invariance

In Figure 4.5, we can see how colour changes when we move from one camera to another (first
column and third column represents input images from two different cameras with illumina-
tion variation). In the first row, the person’ T-shirt color changes from blue to green which
completely alters the appearance and poses a big challenge in Re-ID. However, from the re-
constructed images we can visualize that different colours map to the same colour by keeping
identity preserving information. However, the proposed network is not completely addressing
the challenge of illumination invariance as this is a huge challenge. The illumination variation
challenge can be further explored as a future aspect.

Thus, generated images suggest that having the generative decoder would encourage the
learned feature to focus on the identity-related appearance rather than environment-related
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Figure 4.5: First and third column: Samples from different cameras describing major illumination
challenge. second and fourth column : reconstruction results showing robustness against illumination
change. Please refer to the web version for clarity.

distractions such as background, occlusion, and pose variation, thus helping the discriminative
Re-ID task.

4.3 Experiments

In this section, we describe datasets used and their evaluation protocols. Further, we discuss
ablation study to evaluate the effectiveness of each component in our proposed model. We also
compare results of HDRNet with state-of-the-art methods. We also perform experiments to
investigate the robustness against individual challenges.

4.3.1 Datasets and Evaluation Protocol

We evaluate our model on the following three datasets: Market-1501 [8], DukeMTMC-relD
[9], and CUHKO3 [7]. We follow the official protocols to evaluate the proposed HDRNet
model. On Market-1501, we follow [8] by splitting all 1501 identities into two halves of
751/750 for training and testing, respectively. Further, we evaluate both single-query and multi-
query test settings. On DukeMTMC-relD, we use the standard training/test split (702/702) [9]
and evaluate single-query test setting. On CUHKO3, we consider two different settings. In the
first evaluation, we use 1367/100 train/test setting [7]. The experiment is repeated 20 times
with random splits and the average accuracy is reported. In the second evaluation, we use
767/700 train/test setting [66]. The single-shot evaluation setting is applied for both cases. The
cumulative matching characteristic (CMC) accuracy is computed to evaluate all the methods.
In addition, we calculate the mean average precision (mAP).
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4.3.2 Implementation Details

The model is implemented on TensorFlow with NVIDIA GTX-1080 GPU. We use the ResNet-
50 architecture as encoder and weights provided by He et al. [142]. All the images are scaled
to 128 x 256 pixels. Data augmentation includes random horizontal flipping and cropping.
The 0.5 margin is used for triplet loss, number of iterations is set to 25K, and the mini-batch
size is 22, in which each identity has 4 images. The number of parameters and FLOPs used
in the network are 26M and 3859.05M, respectively. We use Adam optimizer with default
hyperparameter values, an initial learning rate of 3 x 10, and shrink this learning rate by
following exponentially decaying training schedule [37] until the convergence is achieved. The
source code is available at Github.

4.3.3 Ablation Study

We compare different combinations of the sub-networks in Table 6.1. We first experiment with
the pre-trained networks like AlexNet [145], ResNet-50 [142], Inception [146], and Inception-
ResNet [147] as base models and train them on Re-ID datasets. We observe that ResNet-50
gives the best performance. Hence, we keep ResNet-50 as base network. The average CMC-1
accuracy on all datasets is 65.43%. We then augment the base network with multiple decoders.
When we add a single decoder to reconstruct the input image with same resolution (128 x 256),
we see an average accuracy improvement of 1.68% over all the datasets. Similarly, we see an
improvement of 3.52% and 10.08% when we add decoders for reconstructing the images with
quarter as well as one-sixteenth resolution, respectively. Further, we observe that adding more
decoders adversely impacts the Re-ID accuracy. In this case, the reconstructed images get
sharper and the network may deviate from primary goal of Re-ID. Thus, we find that ResNet-
50 with 3 decoders delivers best performance. We name it as DRNet. Then, we use hybrid
sampling strategy for ResNet-50 with 3 Decoders and term it as HDRNet. HDRNet gives a rise
of 0.44% in single query of Market-1501, 1.61% in detected set of CUHKO3 for 767/700 split,
and 1.89% in case of DukeMTMC-relD for CMC-1.

Table 4.1: Ablation Study results on each dataset. R-ResNet-50, D-Decoder, BH-Batch-Hard, HD-
Hybrid

Base Model Market-1501 CUHKO3 (767/700) | DukeMTMC-relD
mAP CMC-1 mAP CMC-1 mAP CMC-1
R 59.72  81.25 3534 4548 60.87 69.78
R+1D 63.85 82.70 3773 46.32 63.56 72.87
R+2D 67.45 83.50 40.13 48.40 68.56 75.67
R + 3 D + BH (DRNet) 72.89 87.38 52.89 57.84 71.32 81.23
R +3 D+ HD (HDRNet) | 73.56 87.82 54.50 58.42 7411 83.12



https://github.com/kajal15003/HDRNet.git
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Table 4.2: Evaluation on Market-1501 and DukeMTMC-relD. RK: Re-ranking, TA:Test Augmentation,
’-’: Results are unavailable.

Market-1501 DukeMTMC-relD

Methods Single Query Multi Query Single Query

mAP | CMC-1 | mAP | CMC-1 | mAP | CMC-1

Attention HA-CNN [91] 7570 | 91.20 | 82.80 | 93.80 | 63.80 80.50

Mancs [82] 82.30 | 93.10 | 87.50 | 9540 | 71.80 84.90

CA3Net [90] 80.00 | 93.20 - - 70.20 84.60
GLAD [55] 7390 | 89.90 - - - -

Part-based PN-GAN [94] 7258 | 89.43 | 80.19 | 9293 | 53.20 73.58

Local CNN [148] | 77.73 | 91.51 - - 66.04 82.23
AlignedRelD [22] - 91.80 - - - -

PCB + RPP [88] | 81.60 | 93.80 - - 69.20 83.30
. . MS-TriNet [99] - 45.10 - 55.40 - -
Multi-Resolution | “ s aN60] | 5753 | 8031 | 6670 | 8679 | - -

DPFL [101] 72.60 | 88.60 | 80.70 | 92.30 | 60.60 79.20

SVDnet [149] 62.10 | 82.30 - - 56.80 76.70

Global Feature HAP2SP [150] 69.43 | 84.59 | 76.75 | 90.20 | 60.64 75.94
TriNet + RK [37] | 81.07 | 86.67 | 87.18 | 91.75 - -

AO + RK [81] 83.30 | 88.66 | 88.60 | 92.51 | 78.19 84.11
DarkRank [96] 7430 | 89.80 | 81.20 | 93.70 - -

SGGNN [97] 82.80 | 92.30 - - 68.20 81.10

DRNet 72.89 | 87.38 | 79.67 | 91.32 | 71.32 81.23

Multi-Resolution DRNet+TA 7538 | 89.45 | 83.76 | 92.01 | 74.12 82.67

& DRNet+TA+RK | 87.15 | 9432 | 91.35 | 95.25 | 82.12 86.85

Global Feature HDRNet 73.56 | 87.82 | 80.61 | 92.14 | 74.11 83.12

HDRNet+TA 77.18 | 90.65 | 84.22 | 93.21 | 75.34 84.34

HDRNet+TA+RK | 88.01 | 95.14 | 92.59 | 96.49 | 84.56 88.13

4.3.4 Comparison with State-of-the-Art

Results on Market-1501

We report the CMC accuracies corresponding to DRNet and HDRNet in Table 4.2. In case of
HDRNet, the CMC-1 accuracy for single query is 87.82%, for HDRNet + Test-Augmentation
(TA), it is 90.65% and for HDRNet + TA + Re-ranking (RK), it is 95.14%. With test aug-
mentation there is a rise of 2.83% accuracy. Hybrid sampling strategy gives a boost of 0.82%
compared to batch hard strategy used in DRNet for single query. We can observe a similar
trend in case of multi-query setting. While comparing our best model (HDRNet + TA + RK)
against the other algorithms which use multiple resolutions such as MS-TriNet and DPFL, we
observe an increase of 50.04% and 6.54% respectively for single query setting. In addition,
we can see that HDRNet performs very well compared to part based methods including PCB
[88] which requires uniform partitioning, GLAD [55] which requires auxiliary part labeling
to align parts and AlignedReID [22] which needs local features in addition to global features.
Further, HDRNet achieves all results with a feature size of 128, while PCB [88] uses a feature
size of 12,288, AlignedRelD [22] uses 2048 global feature size, SphereRelD [80] uses 1024
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Table 4.3: CMC-1 accuracy on CUHKO3. D-detected, L-labelled

1367/100 split D L
Attention CAN [83] 69.20 | 77.60
HydraPlus [89] - 91.80
Part-based GLAD [55] 82.20 | 85.00
Spindle-Net [87] - 88.50

MSCAN [69] 67.99 | 74.21

Multi-resolution |y heen [100] | 75.64 | 76.87

DPFL [101] 82.00 | 86.70
TriNet [37] 87.58 | 89.63
Global-feature | 1\ prop 11501 | 88.90 | 90.40
Multi-Resolution | DRNet 88.45 | 91.34
& Global Feature | DRNet+RK 91.51 | 94.34
767/700 split D L
Attention HA-CNN [91] 41.70 | 44.40
Local CNN [94] | 51.55 | 53.83
Part-based PCB +RPP [88] | 63.70 | -
Multi-resolution | DPFL [101] 40.70 | 43.00
PAN [151] 36.30 | 36.90
Global-feature | ¢\/ry 11491 | 40.90 | 41.50
AO [81] 5456 | -
DRNet 57.84 | 59.78
Multi-Resolution | DRNet+RK 63.67 | 65.17
& Global Feature | HDRNet 58.42 | 60.23

HDRNet+RK 64.12 | 65.78

feature size. Thus, our model learns features with high discriminative ability but in a much
lesser dimension relative to these algorithms.

Results on DukeMTMC-relID

We report the CMC accuracies in Table 4.2. The best competitors are Mancs [82], CA3Net[90]
and AO + RK [81]. Mancs and CA3Net requires attention model, while AO + RK exploits
adversarial occluded samples to train the model. Our best model gives a rise of 3.23%, 3.53
and 4.02% in CMC-1 accuracy as compared to Mancs, CA3Net and AO + RK.

Results on CUHKO03

We report the CMC accuracies for 1367/100 and 767/700 splits in Table 4.3. Among both splits,
767/700 is more challenging and practical. While comparing DRNet + RK against attention
models such as HydraPlus [89], we observe an increase of 2.54% for 1367/100 labelled setting.2
Similarly, our method performs favorably compared to other algorithms in 767/700 setting.

2Since 767/700 is more challenging, we prefer hybrid sampling only for this setting.
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4.3.5 Robustness Evaluation

Robustness to Pose Variance

In order to investigate the robustness against pose variation only, we manually select images
for 350 different persons from Market-1501, CUHKO03 and DukeMTMC-relD where the major
challenge is pose variation, and other challenges are either absent or mildly present. We report
these results in Table 4.4. In case of Market-1501, we can observe a significant rise of about
9.94% for DRNet over ResNet. Thus, it is evident that the multi-resolution decoder signif-
icantly boosts the performance. Further, the hybrid sampling strategy leads to an increase of
2.2% over DRNet. Similarly, our method outperforms on other two datasets. This also supports
the observation that the sampling strategy effectively supplements the decoder in overcoming
the pose challenge.

Table 4.4: CMC-1 results for pose specific Samples. A : Single-Query for Market-1501, B : CUHKO3-
Detected (767/700) and C: DukeMTMC-relD

Methods A B C
ResNet-50 [142] | 76.66 | 53.18 | 61.27
TriNet [37] 78.37 | 56.11 | 65.77
PCB [88] 82.38 | 68.77 | 73.23
DRNet 86.60 | 71.42 | 82.80
DRNet+RK 88.55 | 74.01 | 83.92
HDRNet 88.80 | 72.71 | 84.07
HDRNet+RK | 90.02 | 75.04 | 85.92

Robustness to Partial Occlusion

Partially occluded samples can be defined as artificially generated occluded samples by blacking-
out a region in the given image [81]. In the experiments, we chose random regions of about
10% in area of the overall image. We report the CMC-1 results in Table 4.5. The average
CMC-1 accuracy on all datasets for HDRNet is 70.58% whereas TriNet gives 53.27%, PCB
shows 54.31% and SVDnet obtains 43.64%. This demonstrates that our method is highly ro-
bust against occluded samples.

Table 4.5: CMC-1 results for occluded samples A : Single-Query for Market-1501, B : CUHKO3-
Detected (767/700) and C: Duke MTMC-relD

Methods A B C
SVDnet [149] | 57.70 | 23.68 | 52.35
TriNet [37] 59.70 | 43.43 | 54.87
PCB [88] 62.78 | 42.67 | 56.23
DRNet 80.59 | 53.81 | 74.21
DRNet+RK | 82.98 | 56.78 | 76.92
HDRNet 80.78 | 54.87 | 76.11
HDRNet+RK | 83.34 | 57.12 | 77.88
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Robustness to Low Resolution

Low resolution samples pose a severe challenge as the network trained on moderate resolution
inputs may perform very poor when tested with low resolution examples. In practice, these
samples can easily occur when a person is captured while being far away from the camera.
Therefore, it is necessary to design the network such that it is robust to the challenge of low
resolution. We report the accuracy on low resolution images in Table 4.6. Here, we find that in
case of single query for Market-1501, CMC-1 accuracy of ResNet-50 gets drastically dropped
from 81.25% to 5.86%, whereas, HDRNet performs better by a margin of 41.53%. Similarly, in
case of CUHKO3 (detected) and DukeMTMC-relD, our method outperforms by a clear margin
of 20.24% and 32.79% in CMC-1 accuracy, respectively. Thus, we observe that augmentation
of the proposed multi-resolution decoder network brings robustness against the low resolution
images.

Table 4.6: CMC-1 results for low resolution samples of 64 x 128, A : Single-Query for Market-1501, B
: CUHKO3-Detected (767/700) and C: DukeMTMC-relD

Methods A B C
ResNet-50 [142] | 5.86 | 15.66 | 17.02
DRNet 4432 | 32.12 | 47.89

DRNet + RK | 46.11 | 34.88 | 48.09
HDRNet 45.55 | 32.77 | 48.12
HDRNet + RK | 46.89 | 35.90 | 49.81

We proposed a novel method for RGB-RGB Re-ID in this chapter. The major goal of the
algorithm was to learn generalizable features to address the conventional Re-ID challenges. In
the next chapter, we discuss the image based heterogeneous Re-ID models.



Chapter 5

RGB-IR based Person Re-ID

This chapter discusses the Spectrum Disentangling Network (SDL) for image based heteroge-
neous Re-ID model. To better understand the goal of our method, we visually illustrate it in Fig
5.1. Existing RGB-IR models try to learn shared representations (xrgp and &7 ) by project-
ing the corresponding RGB-IR pair to a shared subspace. In this case, the spectrum information
is not explicitly disentangled from the learned representations. Since it is a challenging task to
fill the large domain gap between RGB and IR data, such representations may not be efficient.
In order to solve this problem, our network learns the spectrum disentangled features u by ef-
fectively removing the spectrum related information (vrgp and vz) and retains only identity
specific information.

Baseline m

subspace. _

~

XRG8 "\

A
1
1

Figure 5.1: Problem formulation and the goal of Spectrum Disentangled representation learning
(SDL). xrgp and x1R represents shared features, vrgp denotes the RGB spectrum features, vIr
represents the IR spectrum features and u denotes the spectrum-disentangled representation. The goal
is to remove spectrum related information vrgg and VR, respectively from xrgp and T 1R to learn u.

5.1 SDL Network

Our model comprises of a dual-path network as the baseline network to learn shared features
between cross modal inputs. The network has two branches — spectrum dispelling and spectrum
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distilling. The goal of the spectrum dispelling branch is to keep useful cues of person which are
invariant to spectrum. Whereas, the spectrum distilling branch removes the spectrum related
information. We apply identity-dispeller over this branch to fool the identity classifiers and
extract all the spectrum related information. Further, to disentangle spectrum from the identity
discriminative features, we apply a disentanglement loss. We discuss the proposed approach in
detail in the following subsections.

5.1.1 Baseline Network

We choose [4] as our baseline. It comprises of two main components: dual-path network for
feature extraction (one path for RGB images and the other for IR images) and bi-directional
dual-constrained top-ranking loss for feature learning. There are two prominent reasons behind
choosing this baseline. First, [4] achieves a significant performance via end-to-end training.
Second, the dual path network naturally provides a framework to segregate the spectrum in-
formation from identity specific information. The loss for the baseline network is taken from
[4]. It is a weighted summation of bi-directional cross-modality, intra-modality top-ranking
constraints and identity loss. The baseline loss is denoted as L given in Eq. (5.1).

»CB - »Ccross + »Cintm + £id . (5-1)

where Lcross, Lintra and L are respectively

Leross= ), max[p1 + D(xrgp;, T1R;) — min D(xzrgs; ®1RK), 0]

Vy:yj Yi#Vg
. (5.2)
+ Z max[p1 + D(mIRi/ ngBj) — min D(mIRir ZBRgBk),O]
Vyi:yj Tt

Here, zgp is an anchor visible image with label y, x7R is the infrared image and D(.)
is the Euclidean distance. i and j subscripts represent the same identity, whereas i and k are
different identities. 01 is pre-defined margin. For an anchor visible image TR ¢p; with its label
denoted by y;, we want the distance of its positive IR image x7; should be smaller than the
distance between xgp; and the negative IR image T7Ry.

Lintra=Y_max[py — D(x1Rrj, 1Rk), O]

(5.3)
+)_max[p2 — D(zrgsj rgs), 0]

where p; is pre-defined margin. Here, we want to ensure that the hardest cross-modal
negative sample should also be far from its corresponding cross modal positive samples.

1 N
Lig= N Y logy;j, (5.4)
j=1

where N is the number of images and y is the predicted probability.
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Figure 5.2: The architecture of the proposed SDL network. The entire network consists of the base-
line network [4], extended fully-connected layers and three new kinds of losses. The outputs of FC4
layer is taken as the spectrum-disentangled feature w. The outputs of FC3 and FC5 layer are respec-
tively taken as the RGB spectrum feature vrgp and the IR spectrum feature vrr. The identification loss
is used for the feature u. The identity-dispeller loss is designed to fool the identity classifier so that it
primarily learns spectrum related information. The disentanglement loss distills identity features and
removes spectrum features. Note that the module BN’ stands for batch normalization, and the module
"L2N’ stands for L2 normalization.

5.1.2 Architecture

The overall network architecture of the SDL is illustrated in Fig 5.2. We randomly sample
N—RGB and N—IR images, thus resulting in a batch of 2N input images. The shaded portion
represents the baseline network which outputs the shared representations xrgp € R% and z7
€ R%. xRrgp and xR are trained by using the baseline loss £3. We augment the network with
three fully-connected layers represented by FC3, FC4 and FC5 respectively.

The batch normalization outputs of two FC1 layers are concatenated together and fed as
an input to FC4 layer. We call this as spectrum dispelling branch. FC4 layer is connected to
an identity classifier. The goal of FC4 is to learn spectrum-disentangled features and identity
discriminative features w. FC3 and FC5 are also trained using disentanglement loss. The
learning objective of disentanglement loss is to decompose Trgp and xR into vRgE, VIR
and u.

We list the outputs and losses for each branch in Table 5.1. We will explain all the terms of
Table 5.1 in the subsequent sections.

Table 5.1: The outputs and losses for each branch of the architecture.

Branch Output Branch Loss Shared Loss
Baseline TRGBITTR Ly

Spectrum dispelling u Lp Lp (Eggg /LER)
Spectrum distilling | vrgp/vzr Ls (E?gB / EgR)
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5.1.3 Spectrum Dispelling Branch

The goal of this branch is to learn the identity discriminative and spectrum-disentangled fea-
tures (u) which can efficiently perform RGB-IR Re-ID. To achieve the goal, the spectrum
dispelling branch is optimized by the identification loss L£p and the disentanglement loss Lg
(£§g3 / EgR) together. Since w must capture information relevant to person identity, we use
the identification loss and person identity information to supervise the training process. The
identification loss Lp is written as,

1 N .
Lp = N Z‘{logy;}, (5.5
]:

where N RGB images and N IR images make up the mini-batch B and yp is the predicted
probability of the jth input belonging to the ground-truth class. While Lp is responsible for
learning identity discriminative features, the spectrum dispelling effect is achieved by the joint
optimization with the disentanglement loss. We explain the disentanglement loss in detail in
Section 5.1.5.

5.1.4 Spectrum Distilling Branch

The goal of this branch is to learn spectrum-related information and remove identity related
information. For the RGB spectrum feature vgrgp and the IR spectrum feature vz, we need
to train the spectrum distilling branch to fool the identity classifier. Inspired by [105], we first
define the so-called “ground truth” identity distribution which is constant over all identities
and equal to 1/Njp, where Njp is the number of identities in the training step. We use the
same classifier of u with parameter 6 to predict the identity distribution for the RGB spectrum
feature vrgp and the IR spectrum feature vz. Since the network should embed all identity
related information and disentangle it from spectrum component, all the spectrum information
needs to be captured in this branch. If the features contain only spectrum related information,
the output of the classifier will be confused and the identity-dispeller can easily be fooled by
spectrum distilling branch. Note that though the other challenges like pose, illumination and
viewpoint variation are present, these challenges are subdued in the baseline features and the
major challenge may be attributed to the spectrum.

The identity-dispeller loss combines the identity-dispeller loss for RGB L?gB and the
identity-dispeller loss for IR EéR together, and it can be written as,

Ls=LE9P + LR, (5.6)

where E?gB and L’gR are respectively

zZ

1 i 1
ol — D(v ,0 S )? 5.7)
S N X NID Jg k:1( ( RGB P)k NID)
and
[IR 1 & i 1w
= D ,0p), ——)~. 5.8
S N % NID y Z( (,UIR P)k NID) ( )

—_

]:1 k=
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For the formulations above, in the mini-batch B, 2N images are fed to the network, i.e.,
N RGB images and N IR images. We set D(vgrgg, 0p ) = softmax(wpvrgp+bp)i and
D(vzg,0p)r = softmax(wpwvzr +bp)k, where D(-) represents the probability distribution
over k different identities, wp and bp refer to the learned weights and biases for FC4 layer
respectively.

5.1.5 Spectrum Disentanglement

In ideal situation, the spectrum-disentangled feature w contains only person specific cues, while
the RGB spectrum feature vrgp and the IR spectrum feature vz contain primarily spectrum
information. When we combine the spectrum-disentangled feature and the spectrum feature, it
should reconstruct the original feature. The relationship is given by,

TRGB = U+ VRGH (5.9

where xrgp and Tz are baseline features, w is identity related features and vrgp, VIR
are spectrum related features. Note that while we use an addition operator, other operators such
as Hadamard product can also be used. However, we observe that addition gives better results.

Inspired by this idea, we design the disentanglement loss. If we can learn better spectrum
features, the complementry spectrum-disentangled feature will also be learnt better. The disen-
tanglement loss combines the loss £gg8 for RGB and the loss EYZ)R for IR together, and it can

be written as,
Lp = LR+ IR, (5.11)

where E%QB and E%R are respectively

RGB
LRI :NZ;||m§ng—(uJ+v§wB)|]§ (5.12)
]:
and N
CER = 2 ¥ ||k, — () + w3 (5.13)
P TN &R TR/ 12/ .
]:

where ||.|[3 denotes L2 norm. Here, the trivial solution where (vggp and/or vz can be zero)
may happen, and in this sense our method does not guarantee that the spectrum dependent
components are always distilled, but our method guarantees that identity relevant information
shared between RGB and IR will be kept in u.

On the other hand, if we use Hadamard product then,
Lh = LRP* + LT (5.14)

where /jggB *and E%R* are respectively



47

|hgs — (W © vhgp)l 3 (5.15)
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and

1 N . ) .
ﬁ%R* =N Z ||zc]IR — (W ® U]IR)H% (5.16)
=1

Note that our spectrum dispelling effect comes from three kinds of losses, i.e., the cross-
entropy loss (identification loss), the disentanglement loss, and the identity-dispeller loss. We
exploit the disentanglement loss to separate the shared sub-space feature x into spectrum re-
lated cues v and identity related cues u. Further, we use an identification loss to learn spectrum-
invariant or identity related cues u, and enhance the identity related information on spectrum-
dispelling branch. Additionally, we have an identity-dispeller loss on spectrum distilling branch
to extract non-identity and spectrum related features v. This has a complementary effect on dis-
pelling branch and promotes identity-specific information and spectrum dispelling effect on u.
Thus, spectrum dispelling effect is prominent only when all loss functions are applied.

5.1.6 Training Process

The training process has four phases: baseline network training, spectrum dispelling training,
spectrum distilling training and joint training. The details are as follows.

Baseline network training. We follow the training procedure of [4] to train the baseline net-
work. The loss function here is arg min £p.

Spectrum dispelling training. We freeze the baseline network and optimize the spectrum
dispelling branch, including the fully-connected layer FC4 and classifier. The learning rate is
set to 0.01 and reduced to 0.1 of its previous value every 60 epochs. The objective function is
argmin Lop.

Spectrum distilling training. We freeze the baseline network and the spectrum dispelling
branch, then we optimize the spectrum distilling branch, including the fully-connected layers
FC3 and FCb. The learning rate is set to 0.01 and reduced to 0.1 of its previous value every 60
epochs. The objective function is arg min L.

Joint training. We jointly train the entire network in an end-to-end manner and the overall
objective function is expressed as

L+ MLp+ALs+ A3Lp. (5.17)

The parameters are experimentally tuned to A; =1, A, =1072 and A3 =102. Here, we can
say that spectrum distilling branch retains the spectrum information, thus « which is obtained
from training using identification loss not only preserves identity specific information between
the two modalities but is also free of the spectrum component. The overall spectrum disen-
tanglement process gifts the network more ability of disentangling spectrum features. Thus, a
joint learning will better balance the network’s ability of re-identification and disentanglement.
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Table 5.2: Ablation Study on SYSU-MMOI [5] dataset under indoor-search and all-search mode.
CMC-1, CMC-10, CMC-20 (%) and mAP (%) are reported. X refers to the loss function is not used.
v represents the applied loss function. ‘=’ means that the parameter is not required. Note that for the
variant ® we take a different kind of loss function (hadamard product) of Lp and discriminate it using

mark x.

Settings Indoor Search All Search
Ly Lp Ls Lp Az A3 CMC-1 mAP | CMC-1 mAP
X X v - - 12.24 22.39 7.44 12.37
v - - 20.04 31.12 15.46 19.79

v - 1072 | 2475 36.05 | 2253 2554
v 1 102 22770 30.21 19.22  22.10
v 1002 1072 28.02 38.06 | 25.02  26.90
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5.2 Experiments

In this section, we describe the datasets and the evaluation protocol. Further, we discuss ab-
lation study to evaluate the contribution of each component of the proposed method. Further-
more, we compare our proposed method with the state-of-the-art methods.

5.2.1 Dataset and Evaluation Protocol

We evaluatae our model on two publicly available datasets SYSU-MMO1 [5] and RegDB [6].
The standard Cumulative Matching Characteristics (CMC) value and mean Average Precision
(mAP) are adopted [8] to indicate the performance. The testing accuracy is computed using
xRrgp and 7R for baseline and w for our network.

SYSU-MMO1 [5] is a large-scale dataset and contains 491 persons captured in indoor and out-
door environment. It is collected by six cameras comprising of four RGB and two IR cameras.
The training set contains 395 persons, with 22258 visible images and 11909 infrared images.
The testing set contains 96 persons. There are two search modes: all-search mode and indoor-
search mode. In all-search mode, RGB cameras 1, 2, 4 and 5 are for gallery set and IR cameras
3 and 6 are for probe set. In indoor-search mode, RGB cameras 1 and 2 (excluding outdoor
cameras 4 and 5) are for gallery set and IR cameras 3 and 6 are for probe. We follow two eval-
uation protocols [5] and [4] to evaluate indoor and all-search mode: 1) In the first evaluation
protocol, probe set is fixed to 3803 IR images and gallery set has random splits. The overall
results are averaged over 10 times. 2) In the second evaluation protocol, probe set is fixed and
gallery is formed using 301 randomly selected images. The overall results are reported after
averaging 10 times.

RegDB [6] is collected from two cameras and it contains 412 persons. For each person, ten
RGB and ten IR images are obtained, respectively. We follow the official protocol [4], where
we randomly split the dataset into two halves for training and testing. During testing, images
from one modality are used as the gallery set while the ones from the other modality as the
probe set.
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5.2.2 Implementation details

The model is implemented on PyTorch with NVIDIA-Tesla P100 GPU. Data augmentation
includes random cropping and flipping. Input images are resized and random cropped to the
size of 227 x 227 and fed to the network. We use the ResNet-50 [142] architecture as backbone
network. The number of epochs is set to 300, and the mini-batch size is 64. Dropout is set to
0.5. We use Adam optimizer for optimizing the overall objective function. The initial learning
rate is set to 1072, It is decreased to 0.1 of its previous value every 60 epochs. All the feature
vectors including xrgB, TR, YRGB, V7R and u are of dimension 512 x 1. The source code
is available at Github.

Table 5.3: Ablation Study on parameters (Ay and A3) for SYSU-MMOI [5] dataset. CMC-1 (%) are
reported. The evaluation is for all search mode.
A O] 1T [0 1] 1 [10°2x107%5x10"%10°
A3 0| 0] 1|1 [10% 1 2x107%2x10"%107°
CMC-1/16.10(18.36/21.03|18.66(19.16|21.77| 23.59 22.16 (18.03

Table 5.4: Comparison with the state-of-the-art methods on SYSU-MMOI [5] datasets under indoor-
search and all-search mode. CMC-1, CMC-10, CMC-20 (%) and mAP (%) are reported. x means the
evaluation protocol of fixed probe and 301 randomly selected gallery images. # represents the evaluation

with fixed probe and random splits of gallery. ‘=’ means that the results are unavailable.
Approach Indoor-search All-search
CMC-1 CMC-20 mAP | CMC-1 CMC-20 mAP
LOMO [138] " 3.89 48.16 8.37 1.75 26.63 3.48
MLBP [152] * - - - 2.12 28.32 3.86
GSM [153]* - - - 5.29 52.95 8.00
Asymmetric FC layer [5]* 14.59 78.68 20.33 9.30 60.38 10.82
One-stream [5]* 16.94 82.10 22.95 12.04 66.74 13.67
Two-stream [5]% 15.60 81.02 21.49 11.65 65.50 12.85
Zero-Padding [5]* 20.58 85.79 26.92 14.80 71.33 15.95
TONE [29]* - - - 12.52 68.60 14.42
HCML [29]* - - - 14.32 69.17 16.16
cmGAN [117]* 31.63 89.18 37.00 26.97 80.56 27.80
Kang.et al. [154]* - - - 23.18 - 22.49
Baseline [4]* 26.11 85.45 33.21 22.24 79.67 22.10
SDL* 28.02 88.94 38.06 25.02 83.22 26.90
SDL 32.56 90.67 39.56 28.12 83.67 29.01

5.2.3 Ablation Study

In this subsection, we evaluate the proposed network under different variants. We select the
indoor and all-search modes of SYSU-MMO1 [5] to do the ablation study. We compare all the
different variants in Table 5.2.

Variant @: We fix the baseline network, and train the whole network with only disentanglement
loss L7, which attempts to decompose shared features £z ¢gp into w and vrgg, and 7R into


https://github.com/kajal15003/SDL.git
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u and v7Rr. We observe a CMC-1 accuracy of 7.44% for all-search mode.

Variant @: We keep the baseline network fixed and decompose the baseline features using
equations 5 and 6, respectively. This is trained using disentanglement loss given by Lp, de-
scribed in Section 5.1.5. This loss gives a boost of 8.02% over variant ®. Thus it is evident that
the addition operation is more effective than the Hadamard product operation for disentangle-
ment.

Variant ®: We unfreeze the baseline and train the whole system in an end-to-end manner. The
loss function for this variant is,

L+ MLp+A3Lp (5.18)

where A; =1 and A3 =1 x 1072. Here, we observe an accuracy of 22.53% at CMC-1. Thus
the joint loss of Lp, Lp and Lp helps to learn the identity cues at the spectrum dispelling
branch, while filtering out the spectrum related information at the spectrum distilling branch
and increases the accuracy significantly.

Variant @:. We augment the network with an identity-dispeller to fool the identity classifier
and remove the spectrum related information at spectrum dispelling branch. The overall system
is optimized with the objective function in Eq. 6.14 by setting A; =1, A =1 and A3 = 1072
However, a large weight given to the identity-dispeller loss adversely influences the learned
weights of the classifier which makes the network less effective for Re-ID task. Thus we
observe that the accuracy reduces to 19.22%.

Variant ®:. To alleviate the problem of variant @ , we give less weightage to the identity-
dispeller loss. Here, we use a weighted identity-dispeller with unfreezed baseline and observe
the best performance of 25.02% at CMC-1. The overall objective function is Eq. 6.14, and
we set Ay =1, A; = 1072 and A3 = 10~2. It demonstrates that the SDL network efficiently
disentangles the spectrum component from the features. Thus there is a trade-off between how
much spectrum information is distilled at spectrum distlling branch while affecting the identity
discriminative ability at spectrum dispelling branch.

In case of the Indoor-search mode, when we take Lg, Lp, Ls and Lp, the accuracy is
22.70% with A, =1 and A3 = 0.01 for Variant @. Here, the accuracy is lower than the baseline
accuracy of 26.11%. The reason is as follows. Lg loss is applied to achieve the goal of spec-
trum distillation. The spectrum distillation branch is trained so as to fool the identity classifier
thereby distilling only the spectrum related features. With a significantly higher weight A, as-
sociated with Lg, this loss may dominate other losses. Since the primary aim of Lg is to fool
the identity classfier, this results in poor Re-ID performance. However, with a balanced weight
Ay, the loss Lg promotes learning spectrum features without dominating other losses and we
observe a better accuracy of 28.02% for for Variant ® which is an improvement by 1.91% over
baseline network features for indoor-search.

We report additional ablation study for all-search mode of SYSU-MMO1 [5] to see the be-
haviour of different combination of loss functions and the effect of loss parameters in Table 5.3.
Here, we observe that disentanglement loss Lp gives better accuracy than identity-dispeller
loss Ls. We also fixed A1 = 1 and changed the values of A, and A3. We observe that if we
give less weight to Ay and Aj, they nullify the effect of disentanglement (L£p) and identity-
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dispeller loss (Ls). Further, if both are weighted between 1072 to 10~%, then it gives a high
accuracy. It may be noted that when we use A, = A3 =0, i.e., in the absence of Lg and Lp, the
network is not well trained and w is not learnt completely. In Table 5.3, the accuracy of 16.10%
is reported using this u. Whereas, in Table 5.4, baseline network features xrgp and 7R are
used. Since the baseline is already well trained, the CMC-1 accuracy is higher.

5.2.4 Comparison with State-of-the-art

In this section, we compare our proposed approach against hand-crafted feature learning meth-
ods including LOMO [138], MLBP [152] and GSM [153] and various deep learning based
methods like Asymmetric FC layer [5], One-Stream [5], Two-stream [5], Zero padding [5],
TONE [29], cmGAN [117] and baseline [4].

Results on SYSU-MMO01 [5]

We report the CMC rank accuracies for SYSU-MMO1 [5] dataset in Table 5.4 under indoor-
search and all-search mode. Among them, all-search mode is more challenging. Two types
of evaluation settings are available in the literature. To make a fair comparison, we report the
results for both settings.

Evaluation-I: It is represented as ‘x’ in Table 5.4. [4, 29] follow the setting of fixed probe
and randomly select 301 gallery images. Based upon this evaluation, we observe an increase
of 10.22% over the best network of [29] and 2.78% over baseline [4] ! under all-search mode
for CMC-1. The superiority of the proposed method is attributed to the design of spectrum-
disentangled representations.

Evaluation-II: It is represented as ‘#’ in Table 5.4. [5, 117, 154] follow the setting of fixed
probe with random splits of gallery. Here, we observe an accuracy of 28.12% and mAP of
29.01% under all-search mode for CMC-1. In addition, our model also converges quickly
within 300 epochs. On the other hand, state-of-the-art methods like cmGAN [117] apply ad-
versarial training which attains convergence after 2800 epoches.

Results on RegDB [6]

We report the CMC rank accuracies for RegDB [6] dataset in Table 5.5. We evaluate the
performance on different query settings: RGB to IR and IR to RGB. RGB to IR means that
probe set relates to RGB images and gallery set to IR images during testing. Similarly, IR to
RGB corresponds to probe to gallery matching. IR to RGB setting is difficult and challenging
for RegDB dataset as compared to SYSU-MMOI due to difference in wavelength.

RGB to IR: We achieve an accuracy of 26.47% for RGB to IR setting.
IR to RGB: We observe an accuracy of 25.74% at CMC-1.

The difference in these results is marginal which bolsters our understanding of the network

IPlease note that the baseline results is reproduced using PyTorch version [155].
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that the representations do not carry any significant spectrum information. We can also observe
that the proposed method outperforms the competing methods [5, 29, 138] and baseline [4]
consistently by a huge margin on both settings.

Table 5.5: Comparison with the state-of-the-art methods on RegDB [6] for different query settings.
CMC-1, CMC-10, CMC-20 (%) and mAP (%) are reported.

Approach RGB to IR
CMC-1 CMC-10 CMC-20 mAP
LOMO [138] 0.85 2.47 4.10 2.28
MLBP [152] 2.02 7.33 10.90 6.77
GSM [153] 17.28 34.47 45.26 15.06
One-stream [5] 13.11 32.98 42.51 14.02
Two-stream [5] 12.43 30.36 40.96 13.42
Zero-Padding [5] 17.75 34.21 44 .35 18.90
TONE [29] 16.87 34.03 44.10 14.92
TONE + HCML [29] 24.44 47.53 56.78 20.08
Baseline [4] 22.02 48.78 57.44 21.45
SDL 26.47 51.34 61.22 23.58

Approach IR to RGB
CMC-1 CMC-10 CMC-20 mAP
Zero-Padding [5] 16.63 34.68 44.25 17.82
TONE [29] 13.86 30.08 40.05 16.98
TONE + HCML [29] 21.70 45.02 55.58 22.24
Baseline [4] 20.34 47.22 55.09 21.11
SDL 25.74 50.23 59.66 22.89

5.2.5 Visualization of Person Features through t-SNE

We randomly select 300 IR and RGB images of 8 identities from the testing set respectively
and visualize the features using t-SNE [140] in 6.4. Here, the shape * represents the person
features generated by IR images and the shape @ represents the person features generated by
RGB images. Features corresponding to the same identity are shown by the same color. We
show features for three phases: initial phase (without training), baseline features and spectrum-
disentangled features from the proposed approach in 6.4 (from left to right).

Initial phase : As expected, we can observe that all the data points are dispersed and some are
totally merged into samples of another identity.

Baseline phase: In 6.4(b), we observe that the features obtained from the trained baseline
cluster very well. Thus, we note that the baseline feature x is robust to pose, viewpoint varia-
tions etc. However, the cross-modality features are far apart due to large spectrum difference.
Therefore, once x is learnt, the major challenge is to disregard the spectrum information. For
example, samples in purple and yellow color are still farther apart.

SDL phase: Since the baseline phase does not disregard the spectrum information, the SDL
phase addresses this challenge by removing the spectrum information. We can observe that
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features of same identity but from different modality points appear closer. In particular, the
distance between purple, yellow and blue samples has reduced drastically. This shows the
superiority of spectrum-disentangled representation over the baseline. Thus, we conclude that
the network removes spectrum related information and maintains useful cues for a person’
images belonging to different modality.

Eid

(a) Initial Features (b) Baseline Features (c) Disentangled features

Figure 5.3: 2D visualization of the features. Different color stands for different persons. The shape
K denotes the feature extracted from the IR image, while the shape ® denotes the feature extracted from
the RGB image. For better clarity, please zoom-in at 400%.

5.2.6 Visualization of Spectrum Features through t-SNE

In order to understand the disentaglement effect of the network, we conduct experiment with
RGB-RGB and RGB-IR images where we give RGB-RGB and RGB-IR images as an input to
the SDL network. Further, we extract features from spectrum distilling branches FC3 and FC5
and visualize t-SNE plots.

In the first case, we input only RGB images to both the branches and finetune the network
with RGB images only. Further, we extract features from spectrum-distilling branch. We
visualize the features in 5.4(a). Here, different colors refer to different identities, and different
shapes refer to features obtained from FC3 and FC5. We can see that the points do not form
any visible clusters on the basis of spectrum. This is expected as we have only RGB spectrum
1nput.

In the second case, we use RGB-IR images as input to the two branches. We visualize the
spectrum features extracted at spectrum distilling branch in 5.4(b). Here, we can observe that
spectrum features generated from RGB images are quite distinct from features of IR images.
Further, the features of different identities (different colors) do not show any discriminative
nature. Thus, it is clearly evident that the network has strong ability to distill spectrum and
dispel identity at spectrum distilling branch.
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Figure 5.4: 2D visualization of the spectrum features. Different color stands for different persons.
The shape K denotes the feature extracted from the upper spectrum distilling branch, FC3, while the
shape @ denotes the feature extracted from the lower spectrum distilling branch, FC5.

Table 5.6: Results with Data Augmentation (Random-Erasing at three levels) on SYSU-MMOI datasets
under all-search mode. CMC-1, CMC-10, CMC-20 (%) and mAP (%) are reported.

Random-Erasing All-search
CMC-1 CMC-10 CMC-20 mAP
0% 28.12 70.23 83.67 29.01
5% 24.75 69.52 83.66 28.81
10% 23.86 68.13 83.32 27.41
20% 23.42 67.90 82.90 27.30

5.2.7 Effect of Data Augmentation

We apply random erasing as a data augmentation method on the SYSU-MMOI1 dataset. We
randomly erase a patch with 5%, 10%, and 20% area of the training image. Table 5.6 reports
the results. It shows that the performance decreases as the area of random erasing increases.
We also observe that the training time increases in proportion to that of the area of random
erasing, since the erased patch will make training hard. Hence, we can conclude that random
erasing is not a good technique for the visible-infrared person re-identification task.

5.2.8 Retrieval Results

We visualize retrieval results on SYSU-MMOI [5] in 5.5 using the baseline [4] and the proposed
SDL network on same query images. We randomly pick IR images from the probe set as query
and retrieve the corresponding RGB images from the gallery set. The images in the first column
are the query images. The retrieved images are sorted according to the similarity scores from
left to right (from second column till last). We can see that the proposed SDL network gets
good shots under most of the situations. Similarly, we randomly select some RGB images from
probe to match against IR images on RegDB [6] dataset. These results are shown in 5.6.
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(a) Top-5 results from Baseline [4] (b) Top-5 results from SDL Network

Figure 5.5: Top-5 retrieval results on SYSU-MMOI [5] dataset under all-search mode. Red boundary
indicates a negative match and green shows a positive match.

(a) Top-5 results from basline [4] (b) Top-5 results from SDL Network

Figure 5.6: Top-5 retrieval results on RegDB [6] dataset. Red boundary indicates a negative match and
green shows a positive match.

This chapter covers the challenging scenerio of RGB-IR problem. Towards this, we discuss
a disentanglement network to address the spectrum challenge. In the next chapter, we discuss
text-image matching problem.



Chapter 6

Text-Image based Re-1D

In this chapter, we describe our proposed framework towards the emerging area of description
based Re-ID task for heterogeneous Re-ID. We discuss the major challenges in text-image Re-
ID in section 6.1. Section 6.2 covers the proposed hierarchical attention image-text alignment
network (HAITA-Net). We evaluate our algorithm with different variants in section 6.3. We
also report results of comparison with other popular Re-ID algorithms.

6.1 Text Analysis

In particular, we address two major challenges of the description based Re-ID task which is
ignored in the past. Our first observation is that there are certain words which do not match
with any image region. Such text-image non-correspondence causes the challenge of alignment
uncertainty and deteriorates the matching capacity of the network. Thus, a correct alignment
mechanism of text description and image regions is necessary for efficient Re-ID. Second, we
observe a significant text complexity due to the fact that the query descriptions can widely
differ for the same image while having the same semantics because of different annotators. For
example, annotators can describe a dress in either "a light dress” or ’a white dress”. This
statement states two critical observations: 1) words can vary a lot across the annotations for
the same image; ii) some words can be more important than other words having same meaning
like white is more informative than light. This problem is also known as the word-variance
problem. Thus in this case, the network has to try hard to map all these different words to the
same semantics.

6.2 Proposed HA2-Net

Our model is motivated by the fact that effective matching can be obtained by building a strong
similarity between salient words and image patches so that the network can efficiently navigate
the visual content via textual information. The architecture of the proposed model HAITA-
Net is shown in Figure 6.1. The architecture consists of a baseline network for associating
the text-image features (the dashed boxes of Figure 6.1), an efficient technique of Threshold
Term Frequency Inverse Document Frequency (T2FIDF) to find out the most salient tokens,
and an attention mechanism to build a hierarchical relationship between text and image (the
green shaded portion in Figure 6.1).

56
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Figure 6.1: The architecture of HAITA-Net. HAITA-Net consists of a global alignment part and a local
alignment part. For the global alignment part, CNN and Bi-LSTM models encode the image and text
features respectively, and they are projected to the global alignment subspace to build the relationship
at a sentence-image level. For the local alignment part, a hierarchical attention alignment component
is proposed, including word-patch level and phrase-patch level. In particular, T2FIDF is applied to
descriptions to find out the most salient tokens. The highlighted text represents the most salient tokens
and some of the corresponding attentions are shown in the shaded portion of the local alignment part.
Best viewed in color

6.2.1 Baseline

The baseline network consists of a deep convolutional neural network and a bi-directional
LSTM (Bi-LSTM) to encode the image and text features. We input an image I of size 224 x 224
to obtain the image features. On the other hand, we pre-process the textual description T and
split it into words, and then sequentially input them to Bi-LSTM. Here, we concatenate the
hidden states of forward and backward directions, and text features are obtained with a max-
pooling strategy.

The extracted image and text features are projected into a sub-space, where the features
are associated and the similarity between the features is maximized. This is depicted in global
alignment in Figure 6.1. The baseline network is optimized through cross-modal losses used
in cross-modal applications [118, 156, 157] and is represented as Lp given in Eq.6.1. The
baseline loss comprises of the cross-modal projection classification (CMPC) and cross-modal
projection matching (CMPM) loss. The CMPC loss attempts to categorize the vector projection
of representations from one modality onto another with the improved norm-softmax loss. The
CMPM loss minimizes the KL divergence between the normalized matching distributions to
associate the representations across different modalities.

Lp=LE+LE+ L+ L1, (6.1)

where L, £T, EﬁT and ,C]TV%I are defined as follows.
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I 1
Lc = N Zlog

( exp (Wp(1) + i) )

i=1 Yjexp <W]-T(p(11-) + b]'> (6.2)
st [[Wj|| =1,Vj € {1,2,..,N}
where ||.|| represents normalization, C denotes classification, I corresponds to the image

modality, N is the number of batch size, and W;, b; are the weights and the bias of the clas-
sification layer for the visual feature representation ¢(I). The same procedure is followed to
compute the text classification loss, £(T:.

prr— 1 i i pi,;log ( Pij ) 6.3)
N= =3 qij T €

where M stands for matching, T2 refers to the text-to-image matching, € is a very small
number for preventing division by zero, N represents batch size, p; ; represents the proportion
of the scalar projection of the image embedding and the normalized textual embedding among
all scalar projections between pairs in a batch and g; ; represents the normalized true matching
probability in each batch. We can also calculate the matching in opposite direction (i.e., from
image to text) and compute loss £ﬁT.

6.2.2 Threshold TF-IDF (T2FIDF)

We propose the Threshold Term Frequency Inverse Document Frequency (T2FIDF) technique
to find out the most salient tokens from the textual description. The output of T2FIDF is the
highlighted words in the box. We observe that less frequent words carry most information
which results in more discriminative features. Further, frequent words can be redundant and
irrelevant for matching. The main goal of TF-IDF [158] is to give more weight to the less
frequent words. To calculate TF-IDF, we consider every caption ¢ in the text as a separate
document to build a corpus C. In TF-IDF, the “term-frequency” is simply a count of the number
of times a word w appears in a given context, while the “inverse document frequency” term puts
a penalty on how often the word appears elsewhere in the corpus. The final score is calculated
as

tfidf(w,c,C) = f(w,c) *log|c (6.4)

eCwec|
where f(w, ¢) indicates the term frequency, N is the total number of captions, and the denom-
inator represents the number of captions in which the word w appears.

We apply a threshold value to find out the most important tokens. The threshold value is
experimentally set to 0.01. All the words having ¢fidf scores greater than 0.01 are considered
as salient words. For example, words like “shirt”, “pants” and “umbrella” are salient and most
frequent words like “light”, “man” and “woman” are discarded.
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6.2.3 Hierarchical Attention Alignment

The hierarchical relationship builds upon three levels: word-patch (W-P) level attention, phrase-
patch (P-P) level attention, and sentence-image level. Our motivation for building such rela-
tionship is to leverage the local salient regions which can produce discriminative features in
conjunction with global features. We describe these levels in the following.

Word-Patch (W-P) Level Attention

We process the salient tokens extracted from T2FIDF to get feature vectors. The extracted
salient tokens are fed to the Bi-LSTM to encode the word-representations. Then, we use the
output of each Bi-LSTM unit and build a relationship between all the salient word features
and patches via attention mechanism. The feature matrix of all salient words is indicated by
sw € RP*W where Sw; 18 the feature vector for the it" word. D is the dimension of the
word vector and W is the number of words. Similarly, we extract the patch feature matrix of
size 512 x 14 x 14 from the “Conv dw” layer of Mobile-Net-vl. Then, we reshape it into
f € R312x19 Here, each column of f is the feature vector of a sub-region of the image. 512
is the dimension of the local feature vector, and 196 is the number of patches.

Inspired by [159], we design an attention module to measure the fine-grained matching
through the potential relationship between word and patches. To accomplish the task, we first
calculate the similarity matrix for all possible salient word features s, and patch features f
given by

S=su'f, (6.5)
where S € R"W*1% and Sij is the similarity between the it" word of the sentence and the j”’
sub-region of the image. Then, we normalize the similarity matrix S; ; by

eXP(Si,')
Yo' exp(S)

ij = (6.6)

The attention vector is calculated w.rt all the patches to find out the most attentive image
region and is given by
o ep(sy)
] T 19
Y=o exp(S;, K
We use the above attention vectors «; to compute the most attentive region vector (f;) for

each word. It is computed as the weighted sum over all regional visual vectors, i.e.
196

Bi=)Y_ ajfj. (6.8)

j=0

(6.7)

Further, we calculate the relevance between each salient word and the attentive image region
using the cosine similarity,

SwiT,Bi
R wirPi) = 177 11115 11" 6.9
(Suir Bi) |[swil [|1Bi]] ©
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Then we compute the posterior probability of word matching with image region as follows

ey exp(R(swi, Bi))
PlowlP) = o8 p(R(surs B1)) (€10

where N is the number of batch size.

Here, we minimize the word-patch loss function which is a negative log posterior matching
probability given by

N
Ly = — Y log P(swilBi)- (6.11)
i=1

Phrase-Patch (P-P) Level Attention

The phrase-patch level relationship has more precise correspondences with image parts than
isolated words. A noun phrase describes a specific region in the image, thus the phrase feature
is more related to local visual features. Therefore, we focus on noun phrases and encode them
separately!. We use the Bi-LSTM to encode the noun phrase and then build the relationship
between nouns and patch in a similar manner as we discussed above for word-patch. As de-
scribed in Eq. 6.5, we first calculate the similarity matrix for all possible phrase features s, and
patch features f given by

sPhrase — 5,1, (6.12)

. hrase . e
where SPirase ¢ RPx196 apnd P is the number of noun-phrases Sf j "% i3 the similarity between

the i phrase of the sentence and the jth sub-region of the image. By replacing S with SPHrase

in Eq. 6.6 and Eq. 6.7, we obtain 3 using Eq. 6.8. To compute relevance R, we replace s, by
sp and obtain the loss function Lp using Eq. 6.10 and Eq. 6.11.

Here, we minimize the phrase-patch loss function which is a negative log posterior matching
probability given by

N
Lp=—) logP(sy.|B). (6.13)
i=1

Sentence-Image Level

The image and sentence feature vectors are projected on the global sub-space to build the
relation between sentence and image. The loss function Lp is used which is described in
Section 3.1.

In our experiments, we demonstrate that the hierarchical attention mechanism gives a sig-
nificant boost over the baseline.

ITo extract nouns, we use the Natural Language ToolKit (NLTK) [160].
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6.2.4 Training Process

The training process has four phases: baseline network training, W-P attention training, P-P
attention training, and joint training. The details are as follows.

Baseline Network Training. The baseline network is trained using baseline loss functions
Lp described in Section 3.1.

W-P Attention Training. We freeze the baseline network and optimize the W-P attention
module. The objective function is Ly given in Eq. 6.11.

P-P Attention Training. We freeze the baseline network and the W-P attention, then we
optimize the P-P attention. The objective function is Lp given in Eq. 6.13.

Joint Training. We jointly train the entire network in an end-to-end manner and the overall
objective function of the hierarchical weighted loss function can be expressed as follows

L1=Lg+ ML+ A2Lp, (6.14)

where the parameters of A; and A, are the weights provided to the loss functions and are
experimentally tuned. The values of A1 and A, are provided in the ablation study part.

6.3 Experiments

In this section, we describe the datasets and the evaluation protocol. Further, we discuss the
ablation study to evaluate the contribution of each component of the proposed method, provide
a comparison with the state-of-the-art methods, and then make elaborate visualization analysis.

6.3.1 Datasets

We evaluate HAITA-Net on two standard publicly available dataset: CUHK-PEDES [10] and
Flickr30K [11].

CUHK-PEDES: The dataset used is CUHK-PEDES, which is currently the only bench-
mark for description based person Re-ID. It is a collection of five existing person Re-ID
datasets, CUHKO3 [7], Market-1501 [8], SSM [161], VIPER [162], and CUHKO1 [163]. It
contains 40,206 pedestrian images of 13,003 identities, with each image described by two tex-
tual descriptions. The dataset is split into 11,003 training identities with 34,054 images, 1000
validation persons with 3,078 images and 1000 test individuals with 3,074 images, without hav-
ing overlaps with same person IDs. On average, each textual description contains more than 23
words. The dataset contains 9408 different words.

Flickr30K: The Flickr30K dataset contains 31,783 images with each image annotated
by five text descriptions which contain a wide variety of images (humans, animals, objects,
scenes). The data is split into 29,783 images for training, 1,000 images for validation, and
1,000 images for testing.
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6.3.2 Evaluation Metrics

The standard Cumulative Matching Characteristics (CMC) value and mean Average Precision
(mAP) are adopted [8] to indicate the performance.

6.3.3 Implementation details

The model is implemented with TensorFlow and runs on NVIDIA-Tesla P100 GPU. The train-
ing set is enlarged by data augmentation which includes random cropping and flipping. Input
images are resized and random cropped to the size of 224 x 224 and fed to the network. We use
the MobileNet architecture as the backbone network and Bi-LSTMs, respectively. The number
of training epochs is 50 and the mini-batch size is 16. We use Adam optimizer for optimizing
the overall objective function. The initial learning rate is set to 2 x 10~*. The rate is decreased
to 0.1 of its previous value for every 15 epochs. For Flickr30K [11], we report the results with
ResNet-152 as the image feature extractor.

6.3.4 Ablation Study

We evaluate the proposed network under different variants. We select the CUHK-PEDES [10]
dataset to do the ablation study and compare all the variants in Table 6.1.

Variant @: We compare different combinations of the sub-networks in Table 6.1. We first
experiment with the pre-trained visual networks like VGG-16 [164], ResNet-152 [142], and
Mobile-Net [165] as the visual backbone and train them on text-image Re-ID datasets. For
the textual domain, we experimented with one hot encoded vector, LSTMs and Bi-LSTMs.
We observe that Mobile-Net and Bi-LSTMs give the best performance for CUHK-PEDES and
ResNet-152 and Bi-LSTM work well for Flickr-30K. Hence, we keep this as the baseline net-
work to encode the image and text features. The network is trained via loss Lz [118]. We
observe a CMC-1 accuracy of 50.02% for the CUHK-PEDES.

Variant @: Here we use weighted TFIDF and thresholded TFIDF (T2FIDF) to compute
most salient word tokens. In case of weighted TFIDF, we weigh all word vectors by multiplying
them with the TFIDF score computed using Eq. 6.4. In case of T2FIDF, a threshold value is
decided experimentally to discard the word vectors having less score than threshold. We see
a decrease in baseline accuracy when the weighted TFIDF is applied. On the other hand,
thresholding discards the uninformative word vectors based on the threshold value and gives a
boost of 3.1% over the weighted TFIDEF.

Variant ®: In this variant we introduce word-patch attention and the network is trained
with £ given in Eq. 6.14. In the first case, we set A; = 1 and A, = 0. This setting tries
to capture attention between all possible word and patch (W-P) pairs. The version Unit in
Table 6.1 gives the accuracy for this setting. However, we see a decrease in the Re-ID accuracy
compared to the best model of Variant @. This is due to the fact that label information for every
corresponding word and patch is not available and there exist certain words that do not have
corresponding regions. To address this issue, we use weighted word-patch attention. We show
how accuracy is getting affected with different weight values of A; in Figure 6.2. Among all the
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values, we observe that A\; = 107° results in an increase of 4.66% in the CMC-1 accuracy over
Unit word-patch attention. We further observe that higher value of Aq lead to poor accuracy.
This is expected as the network tries to focus too much on local attentive regions and will learn
to efficiently match local regions as compared to the final goal of global matching. We also
incorporated patch to word attention, however, we did not find any improvement.
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Figure 6.2: Effects of different values of A1 and A».

Table 6.1: Ablation Study on the CUHK-PEDES dataset. mAP, CMC-1, and CMC-10 (%) are reported.

Variant CUHK-PEDES
anants mAP CMC-1 CMC-10

© Baseli VGG-16 +One-hot-encoding 12.02 13.11  42.66
aseline VGG-16 + LSTM 19.66 25.94 62.44
VGG-16 + Bi-LSTM 26.66 4520 76.55
ResNet-50 + Bi-LSTM 31.39 49.03  80.60
ResNet-152 + Bi-LSTM ~ 31.64 49.16 80.07
ResNet-101 + Bi-LSTM  31.85 49.84 80.72
MobileNet + Bi-LSTM 32.06 50.02 81.34
Weighted 31.67 4734 8145
@ TF-IDF Threshold (T2FIDF) 3043 5044 81.37
. Unit 30.63 47.76 79.84
© W-P Attention \g . hted 3301 52 81.87
. HAITA 3333 53.67 83.79
@P-P Attention 11\ 10a Neg 37.08 56.57 86.30

Variant @:. In this variant, we introduce phrase-patch (P-P) based attention and the net-
work is trained with £7. We set A; = 107° and vary the values of A,. We observe that high
weightage to A, leads to decrease in the accuracy and the value of A, = 10~* works well.
We first extract nouns and feed it into Bi-LSTM to get phrase features. Here, we observe a
boost of 4.07% in CMC-1 accuracy with re-ranking (RK) [66] over the Variant @ in case of
HAITA-Net.
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6.3.5 Comparison

We show the comparison results with the state-of-the-art methods on the Re-ID dataset CUHK-
PEDES. We conducted bi-directional matching results: text-to-image and image-to-text Re-ID.

Text-to-Image Re-ID

For CUHK-PEDES, we compare with feature embedding based methods, such as MCCL [119]
and CMPM+CMPC [118]. The results are shown in Table 6.2. We also compare with attention
based methods, including GNA-RNN [10], CNN-LSTM [127], DSFA-Net [166], PWM +
ATH [167], GDA+LRA [129], MIA [168], and A-GANet [121]. The results show that our
HAITA-Net achieves better performance. Although MIA [168] and A-GANet [121] also learn
the cross-modal representations by global or local associations, they weakly incorporate the
importance of the informative word. Further, compared to A-GANet, we observe that for higher
CMC ranks our model has significantly better performance. Hence, an improved performance
over these methods suggests that our hierarchical attention network with salient tokens can
learn more discriminative and robust representations.

Table 6.2: Comparisons on the CUHK-PEDES dataset (Text-to-image Re-ID). CMC-1 and CMC-10
(%) are reported. A:Embedding and B:Attention

. CUHK-PEDES

Method Baseline Param Ref CMC-1CMC-10
A CMPM+CMPC [118] MobileNet+Bi-LSTM 6M  ECCV’18 49.37 79.27
MCCL [119] MobileNet+Bi-LSTM 6M ICASSP’19 50.58 79.06
TIMAM [169] ResNet-101+BERT  152M ICCV’19 5451 84.78
CCA [170] ResNet-50+Text-CNN  25M  Arxiv’20 46.44 76.30
Dual-Path [171] ResNet-50+Text-CNN 25M TOMM’20 44.40 75.07
B GNA-RNN [10] VGG-16 + One-hot  138M CVPR’17 19.05 53.64
CNN-LSTM [127] VGG-16 + LSTM 138M  ICCV’17 2594 60.48
DSFA-Net [166] VGG-16 + LSTM 138M  PRL’18 20.33  54.90
PWM+ATH [167] VGG-16+LSTM 138M  WACV’18 27.14 61.02
GDA+LRA [129] ResNet-50 + LSTM  25M  ECCV’18 43.58 76.26
A-GANet [121] ResNet-50 + Bi-LSTM 25M ACM MM’19 53.14 81.95
Pythia-relD [172] ResNet-152 + GRU  60M Robotics’20 26.79 63.78
MIA [168] VGG-16 + GRU 138M TIP 20 48.00 79.30
MIA [168] ResNet-50 + GRU 25M TIP 20 53.10 82.90
PMA [173] VGG + Bi-LSTM 138M  AAAI'20 47.02 78.06
PMA [173] ResNet-50 + Bi-LSTM 25M  AAAI'20 53.81 81.23

HAITA-Net MobileNet + Bi-LSTM 6M Ours 56.57 86.30
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Image-to-text Re-ID

We also conducted experiments in the image-to-text Re-ID setting. The results for the CUHK-
PEDES dataset are shown in Table 6.3. The results show that the HAITA-Net is able to perform
good bidirectional matching task as compared to the existing algorithms Bi-rank [124], His-
togram [125], N-pair [126], CMPM+CMPC [118], and baseline (see Section 3.1). The results
also show that our HAITA-Net outperforms the existing methods.

Table 6.3: Comparisons on the CUHK-PEDES dataset (Image-to-Text Re-ID). CMC-1, CMC-5, and
CMC-10 (%) are reported.

CUHK-PEDES
Method CMC-1 CMC-5 CMC-10

Bi-rank [124] 32.56 — —
Histogram [125] 4.78 - -
N-pair [126] 17.66 -

CMPM+CMPC [118] 57.71 - 91.28
Baseline 61.61 86.14 92.0
HAITA-Net 65.23 88.11 94.13

6.3.6 Visualization

Attention Visualization through Heatmaps

We select three examples to show the effectiveness of our attention alignment modules in Fig-
ure 6.3. For each row, from left to right are the text with a highlighted word, the image, the
heatmap for the highlighted word by our W-P attention module, and the heatmap for the high-
lighted word by both W-P and P-P attention modules, respectively. The lighter regions indicate
the highly attentive areas for the corresponding highlighted words.

The figure shows that the Word-Patch (W-P) attention module emphasizes patches corre-
sponding to isolated words. For example, if we search for the “handbag” keyword then W-P
attention focuses on the hand. Similarly, in the second case of the keyword “backpack”, the
attended region is back. In the third case of the keyword “umbrella”, the W-P attention focuses
on the umbrella of the other person than the target one. On the other hand, HAITA-Net com-
prises of both Word-Patch and Phrase-Patch (W-P+P-P) and selects the corresponding regions
efficiently related to the highlighted word and filters out the unrelated regions. For example, in
the case of “handbag”, the focus is on handbag location. The similar behavior in other examples
illustrates that HAITA-Net learns accurate aligned fine-grained matching.

T-SNE Visualization of Text-Image Embeddings

We randomly select five identities from the testing set of CUHK-PEDES dataset and visualize
the features using t-SNE in Figure 6.4. Here, different colors refer to different identities, and
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Text

A woman with black hair is walking toward us. She is
wearing a white t shirt and grey pants. Over her left
shoulder is a tan handbag.

A woman wearing a light green shirt and khaki shorts
is carrying a backpack and walking down steps.

A balding man is wearing a black shirt and blue
jeans. He has a red bag and black umbrella in his hand.

Figure 6.3: Heatmaps of attention regions corresponding to the highlighted words from various compo-
nents of HAITA-Net. Best viewed in color

different shapes refer to different modality features. We show features for two phases: baseline
features and features by our HAITA (from left to right).

Baseline phase: We visualize the baseline features in Figure 6.4(a). It shows that most of
the data points are dispersed and some are totally merged into samples of another identity. It
also shows that the baseline features of the same modality cluster well. However, image and
text features are far apart. It is clearly evident that the baseline network is not enough to deal
with cross-modal text-image features.

HAITA phase: On the other hand, Figure 6.4(b) shows that features from different modali-
ties appear closer. For example, samples in red, green and blue color are closer as compared to
baseline. This visualization shows the superiority of the proposed HAITA model over baseline.
Also , it is clearly evident that the proposed network has strong ability to build an attentive
relation between text-image to bridge the modality gap and make them closer as compared to
the baseline phase.

(a) Baseline (b) HAITA

Figure 6.4: 2D visualization of the features. Different color stands for different class. The shape
% denotes the feature extracted from the image, while the shape @ denotes the feature extracted from
the text. Best viewed in color
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Visualization of subjective retrieval results: We show person search results with natural
language descriptions in Figure 6.5. These results show that each retrieved image has regions
that match corresponding parts of the text description. These cases are shown in the green
bounding box. The erroneous results are marked in red bounding boxes.

The man has glasses and is wearing a white shirt
and dark shorts. He is also carrying a red book bag.

A girl with long hair and glasses is standing with her
arms crossed and wearing a backpack and red shoes.

The person is wearing tennis shoes, short black
shorts, and a bright yellow-green top with no sleeves.

Figure 6.5: Retrieval results. For each row, we show one text query and top-5 similar images. Best
viewed in color

The man looking walks along the street he wears a
blue shirt and dark blue pants with brown shoes.

A white woman with long black hear is wearing a
red sleeveless top and a black skirt with silver
sneakers carrying a blue shopping bag.

The person is wearing a tan, knee length coat
with darker pants. They are wearing a brimmed
hat and have dark hair.

Figure 6.6: Failure cases of retrieval results. Best viewed in color

We also show failure retrieval cases in Figure 6.6. The failure results also retrieve images
that are similar to the language descriptions. For example, in the first case, all of the retrieval
images have a “blue shirt”. Similarly, in the second case, “red top” can be seen, and in the
third example, and the last example contains "hat". The incorrect matches are highlighted in
red color boxes.
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6.3.7 Generalization Capability

To give more insight on HAITA-Net model, we not only address the problem of description
Re-ID, but also demonstrate application of the proposed method to other object categories. We
use Flickr-30K dataset for this purpose. To validate the superiority of the proposed method, we
compare it with existing algorithms: VQA-A [174], DSPE [175], m-CNN [176], sm-LSTM
[128], RRF-Net [124], CMPM+CMPC [118], NAR [177], DAN [178], A-GANet [121]
and observe a better performance. We show the comparison results in Table 6.4 for text-to-
image matching. We also show the comparison results with the state-of-the-art methods for
image-to-text matching in Table 6.5. The significant improvement over the accuracy shows the
generalization capability of the proposed method.

Table 6.4: Comparisons on the Flickr30K dataset (Text-to-Image Re-ID). CMC-1, CMC-5, and CMC-10
(%) are reported.

Flickr-30K
Method Ref CMC-1 CMC-5 CMC-10
VQA-A ECCV’16 249 526 64.8
DSPE CVPR’16 297  60.1 72.1
Embedding MCNN ICCV’17 262 563 69.6
& sm-LSTM CVPR’17 302 604 723
RRF-Net ICCV’17 354 683 79.9
CMPM-+CMPC ECCV’18 373 657 75.5
NAR ICASSP’19 394 688 79.9
Dual-Path [171] ACM-TOMM’20 39.1  69.2 80.9
Atention  PAN CVPR’17 394 692 79.1
A-GANet ACMMM’19 3952 699 80.9
HAITA-Net Ours 40.1 70.2 79.9

Table 6.5: Comparisons on the Flickr30K dataset (Image-to-Text Re-ID). CMC-1, CMC-5, and CMC-10
(%) are reported.

Flickr-30K

Method CMC-1 CMC-5 CMC-10
VQA-A 33.9 62.5 745
DSPE 40.3 68.9 79.9
m-CNN 33.6 64.1 74.9
sm-LSTM 42.5 71.9 81.5
CMPM+CMPC 403 66.9 76.7
HAITA-Net 45.4 74.5 82.3

This chapter discussed the contributions towards the emerging practical scenario of text-
image heterogeneous Re-ID. In the next chapter, we conclude the research objectives with
future directions.



Chapter 7

Conclusion and Future Works

7.1 Conclusion

This thesis focused on homogeneous and heterogeneous based person Re-ID. The main contri-
butions of the thesis are:

e For homogeneous video Re-ID, we propose a novel end-to-end joint learning network.
Our proposed CARF-Net uses a two stream triplet network which incorporates CNN, discrim-
inative visual attention, RNN and multiple pooling layers. In order to preserve information
from discriminative frames and to learn robust features, we apply multiple spatial, temporal
and spatio-temporal fusion operations. Further, we use a multi loss method as an objective
function to train the network. We rigorously evaluate the performance of multiple variants
of the proposed network and conclude that CARF-Net gives best results. This is because the
network exploits most informative regions for person re-identification through visual attention
on frames and optical flow vectors, whereas, temporal and spatio-temporal pooling extracts
most discriminative frames. The extensive comparison against several popular algorithms also
show the efficiency of the proposed network. In addition, we empirically show that the pro-
posed network is more robust to adversarial examples as compared to other algorithms. We
also introduce a large novel aerial video dataset with several challenging situations.

e The second contribution deals with homogeneous image based Re-ID. We propose a
novel deep re-id model based on an encoder-decoder network architecture for image based per-
son re-id. Our hypothesis is that by augmenting the network with a multi-resolution decoder,
the learned representation becomes richer and thus, generalizes better against severe challenges
like pose variation, occlusion, illumination variation, and low resolution. Our elaborate quan-
titative and qualitative experiments prove this hypothesis. In addition, we propose a novel
median based hybrid sampling strategy for mining of triplets. We observe that our sampling
strategy achieves better clustering for positive and negative samples. We also propose test set
augmentation technique with the reconstructed samples. The reconstructed samples are void of
various challenges while preserving the identity specific information which indicates that the
features possess both high discriminative and generative power for person re-id. Further, we
validate the robustness against pose variation, partial occlusion as well as low resolution exam-
ples. We rigorously evaluate the performance of multiple variants of the proposed network and
conclude that HDRNet achieves state-of-the-art performance.

e The third contribution presented in the thesis is the heterogeneous Re-ID. In this work,
we propose a novel architecture for RGB-IR Re-ID with the goal of spectrum disentangled
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representation learning. The architecture includes three major components. First, we introduce
a disentanglement loss to segregate the identity and spectrum related features. Second, we
design spectrum dispelling branch to learn identity cues and spectrum distilling branch to learn
spectrum related information. Third, we apply an identity-dispeller over spectrum distilling
branch to fool the identity classifier. The extensive experiments conducted on challenging
RGB-IR datasets like SYSU-MMO1 [5] and RegDB [6] show that the proposed network is
robust enough to learn spectrum disentangled representation to perform RGB-IR Re-ID and
outperforms state-of-the-art methods.

e In our final contribution, we not only address the problem of text-image Re-ID, but also
demonstrate application of the proposed method to other object categories. We propose an
end-to-end Hierarchical Attention Alignment Network (HA2-Net) for the text-image matching.
This model is based on the hierarchical relations between the contexts of image and text. We
apply an efficient threshold TF-IDF (T2FIDF) for the text to find out the most salient tokens.
Furthermore, we design a multi-loss function that combines hierarchical weighted attention loss
and cross-modal loss, and optimize our model in an end-to-end manner. Extensive experiments
and analysis demonstrate the superiority of HA2-Net for efficiently learning discriminative
image-text embeddings. The competitive performances on the CUHK-PEDES [10] and Flickr-
30K [11] dataset outperform most previous methods significantly.

7.2 Future Works

The objective of this research is to develop robust algorithms for Re-ID under multi-camera
networks for single and multi-modal data. Also, with the emerging research area of text-image
matching for person category, several challenging problems are highlighted which require fur-
ther investigation. We also believe that heterogeneous Re-ID will continue to be an active and
promising research area with broad potential surveillance and other related applications. The
future research directions are discussed in the following sections.

7.2.1 Video Re-ID through Autoencoders

Inspired from homogeneous image based HDRNet in chapter 4, we plan to mimic the similar
behaviour in video network to reduce the complexity as well as to make learned features more
generalizable. To achieve this goal, we plan to work on autoencoder network, comprising of
an encoder and a sequential decoder for video based Re-ID. In this network, the encoder can
be taken as the combination of CNN and RNN to exploit appearance and temporal feature
vector. The output feature is then used as input to a decoder to reconstruct the features such
that it preserves spatial location information of all the input frames. Additionaly, the goal of
the decoder is to help the encoder to learn robust feature by introducing a generative task to the
embedding layer so that it can become more generalizable to the unknown test data. Overall,
the network can be optimized using multi-loss function— triplet verification and mean squared
error loss.



71

7.2.2 Homogeneous Re-ID via Unsupervised Domain Adaptation

Unsupervised Re-ID has witnessed a surge in the number of works in the past few years. This
is due to the fact that such system is easily scalable in a real world scenario unlike supervised
system. However, unsupervised Re-ID also poses daunting challenges in terms of domain
gap between a labeled source domain and unlabeled target domain. Though there has been
a tremendous progress in unsupervised domain adaptation under classification setting, Re-ID
has additional major challenge of completely unseen target labels [179—182]. This requires
investigation of techniques which not only bridge domain gap but also address the challenge of
totally unseen labels.

e To accomplish the goal of unsupervised Re-ID, source domain can be trained in a similar
way as in HDRNet model. For target domain, the first step is to incorporate attributes-based
Re-ID with the current setting of RGB-RGB Re-ID to parse the human semantically. Semantic
attributes can be used as pseudo labels on target domain to address the challenges associated
with source-target domain discrepancy.

e In order to learn the discriminative features and generalize the Re-ID model to the unsu-
pervised target domain, we plan to exploit the disentanglement reconstruction model on source
domain where learned representations can be disentangled into identity and non-identity related
features. Further, the disentangled features can undergo reconstruction using a decoding layer
to increase the generalization capability of the features. Then, the learned knowledge can be
transferred to target domain (without label information) via fine-tuning. To learn the camera
invariance property, training images of target domain can be style-transferred to each camera
[16, 17, 183]. Further, original and cam-style generated images form the augmented training
set and can be fed to target representation model. Once the domain-invariant feature is learned
via fine-tuned model, we can perform cross-domain Re-ID by matching the query image and
gallery images. A typical framework of the unsupervised model setting is shown in Fig. 7.1.

Source Domain '

[P Tereet Model  —p—— '@ Disentangled (oD

Reconstructed
Source Model Feature Features Features

Figure 7.1: UDA Model for Unsupervised Re-ID
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7.2.3 Other directions in Heterogeneous Re-1D

Due to the advancement of heterogeneous Re-ID in practical scenarios, there is high interest in
this research area. However, many critical issues are still an open problem.

e The major success of homogeneous based Re-ID systems is due to the availability of large
labeled datasets. However, there is a lack of large heterogeneous dataset with sufficient varia-
tions. The first possible future direction is to construct dataset with large number of samples to
address the inter-modal discrepancy.

e There are many heterogeneous based applications such as Text-Image [10, 120, 127, 167]
and Sketch-Image [184] Re-ID where human intelligence can be involved into the process of
Re-ID. However, crowd-sourcing cues may be diverse to each other due to different views of
each individual. For example, the descriptions of the text-annotations and sketch representa-
tions can vary a lot due to different persons’ inputs. Hence, mining and integrating the rich in-
formation to search the query in the surveillance system remains a challenging problem. Here,
the second possible future direction is towards the design of an automatic strategy [185, 186]
to capture the rich contextual dependencies between the fragments of image and text/sketch in
Re-ID models.

7.2.4 Usage of synthetic data

Leveraging the use of synthetic data is useful for cross-dataset person Re-ID. The lack of large-
scale and diverse source training data limits the generalization ability of the learned models to
unknown target domain. One possible solution is to automatically synthesize a large-scale Re-
ID dataset similar to real surveillance but with virtual environments, and then use the synthe-
sized person images to train a generalizable Re-ID model. Another way to reduce the domain
gap is to fuse synthetic and real-world datasets to train the source models and then transfer
the knowledge on the target domain. Few efforts [187—189] have been designed towards the
creation of synthetic data for Re-ID domain. SOMAset [187] is a synthetic dataset with 50
3D-person models and 11 types of outfits. Bak er al.[188] also introduce SyRI dataset includ-
ing 100 characters. This dataset is featured by rich lighting conditions. PersonX [189] dataset
contains 1,266 3D characters and 273,456 bounding boxes taken with six cameras. However,
their images only provide one character at a time under a single camera setting.

7.2.5 Regulation in person detection and processing

The performance of the Re-ID models heavily relies on successful person detection which
is a challenging task. State-of-the-art [190-192] deep learning approaches (Faster R-CNN,
R-FCN, SSD and YOLOv3) are used for the detection purpose. While the person detection
has improved significantly over the recent years [193—-195], crowd scenes remain particularly
challenging for the detection and tracking tasks due to heavy occlusions, high person densities
and significant variation in appearance. Recent works [196] suggest that there is significant
further to increase object detection performance by utilizing even bigger datasets. These aspects
can also be explored as a future direction of our work.
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7.2.6 Advancement in Re-ID

Existing Re-ID models assume fixed gallery images and that a person appears in short con-
tinuous span of time. However, the real-world scenario is more challenging [197, 198] and
there is a need to address long-term and open-world person Re-ID systems in which people
probably appear after a certain amount of time and gallery images can be updated dynamically.
Long-term and open-world person Re-ID are two of the main research directions.
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