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Abstract

We present a deep learning-based method for Visible-Infrared person Re-
Identification (VI-RelD). The major contribution lies in the incorporation of
co-segmentation into a multi-task learning framework for VI-RelD, where the
co-segmentation concept aids in making the distributions of RGB images and
IR images the same for the same identity but diverse for different identities.
Accordingly, a novel multi-task learning based model, i.e., co-segmentation
assisted VI-RelD (CSVI), is proposed in this paper. Specifically, the co-
segmentation network first takes as the inputs the modality-shared features
extracted from a set of RGB and IR images by using the VI-RelD model.
Then, it exploits their semantic similarities for predicting the person masks
of the common identities within the input RGB and IR images by using a

cross-modality center based weight generation module and a segmentation
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decoder. Doing so enables the VI-RelD model to extract more additional
modality-shared shape features for boosting performance. Meanwhile, the co-
segmentation network implicitly establishes the interactions among the set of
RGB and IR images, thus further bridging the large modality discrepancies.
Our model’s effectiveness and superiority are verified through experimental
comparisons with state-of-the-art algorithms on several benchmark datasets.
Keywords: cross-modality person re-identification, co-segmentation,

multi-task learning.

1. Introduction

Person Re-IDentification (PRelD) is a crucial technology for intelligent
video surveillance, aimed at identifying individuals across non-overlapping

cameras. Recently, re-identifying persons from visible images (VV-PRelD)

has shown impressive performance and found applications in real-life scenarios|1,

2]. Although such progress has been made, researchers find that the applica-
tions of VV-RRelID models in many realistic scenarios have been hindered,
since visible cameras cannot capture informative images in case of inadequate
illuminations (e.g., at night). Motivated by such challenges, cross-modality
PRelD, i.e., associating RGB and infrared (IR) pedestrian images for cross-
modality image retrieval, has drawn increasing attention[3, 4], since Infrared
(IR) cameras excel at capturing more information in challenging illumina-
tions, particularly in low-light conditions [5]. Additionally, many surveillance
cameras can automatically switch between RGB and IR modes, making the

integration of cross-modality approaches feasible and practical.

Generally speaking, VI-RelD faces two major challenges, i.e., cross-modality
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Figure 1: Frameworks of existing co-segmentation models. (a) Architecture of the co-
segmentation task. (b) Framework of our proposed model. The images with the same

color boxes belong to the same objects (a) or identities (b).

variations and intra-modality variations. The cross-modality variations result
from the inherent differences between visible and infrared images. The intra-
modality variations are caused by differences in viewpoints, poses, and expo-
sures of individuals. Most existing models try to capture those discriminative
features co-existing in the two modalities (i.e., modality-shared features) for
simultaneously tackling these challenges. However, the cross-modality varia-
tions not only lead to different feature distributions between visible features
and infrared features but also cause much person-discriminative information
within one modality to be interfered[3]. For instance,VV-PRelD heavily re-
lies on color information as a crucial appearance cue, while it is hardly used
in VI-ReID. This often makes such modality-shared feature learning difficult.

Employing person masks as auxiliary information has proved to be an
effective way for facilitating VI-RelD, since the person masks contain abun-
dant and accurate modality-invariant person shape information. The most
common way of exploiting person masks for VI-RelD is directly employing
the person masks for selection [6, 7], i.e., selecting persons from backgrounds
or selecting features from person regions. However, this only helps VI-RelD

models to eliminate the interference information within the backgrounds from
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their extracted person features, but cannot enable VI-RelD models themself
to extract more accurate semantics from the input images, since those person
masks do not directly provide any gradients for training (see Section III for
more details), thus leading to unsatisfactory results.

Alternatively, Huang et. al [8] proposed a multi-task learning based VI-
ReID model to facilitate their VI-RelD network extracting more modality-
shared person shape information for VI-RelD by exploring the relations
between person segmentation and VI-RelD. Specifically, in [8], two sub-
networks are employed on top of a shared feature extractor for person seg-
mentation and VI-RelD, respectively. By doing so, the person segmentation
sub-network can facilitate the shared feature extractor directly extracting
abundant person-related semantics for VI-RelD by predicting those person
masks. Meanwhile, those person semantics extracted by the person segmen-
tation sub-network can also be introduced into the VI-RelD sub-network
for further boosting performance, thus achieving large performance improve-
ments. Howewver, this model mainly focuses on exploring the relations between
different tasks but ignores the relations between the features across modali-
ties, thus also easily leading to sub-optimal results. Besides, it also introduces
some extra computational costs, since an extra segmentation sub-network is
required.

In this paper, we gain inspiration from the task of co-segmentation and
eventually utilize it to address the above issues. Specifically, co-segmentation
aims to detect the common objects or regions in a set of relevant images, e.g.,
the apples in Fig. 1(a). One of the main ideas of such a task is to utilize

semantic similarity for segmenting objects with the same semantic class but
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with different appearances and backgrounds. In deep learning based models,
the semantic similarity usually means that the distributions of high-level
features, which are also called semantic features, are the same for those
images with the same classes, but different for those images with different
classes, e.g., the semantic features’ distributions of apples vs those of cars
in Fig. 1[9, 10]. Accordingly, those deep learning based models can achieve
co-segmention by interacting those semantic features from different input
images. For instance, a correlation layer can help to segment the objects
with the same class across two input images, which can be implemented by
either computing the correlations of the semantic features [11] or employing
the shared weights to select a set of features from a set of input images for
segmenting their co-existing objects [12].

Moreover, as depicted in Fig. 1(b), the concept of semantic similarity
appears reasonable for VI-RelD. It typically aims to enable the distributions
of RGB images and IR images to be the same for the same identity, and
vice versa. Therefore, in this paper, we use the co-segmentation to facilitate
the VI-RelD by transferring the VI-RelD task to a task that detects the
same identities from a set of RGB and IR images. If incorporating the co-
segmentation task into the framework of VI-RelD models, the co-segmention
network will exploit the semantic similarity across a set of RGB and IR im-
ages with the same identities for predicting the masks of this identity, which
will enhance the VI-RelD network to extract more additional discriminative
modality-shared person shape information for VI-ReID. Moreover, during the
co-segmentation, the features from the set of RGB and IR images will also be

implicitly interacted with each other. This will further help the VI-RelD net-
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work to reduce the large modality discrepancies. Accordingly, those issues in
VI-RelD mentioned above will be well addressed. To this end, a novel multi-
task learning based VI-RelD model, i.e., co-segmentation assisted VI-RelD
(CSVI), is presented in this paper.

Concretely, during the training stage, a VI-RelD network will be first
utilized to extract modality-shared RGB and IR features from a given set
of input RGB and IR images. Then, an auxiliary co-segmentation model
will be designed and cascaded after the VI-RelD network to perform co-
segmentation on those input images for assisting the VI-RelD network. Es-
pecially, for those input images, the co-segmentation model will interact their
cross-modality features and further segment their common identities by ex-
ploring their semantic similarity via a Cross-modality Center based Weight
Generation (CCWG) module and a segmentation decoder. While, in the
testing stage, the auxiliary co-segmentation model will be removed and only
the VI-ReID model is employed for VI-RelD, thus without introducing any
more parameters and computational costs.

Furthermore, we will theoretically prove that, compared with the ways
of taking person masks as selection maps, our proposed model can learn
to extract more person shape information from the input images with the
aid of those person masks. Meanwhile, compared to the multi-task learning
based models that explore the relations between person segmentation and VI-
RelD, our proposed model will not only capture more discriminative person-
related features by exploring relations between segmentation and VI-RelD,
but also effectively reduce the large cross-modality variations by establishing

the interactions between modality-shared RGB and IR features via the co-
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segmentation model, thus obtaining better VI-RelD results.

To summarize, the main contributions of this paper are as follows:

(1) This paper takes the initiative to use the co-segmentation to assist
the VI-RelD in a multi-task learning framework. Benefiting from their com-
mon idea, i.e., semantic similarity, our co-segmentation model significantly
enhances our VI-PelD model’s abilities in the extraction of discriminative
person-related features and the reduction of cross-modality variation.

(2) An auxiliary co-segmentation model is designed to segment the same
identity from a set of input images with different modalities by establishing
the interactions across those modality-shared features with different modal-
ities. This will help the VI-ReID model to extract more accurate modality-
shared features from the input images, thus significantly boosting the per-
formance of VI-RelD.

(3) The theoretical comparisons between our proposed model and existing
models are provided, which further verify our proposed model’s effectiveness
in theory.

In the following sections, we will discuss the relevant previous works on
RelD and VI-RelD in Section 2. Subsequently, we will present the details of
our proposed method in Section 3. Section 4 will showcase the experimental
results used to validate our approach. Finally, a concise conclusion will be

provided in Section 5.
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2. Related Work

2.1. VV-PRelD

VV-PRelD has been extensively explored in the literature. Conventional
models mainly focus on designing discriminative hand-crafted descriptors,
such as colors, textures and some regular patterns [13]. Recently, CNN-
based VV-PRelD models have pushed performance to a new level. Specifi-
cally, some of these models primarily concentrate on representation learning,
with the objective of capturing some person-related features to distinguish
different individuals. For example, Jia et al. [14] proposed a transformer
framework, termed by DRL-Net. This framework employs a novel alignment
process, enabling the implicit disentanglement of person representations in a
supervision-free manner. Consequently, this model can effectively extract
those person-related information for occluded VV-PRelD, thus achieving
state-of-the-art performance.

Alternatively, others mainly dedicate themselves to metric learning, i.e.,
aiming at learning an embedding representation that increases the feature
similarity among the same identities and reduces the feature similarity among
different identities in the embedding space. For example, Yang et al. [15]
developed a structural metric learning objective for VV-PRelD. In their ap-
proach, each positive pair was allowed to compete against all negative pairs in
a minibatch. Moreover, they dynamically assigned a hardness-aware weight
to each positive pair, adjusting their contributions based on the level of dif-

ficulty, leading to improved performance.
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2.2. VI-RelD

Recently, a considerable number of VI-RelD models have been extensively
studied, and providing a comprehensive summary of all these models is be-
yond the scope of this paper. For interested readers, we recommend referring

to [3] for recent surveys on this subject.

Existing VI-ReID models can be broadly classified into two groups: modality-

shared feature learning and modality-specific feature compensation.Similar to
other cross-modality matching task [16], the former aims to extract discrim-
inative features that are common across multiple modalities. For instance,
Wei et al. [17] introduced the Adaptive Body Partition model, which employs
separate sub-networks to extract single-modality information from RGB and
IR images. A shared sub-network is then utilized to detect and segment
body parts, enabling the extraction of more discriminative local information.
Chen et al. [18] presented a structure-aware positional transformer, which
leverages structural and positional information to explore semantically aware,
shareable modality features. They introduce an ASR module to explicitly
explore structure-related features from each modality, thereby reducing com-
plex background noise. Furthermore, a TPI module is designed to model
contextual and positional relations. Similar to Huang et al. [8], Miao [19]
proposed a two-stream framework based VI-RelD model which explores the
pose estimation as the auxiliary learning task to help the RelD task in VI-
RelD. To facilitate transferring the pose information from pose estimation to
VI-RelD stream, they proposed a Hierarchical Feature Constraint (HFC) to
ensure the discriminability consistency of global features and local ones via

the knowledge distillation strategy.
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In contrast, modality-specific feature compensation-based models typi-
cally start by generating the missing modality information from the avail-
able modality, thsu addressing cross-modality variations. Subsequently, they
utilize both the original and generated information to handle intra-modality
variations. Liu et al.[20] proposed a new two-stage GAN based model, which
first optimizes the image generator’s structures and objective functions in the
first stage. Then, it improves the RelD network by employing the feature-
level fusion rather than the image-level fusion for their original and gener-
ated information in the second stage. Differently, Lai et al.[21] introduced a
feature-level compensation approach for VI-RelD. They first disentangled the
single-modality features into modality-specific features and modality-shared
features. Subsequently, they generated the missing modality-specific features
from the disentangled modality-shared features. Finally, they fused the orig-
inal modality-specific features, the generated modality-specific features, and
the disentangled modality-shared features to perform VI-RelD. This feature-
level compensation strategy allowed for better handling of cross-modality

variations and intra-modality variations in their model.

3. Proposed Model

Figure 2 illustrates the structure of our proposed model, which comprises
a VI-RelD network and an auxiliary co-segmentation network. It is worth
noting that the auxiliary co-segmentation network is only used during the
training stage and will be excluded during the testing stage, without intro-
ducing any extra parameters. In the subsequent sections, we will delve into

the specifics of each component in detail.

10
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Figure 2: Illustration of the proposed model. In our proposed model, VI-RelD network
first employs two independent subnetworks to extract those single-modality RGB and IR
features from the input RGB and IR images, respectively, and further uses two parameter-
shared subnetworks to extract those modality-shared features. Meanwhile, some of those
extracted modality-shared features are fed into the auxiliary co-segmentation network to
assist VI-RelID network. Here, a CCWG module is first employed to generate some feature
weights for a set of RGB and IR images with the same identities and a segmentation

decoder is further employed to segment their common identities.

3.1. VI-RelID Network

The VI-RelID network is a modification of ResNet-50. Initially, two sep-
arate sub-networks are employed to extract single-modality features from
the input RGB and IR images, respectively. Subsequently, the extracted

RGB features and IR features are projected into a shared feature space,

11
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where their modality-shared features are extracted using two sub-networks
with shared parameters. Finally, a part module is applied to the extracted
modality-shared features to obtain the final person part features for VI-RelD.
Suppose that there are N identities and each identity has K RGB images
and K IR images with the size of W x H, i.e., Xg = {2t € RT*W}/ and
X; = {2t € RT*W}J Here, /= NK.

3.1.1. Modality-specific Feature Extraction

Typically, the low-level features obtained from RGB and IR images, re-
spectively, exhibit significant discrepancies due to their capture in different
spectrums. Therefore, as shown in Fig. 2, two shallower sub-networks are
employed in our proposed VI-RelD network to extract those single-modality
features from the input RGB images and IR images, respectively. Here, the
sub-networks have the same structure but extract different modality-specific
information using distinct parameters. Specifically, the two shallower sub-
networks are constructed by using the same structures as the first three con-
volutional blocks in ResNet50 [22]. As a result, we obtain the RGB features
Fg and the IR features F; € RIXOvxgx g, Mathematically, this process is

expressed by
F,, = ConvB(X,,, am), (1)

where ConvB(x, a,,,) denotes a sub-network with its corresponding parame-

ters ay,.

3.1.2. Modality-shared Feature Fxtraction
As shown in Fig. 2, the extracted single-modality RGB and IR features

are fed into two sub-networks, both with shared parameters, to obtain their

12
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corresponding modality-shared features. Both sub-networks follow the same
structures, which are based on the last two convolutional blocks of ResNet-50
[22]. Notably, the strides of the convolutional layers in the last block are set
to 1 to preserve more spatial details during the feature extraction process.

W H )
R7*C1 > 16 %15 are obtained

Accordingly, the modality-shared features F ,, €
by

Fs,m = COHVB(Fmv 5)7 (2)

where, m € {R, I} denotes RGB or IR modality. ConvB(x, ) denotes the
convolutional blocks with the parameters 8. C} denotes the number of the

feature channels.

3.1.3. Part Module

After obtaining the modality-shared features F's, m, a part module is uti-
lized to further extract those discriminative modality-shared person features
from different person parts. Specifically, following [23], those modality-shared
features F; ,, are initially divided into six strips along their vertical direction.
This division helps to focus on individual person parts and enables the extrac-
tion of more specific and discriminative information from each part. Then,
a global average pooling is performed on each strip, thus obtaining six parts
of features ]?";m € R7*% . Here, p =1,2,3,...,6 denotes different parts. Af-
ter that, a fully connected layer is employed for the features of each part
to embed them into a metric space, obtaining the final person part features
F? € R7*®2. Finally, a fully connected layer based classifier is employed to

predict their corresponding person identities, obtaining their corresponding

13
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scores clsP . p=1,2,....,6. Mathematically, this process is expressed by

F;m, . ,]?‘Sﬁm = GAP(Sep(Fsm)), Fb, = FC( B m>Wp)s clsh, = FC(FL ), (3)

where Sep(x) denotes the separation operation. GAP(x) denotes the global
average pooling. FC(x,7,) and FC(x,~,) denote the fully connected layers
with their corresponding parameters 7, and ,, respectively. In this paper,

Cy = 2048 and Cy = 512.

3.1.4. Loss Function

two loss functions, including an identity loss &;41 and a center loss &, are
employed to train our proposed VI-RelD network. The identity loss &;4; is
performed on the classification scores cls? to make the model extract those
identity-related information, which is expressed by

6

6
§ia1l = Zé.Ce(ClS%, clsg) + Z Eee(clsl, clsg), (4)

p=1 p=1
where cls, are the corresponding ground-truth labels for those input images.

e 18 the cross-entropy loss, which is expressed by

éce ptapg = —F Zpg log pt (5>

where L is the class number and is equal to N, i.e., the total identities in
the dataset, in this paper. pfq are the ground-truth labels for the [-th class
and p! are their corresponding predicted values for the probability of being
the [-th class.

The center loss & is performed on the person part features F? | aiming

to make the features from the same identity to be compact. It is expressed

14
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6
Ea =Y Ene(Fh FY), (6)

p=1

where &, is the hetero-center loss [24] and is expressed by

610 FY) = ENWWF%Q

(7)

Here, F@i% and F/7 are the feature centers of the p-th part features for the
n-th identity, respectively, which are computed by
K K

, 1 kp @ _ L &,
P = LSRR - LS R ®)
k=1 k=1

where F55P and F57P denote the features of the p-th part from the k-th RGB
and IR images of the n-th identity. Therefore, the total loss for training the
VI-RelD network is expressed by

Svin = &1 + e 9)

3.2. Co-segmentation Network

The modality-shared features F,,, € R’ xC1x36% 15 obtained by using Eq.
(2) will be further fed into an auxiliary co-segmentation network to predict
their person masks. It should be noted that, different from person segmenta-
tion, which may directly predict the person mask from each modality image to
facilitate the extraction of person semantics for VI-RelD, the co-segmentation
network aims to detect the person masks of one certain identity from a set
of images across different modalities.

For that, as shown in Fig. 2, the co-segmentation network first employs

a cross-modality center based weight generation (CCWG) module, which

15
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will explore the relations across the modality-shared RGB and IR features
extracted from the K RGB images and K IR images of one identity, and
accordingly generate a set of shared co-segmentation weights for the K RGB
images and K IR images. Then, by virtue of the generated weights, the
co-segmentation network will select those unique features about this identity
from such modality-shared features for each RGB or IR image. Subsequently,
for each RGB or IR image of this identity, the co-segmentation network will
further employ a parameter-shared decoder to predict a person mask of this
identity by using those selected modality-shared features from this image.
Through this approach, our proposed model can effectively explore the re-
lationships between person segmentation and VI-RelD, resulting in the ex-
traction of more discriminative person-related features. Simultaneously, the
model also considers the relationships between the features of the two modal-
ities, which helps in reducing cross-modality variations. Consequenceally, our
model achieves enhanced performance in handling both intra-modality and
cross-modality challenges for VI-RelD tasks. In the following content, we

will take the n-th identity as an example for the introduction.

3.2.1. Cross-modality Center based Weight Generation (CCWG) Module
Theoretically, if a set of images contains the same semantics in the co-
segmentation task, the features extracted from the set of images should
have the same subset of highly activated features, thus enabling the co-
segmentation network to segment the same semantics from the set of im-
ages. Considering that, the CCWG module is designed to generate the co-
segmentation weights for selecting the subset of features according to their

semantics.
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Specifically, for the n-th identity, the VI-RelD network can extract its
modality-shared RGB features F7 , € R xCrx Y515 from K RGB images and
IR features F7 ; € REXC1x36% 15 from K IR images, respectively. Considering
that the feature centers of different identities should be separated from each
other in the VI-RelD task, the feature center of one identity can well represent
the unique characteristics of this identity. Therefore, the feature centers of
different identities can be used to segment the same identities across the
images of different modalities. For that, the CCWG module first computes
the cross-modality feature center F2,, ... € R for the n-th identity by

TS
Center = 37 2 (Fy T Fy7), (10)
k=1
where the features Fgff1 € R 1 denotes the global features of the modality-

shared features F;¥ . Here, m € R, I denotes the RGB or IR modality. They

are computed by using a global average pooling layer, i.e.,
nk __ n,k
Fon, = GAP(F{,). (11)

Accordingly, a fully connected layer is performed on the cross-modality
feature center to generate their corresponding co-segmentation weights w” &

RE X1 for selecting those unique features about the n-th identity, i.e,
w' = FC( genter? 6)7 (12)

where FC(x, §) denotes a fully connected layer with its corresponding param-
eters 6. Here, the weights w™ are shared for all the RGB or IR images of the
n-th identity, since the single-modality features F:jm for different images of

the n-th identity should have the same distributions. Accordingly, the subset
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of unique features ngm for the k-th image related to the n-th identity are

selected by

nk _ __n n,k nk _ __n n,k
Fsel,R =w' ® FS,R’ Fsel,[ =W ® Fs,]’ (13)

where ® denotes the channel-wise multiplication. The features FZ; g and
FF € RK xC1x16%15 are the selected features for the corresponding RGB

sel,

and IR images, respectively.

3.2.2. Segmentation Decoder

As shown in Fig. 2, the selected features Fy, p and F7, ; will be fed
into a segmentation decoder to predict their person masks. Specifically, the
selected features are fed into two stacked deconvolutional blocks to predict
the final person masks M7% and M7y € REXV X%X%, respectively, which are

expressed by
M, = DConv(DConv(F{,; .\, A1), A2), (14)

where DConv(*, A;) and DConv(x, \y) denote two deconvolutional blocks
with their parameters A\; and Aq, respectively. Furthermore, for each decon-
volutional block, a deconvolutional layer is first employed to up-sample the
selected features and then two standard convolutional layers are employed to
capture more features. Therefore, the sizes of M} and M} become % X %.
Similar operations are also performed on other identities. Accordingly, we
can obtain the selected features Fy g and Fyp 1 € RI*C1x35x45 as well as
their predicted masks My and M; € R/*N X

During the training stage, the co-segmentation network only utilizes those

modality-shared features extracted from the VI-RelD network to predict the
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masks of one certain identity from a set of images with different modali-
ties. This will enhance the VI-RelD network’s ability of extracting more dis-
criminative modality-shared features, especially for those modality-invariant
features related to person shapes. Meanwhile, the single-modality features
from a set of RGB and IR images with the same identity will implicitly
interact with each other in the CCWG module via the gradient backpropa-
gation. This will also help the VI-RelD network to reduce the large modality
discrepancies, thus further boosting performance.

Moreover, to keep the selected features corresponding to different iden-
tities rather than some general person features, as shown in Fig.2, an extra
parameter-shared part module is performed on the selected features Fye g
and F; ; for predicting their identities. Accordingly, the person part features

FP

sel,m

denotes different person parts, and m € { R, I'} denotes the RGB or IR modal-

€ R7*% and their scores cls?, . are also obtained. Here, p =1,2,...,6

ity.

3.2.5. Loss Functions

Three loss functions, including an identity loss &40, a center loss &.o
and a segmentation loss .4, are employed for training the proposed co-
segmentation network.

Similar to Eq.(4), the identity loss ;42 is performed on the classification

scores cls” ,  to ensure that the co-segmentation network can extract those

sel,m

identity-related information, which is expressed by

6 6
Sid2 = Z fce(dsgez,Ra clsg) + Z fce(dszeuv clsgy), (15)

p=1 p=1

where cls, denotes their corresponding ground truth labels. Similar to Eq.(6),
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the center loss €., is performed on the person part features F’;el’m, aiming to

make the features from the same identity to be compact, i.e.,

6
fa = &ne(FLy p FY, ), (16)
p=1

The segmentation loss &4 is used to make the co-segmentation model

learn to extract more person shape information, i.e.,
gseg = gce(MRyMRg) +£C€(M17Mfg)7 (17)

where Mg, and M/, denote their corresponding ground-truth person masks.
It should be noted that all the ground-truth person masks are obtained from

the paper [8]. Accordingly, the total loss for training CCWG is
Sccwg = idz + &2 + Eseg- (18)

Furthermore, our proposed model is trained in an end-to-end manner.

Accorrdingly, the total loss function is

gtotal = éVIN =+ fccwg- (19)

3.3. Theoretical analysis

In this section, we will theoretically analyze different ways of using those
person maps in the task of VI-ReID. As shown in Fig. 3, there are three
ways of using those person maps in the task of VI-ReID. The most widely
used way is shown in Fig. 3(a), which simply takes those person maps as
the weight maps for selecting those person-related features. While, as shown
in Fig. 3(b), some works try to explore the relations between the tasks

of VI-ReID and person segmentation via a multi-task learning framework.
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Figure 3: llustration of different ways of using those person maps. (a) Simply using
person maps for feature selection, i.e., [6] and [7]. (b) Exploring person maps via existing

multi-task learning frameworks, i.e., [8]. (c) Our proposed model.

Differently, as shown in Fig. 3(c), we propose a novel multi-task learning
framework, which explores the relations between the tasks of VI-RelD and
co-segmentation. We will first simplify their structures and then theoretically
analyze the three ways of using person maps in the following contents.
Feature selection: The simplified structures of the feature selection
based models are shown in Fig. 3(a). The input RGB/IR images are directly
fed into the VI-ReID network G(x,eqg) for extracting their corresponding
modality-shared features F r/F; ;. Here, e¢ denotes the VI-RelD network’s
parameters. Then, the person masks Mg, and My, are used for selecting
those person-related features. Finally, the selected features are employed for

computing the ID loss in the training stage. Accordingly, the gradients from
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the ID loss to the VI-RelD network in the backpropagation are computed by

o _ b OF s rOF,r 0D OFe 1 OF 1
O OFgqp OFsr Ocqg  OFgq 1 OFs1 Oeq

20
0&p OFs R M 0&ip OF 1 (20)
fg anel,R Oeq lg anel,I Oeq .
Here,
Fsel,R = MRng,R7 Fsel,] = MIng,Ia (21)

where Mp and M7 can be seen as the constant values.

It can be seen that the person masks in Eq.(20) are taken as the constant
values for filtering out those background information. While, they do not
directly provide any gradients for training the VI-ReID model. Accordingly,
the VI-RelD network cannot learn to extract more modality-invariant shape
information, thus leading to suboptimal results in VI-RelD tasks.

Multi-task learning framework based on segmentation and VI-
RelID: In this VI-RelD model, the input RGB/IR images are first fed into
a task-shared sub-network B(x,ep) for extracting their single-modality fea-
tures Fr and F;. Then, the task-shared features are fed into a sub-network
S(x,eg) for segmentation and a sub-network G(x,eq) for VI-RelD, respec-
tively. Here, €g, €5 and e denote the parameters of their corresponding net-
works. Besides, the features Fg., r and Fg,4 1 extracted by the segmentation
sub-network are also introduced into the sub-network G(x,€g) for boosting
the performance. The total loss function of this process is computed by sum-
ming the ID loss ({;p) and the segmentation loss (£se,). Accordingly, the
gradients from the total loss to the VI-RelD network are computed by

Ototat _ Orp | seg _ &p IFsr | O OFs 1
Oeg deg deg OF, r Oeq OF, 1 Oeq '

(22)
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And,

agi&otal o 8€[D + agSeg o 8§ID OFS,R Oeg Oeq 8FSeg,R Oes \OFR

863 663 863 8FS7R 86@ 8FR 6F5697R 865 8FR aEB

afu) anJ aEG 4 86@ 8F56971 665)8F1 65569 8MR 865 8FR
8Fs’[ 86@ 8F1 8Fseg,[ 865 8F[ 863 8MR 863 aFR 863

—+

08seqg OM[ Oes OF 1
OM; Oeg OF; Oep

(23)

Similar to the ID loss in Eq. (20), the ID loss in Eq. (22) and Eq. (23)
can facilitate the VI-RelD network to extract more person-related and ID-
discriminative information for identifying different persons. Differently, the
last two items of Eq. (23) (marked by the green boxes) indicate that the
person masks can directly provide gradients to train the VI-RelD network,
thus enabling the VI-RelD network to learn the ability of extracting more
accurate and modality-invariant person semantics from the person masks for
VI-RelD. Accordingly, this framework can explore the relations between the
tasks of VI-RelID and person segmentation, thus achieving better results. It
can be also seen that the last two items of Eq. (23) are independent for
each other. This means that, in this framework, the modality-shared RGB
features and the modality-shared IR features are not interacted with each
other, which cannot well reduce the modality differences, thus leading to
sub-optimal results.

Multi-task learning framework based on co-segmentation and
VI-ReID (our model): The simplified structure of our proposed model is
shown in Fig.3(c). It first employs a VI-RelD sub-network G(x,eq) to ex-

tract those modality-shared features from the input images. Then, a weight
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generation sub-network W (x, ey/) is employed to predict the weights w for
selecting a set of unique features of one identity. Here, €5 also denotes the
parameters of the weight generation sub-network. Finally, the selected fea-
tures will be fed into a co-segmentation sub-network S(*, €g) to segment those
objects co-existing within the input images. Accordingly, the gradients from
the total loss, including the ID loss (£;p) and the segmentation loss (£geg),
to the VI-RelD network are computed by

O&total _ 9¢1p + 8&S’eg _ O&1p an,R + 01D an,I + 8£Seg OMp Oes
Oeq Oeq Oeq OF, r Oeq OF1 Oeq OMPpr Oes OFq R
8W 8FR 65569 aM] 865 aW 8F1

an,R> e | OM; Deg OFqu; (w+ S’Ian,I)aeG

(W + FS,R

. 8§ID 8F57R i 6£1D 8F571 4 F 86565] OMR 865 ow 8FR
N OFs r Oeq OF, 1 Oeq S’R(‘)MR Oeg anel,R OF, r Ocq
L F 05eg OM[ 0Oeg  Ow OF; 0seg OMR 0Oes OFgR

SIOM; Des OF s OF,; Oc | \OMp s OF s n Oec

08seqg OM[ Oes OF7
OMy Oes OF 41 1 Ocy

(24)

Similar to that in Eq.(24), the proposed model can also effectively explore
the relations between the tasks of VI-RelD and person segmentation via
the two items marked by the green boxes in Eq.(24). Accordingly, the VI-
RelID network can also learn the ability of extracting those accurate and
modality-invariant person semantics from the person masks for VI-RelD.
Moreover, as shown in the last item of Eq. (24) (marked by the red box),
the modality-shared RGB features and the modality-shared IR features will
be interacted with each other with the aid of those generated weights, thus

benefiting to reduce their modality discrepancies. Accordingly, the proposed
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model can effectively explore the relationships between person segmentation
and VI-RelD, leading to the extraction of more discriminative person-related
features. Moreover, it also considers the relationships between the features
of the two modalities, which helps in reducing cross-modality variations.
As a result, the model achieves improved performance by addressing both
intra-modality and cross-modality challenges for VI-RelD tasks. Besides,
the co-segmentation network only appears in the training stage, which does
not introduce any more parameters in the testing stage.

Fig. 4 shows the person masks of two identities obtained from our pro-
posed model. The person masks in the second row are predicted by taking a
set of RGB and IR images of one of the two identities as the inputs. While,
the person masks in the third row are obtained by simultaneously taking as
the inputs all of the RGB and IR images of the two identities, where the
images of the first identity are far more than those of the second identity. It
can be seen that our proposed model can rightly predict the person masks
across a set of RGB and IR images if the input images only contain one
identity. Meanwhile, if the images of two identities are mixed together as the
inputs, the results of our proposed model are degraded. Nonetheless, it can
still well predict the person masks of the first identity. While, for the second
identity, it can only detect a small person region. This indicates that our
proposed co-segmentation sub-network can select those id-related features
from the inputs by generating those image-shared weights from their feature

centers of different modalities.
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Figure 4: Person masks detected under different settings. (a) and (b) show two identities.
The person masks in the second row are predicted by separately taking the images in (a)
and (b) as the inputs. The person masks in the third row are obtained by simultaneously

taking the images in (a) and (b) as the inputs.

4. Experiments

4.1. Datasets and Evaluation Metrics

Datasets: Our proposed model is trained and evaluated on two publicly
available datasets, i.e., SYSU-MMO1 [25] and RegDB [26]. SYSU-MMO1
[25] a large-scale VI-RelD dataset, comprising RGB images and IR images
from both indoor and outdoor scenes. It uses four visible cameras and two
infrared cameras for data collection. The dataset includes two test modes:
indoor-search and all-search, each with single-shot and multi-shot settings.
RegDB [26] contains 8240 images from 412 person identities captured using
several dual-mode cameras. It divides the images into a training set of 206
identities and a testing set of the remaining 206 identities. The dataset also
includes two test modes: RGB-to-IR mode and IR-to-RGB mode.

Evaluation metrics: As in existing works [24, 27, 28, 17|, the perfor-
mance of our model is evaluated with the standard metrics (i.e., Cumulated

Matching Characteristics (CMC) and mean Average Precision (mAP)) in
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the RelD task. CMC evaluates the recognition accuracy of a model in the
top-K matches, i.e., R1, R10 and R20 in this paper. mAP is the ratio of the
numbers of correctly matched pedestrians to the total number of matched
pedestrians, which considers each pedestrian in the query and averages the

AP (Average Precision) for each pedestrian.

4.2. Online Batch Sampling Strategy

In the training phase, we first sample N person identities for each batch
from the dataset. For each selected identity, we randomly choose K RGB
images and K IR images. Consequently, each batch contains a total of 2 x
N x K images. In this paper, we set N = 8 and K = 4 for our training
process.

In the testing stage, we extract person features from all query images
and gallery images. Subsequently, we calculate the similarities between each
query image and all gallery images using the Euclidean distance metric. Fi-
nally, we generate the ranking list for each query image by sorting the com-

puted similarities in descending order.

4.3. Implementation details

We implement our proposed model using PyTorch libraries [29] and con-
duct its training and testing on an NVIDIA 2080Ti GPU. We first use a
pre-trained ResNet50 to initialize the parameters of the feature extractor.
After initializing some parameters using the Xavier algorithm [30], we op-
timize the model using the SGD (Stochastic Gradient Descent) algorithm
with an initial learning rate of 0.01 and a weight decay of 0.0005. To prevent

overfitting and ensure better convergence, we reduce the learning rates by
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Table 1: Comparisons with some state-of-the-art models on SYSU-MMO1 dataset.

All-Search Indoor-Search
Single-shot Multi-shot Single-shot Multi-shot
Methods R1 R10  R20 mAP | R1 R10  R20 mAP | R1 R10  R20 mAP | Rl R10  R20 mAP
eBDTR [27] | 27.8 67.3 81.3 284 - - - - 324 774 89.6 424
AlignGAN[31] | 424 850 93.7 40.7 | 51.5 894 957 339 | 459 876 944 543 | 571 927 974 453
ABP [17] 51.56 75.65 81.69 32.50 - - - - - - -
HATML [32] | 55.29 92.41 97.36 53.89 - - - - 62.10 95.75 99.20 69.37
DG-VAE [33] | 59.49 93.77 - 58.46 - - - - - - -
BDF [34] 51.05 87.85 94.43 49.63 - - - - 55.93 91.55 96.95 63.38
GECNet [35] | 53.37 89.86 95.66 51.83 - - - - 60.60 9429 98.10 62.89
NFS [9] 56.91 91.34 96.52 ©55.45 | 63.51 94.42 97.81 48.56 | 62.79 96.53 99.07 69.79 | 70.03 97.70 99.51 61.45
FMI [10] 60.02 94.18 98.14 58.80 - - - - 66.05 96.59 99.38 72.98
PSE [36] 61.68 93.10 97.17 57.51 - - - - 63.41 91.69 95.28 68.17
DTRM[37] | 63.03 93.82 97.56 58.63 - - - - 66.35 95.58 98.80 71.76
SPOT(38] 65.34 92.73 97.04 62.25 - - - - 69.42 96.22 99.12 74.63
ML (8] 67.25 95.38 9846 64.29 | 72.95 96.94 99.27 57.62 | 69.58 96.66 99.03 74.37 | 80.39 98.80 99.83 68.60
OUR 70.13 96.15 98.79 65.32 | 77.06 97.87 99.28 59.23 | 71.00 96.96 98.99 75.21|83.22 98.99 99.78 70.20

a factor of 0.1 every 8 epochs. Furthermore, data augmentation techniques,
such as random flipping, cropping, and erasing, are employed during training

to enhance the model’s generalization ability.

4.4. Comparison with SOTA models

In this subsection, the following SOTA VI-RelD methods: BDTR [40],
DGD_MSR/[41], AlignGAN|[31], eBDTR [27], Hi-CMD[42], EDFL [43], BEAT
[44], CMPG [45], HPILN[46], ABP [17], HATML [32], HC [24], DG-VAE [33],
cm-SSFT [47], FBP-AL [48], DDSN [49], AMBT [39], BDF [34], GECNet
[35], NFS [9], FMI [10], SPOT|[38], DTRM[37] and PSE [36], are compared
with our proposed VI-RelD model.

As shown in Table 1, our proposed model outperforms SOTA models in
most metrics. Particularly, in the all-search mode with single-shot /multi-

shot settings, our model achieves the best performance across all metrics.
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Table 2: Comparisons with some state-of-the-art models on RegDB dataset.

- RGB-to-IR IR-to-RGB
Methods R1 R10 R20 mAP | R1 R10  R20 mAP
eBDTR [27] | 31.8  56.1 66.8 33.2 | 3421 5874 68.64 3249
HATML [32] | 71.83 87.16 92.16 67.56 | 70.02 86.45 91.61 66.30

DG-VAE [33] | 7297 8689 -  71.78 | - - - -

AMBT [39] | 71.10 - - 6810 - - - -

GECNet [35] | 82.33 92.72 9549 78.45 | 7893 91.99 9544 75.58
NFS [9] | 80.54 91.96 95.07 72.10 | 77.95 90.45 93.62 69.79
FMI [10] 732 - - 716 | 1.8 - - 701

SPOT|[38] 80.35 93.48 96.44 72.46 | 79.37 92,79 96.01 72.26
DTRMI37] 79.09 9225 95.66 70.09 | 78.02 91.75 95.19 69.56
PSE [36] 91.06 97.16 98.57 83.28 | 89.30 96.41 98.16 81.46
MLI§] 89.91 96.57 98.33 85.64 | 88.34 96.16 97.98 84.06
OUR 91.41 97.72 98,92 85.14 | 90.06 97.46 98.74 83.86

Table 3: Quantitative results of different ablation experiments.

Methods rl rl0 MAP
Baseline 63.22 94.02 59.97
Baseline+Sel 64.05 93.96 60.32

Baseline+Seg_ RelD  67.25 95.38 64.29

Baseline+Decoder 65.86 95.24 62.02
Baseline+CoSeg_RelD 70.13 98.79 65.32

513 Additionally, in the indoor-search mode with single-shot /multi-shot settings,

s our model achieves the best results in Rank-1, top-10 accuracies of CMC, and
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mAP. Moreover, it also achieves competitive results compared to the ML [8]
method. These results indicate that our proposed model, with the aid of
person masks and by exploring the relations between co-segmentation and
VI-RelD, effectively extracts more discriminative modality-shared features
from the input RGB and IR images for VI-RelD tasks.

Likewise, the results on the RegDB dataset, as presented in Table 2,
further reinforce the effectiveness of our proposed model. Specifically, our
model achieves competitive or superior results compared to most state-of-
the-art models in both the RGB-to-IR and IR-to-RGB modes. Moreover, it
achieves comparable results in the RGB-to-IR and IR-to-RGB modes. These
findings serve as additional evidence of the effectiveness and robustness of

our proposed model on the RegDB dataset.
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Figure 5: Distributions of the features extracted by different models. (a) ‘Baseline’. (b)
‘Baseline+Seg_RelID’. (¢) ‘Baseline+CoSeg_RelD’. The green dots and the blue dots denote
the RGB features and the IR features of different identities, respectively. Accordingly, the
red pentagrams and the blue triangles denotes the centers of RGB features and IR features,

respectively. These figures are visualized by using the T-SNE algorithm[50].
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Figure 6: Illustration of the features extracted by different models. (a) RGB and IR
images. (b) (¢) (d) and (e) The features extracted by ‘Baseline’, ‘Baseline+Sel’, ‘Base-
line+Seg_RelD’ and our proposed model, respectively. (f)Person masks predicted by our
proposed model. (g) The pseudo ground truth maps generated by [8].

4.5. Ablation study

In this section, we conduct several ablation experiments on the SYSU-
MMO1 dataset to validate the effectiveness of each component in our proposed

model.

4.5.1. Effectiveness of each component in our proposed model

We verify each component of our proposed model. As shown in Table
3, we first remove the auxiliary co-segmentation model from our proposed
model. The model denoted as ‘Baseline+Sel’ uses person masks for feature se-
lection. In other words, it employs the person masks (as shown in Fig. 3(a))
to select modality-shared features from the person regions. Subsequently,
these selected features are fed into the part module for further processing.
‘Baseline+Seg_RelD’ denotes the model in Fig. 3(b), which performs multi-
task learning with segmentation and VI-RelD. ‘Baseline+Decoder’ denotes
the model that removes the CCWG module from our proposed model. It is
also a multi-task learning based model, which stacks the segmentation sub-
network after the VI-RelD sub-network rather than parallels them. While,

‘Baseline+CoSeg_RelD’ is our final model. The quantitative results of dif-
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ferent models are shown in Table 3.

The results of ‘Baseline+Sel’ indicate that taking the person masks for
feature selection may slightly improve the performance. This may be due
to the fact that, although the VI-RelD model can reduce the interfering
information within backgrounds to some extent via those person masks, the
VI-RelID model cannot learn how to extract those person semantics by itself,
since those person masks do not provide gradients for training in such a
feature selection way. Besides, this model may also discard some personal
information, since those person masks may be incomplete. The results of
‘Baseline+Seg_RelD’ indicate that the multi-task learning based VI-RelD
model can obtain better results. This may owe to the fact that it can directly
extract many person semantics from the person masks.

The results of ‘Baseline+Decoder’ indicate that directly taking segmen-
tation as an auxiliary model and linking it after a VI-ReID model obtain
sub-optimal results. This may result from the task difference between person
segmentation and VI-RelD), i.e., the person segmentation task aims to extract
those person-related information without caring about their identities, while
VI-RelD tries to extract those identity-related person information. Differ-
ently, compared with ‘Baseline4+Decoder’, ‘Baseline+CoSeg_RelD’, i.e., our
final model, which employs the CCWG module for co-segmentation, signifi-
cantly boosts the performance and becomes the best one. This indicates that
our proposed CCWG module can address the task difference by segmenting
the same identities across a set of input images, and can extract more person

semantics from the input images for VI-RelD, thus obtaining better results.
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4.5.2. Visualization of the feature distributions of different models

The distributions of features extracted by ‘Baseline’, ‘Baseline+Seg_RelD’
and ‘Baseline4+CoSeg_RelD’ are shown in Fig.5, respectively. It can be seen
that, compared with ‘Baseline’, ‘Baseline+Seg_RelD’ can better reduce the
modality discrepancy, since it can effectively extract more discriminative
modality-invariant features from the input RGB/IR images by exploring their
inner relations between VI-RelD and segmentation. While, compared with
‘Baseline+Seg_RelD’, our proposed model ‘Baseline+CoSeg_RelD’ can fur-
ther reduce the large modality discrepancy, due to the fact that our proposed
model can simultaneously explore the relations between person segmentation
and VI-RelD for extracting more discriminative person-related features, and
the relations between the features of two modalities for reducing the cross-

modality variation by using the co-segmentation as an auxiliary model.

4.5.3. Visualization of those person masks and features from different models

Fig. 6 shows the person masks and features extracted by different models,
which is obtained by first normalizing the features extracted by our proposed
model via min-max normalization and combining them with the inputs, thus
generating those heatmaps. The visualized features are from the last feature
extraction block of different models, which are taken as the heatmaps and
projected into the input images.

Fig. 6(c) proves that the models, simply taking the person masks for
feature selection, can eliminate those background information, but cannot
learn to extract more accurate person-related semantics for VI-RelD. Fig.
6(d) and Fig. 6(e) show that, even without providing those person masks,

such multi-task learning based models have already learned to extract more
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Table 4: Number of parameters of different models.

Models BDTR [40] HC[24] PSE [36] ML [8] OUR (training) OUR (testing)

Parameters (M) 48.2 58.6 33.2 46.8 52.6 32.1

accurate person-related semantics from the input images for VI-RelD. Fur-
thermore, they also reveal that our proposed model pays more attention on
the persons than on the backgrounds. This may result from the fact that,
by virtue of our proposed CCWG, our proposed model will interact a set of
images and generate shared weights for segmenting their common objects,
thus helping our proposed model to focus more on the foregrounds and less
on the backgrounds. Consequently, the VI-RelD network can extract more
modality-shared person-related features for further improving results. As
shown in Fig. 6(f) and Fig. 6(g), our proposed model can well predict the
person masks, which also proves that our proposed model can learn abundant

person-related semantics for mask prediction.

4.5.4. Number of parameters

As shown in Table. 4, we further compare the number of parameters be-
tween our proposed model and some existing modality-shared feature learn-
ing based models. It should be noted that BDTR and HC employ two full
ResNet50 for feature extraction. While, HC, ML and our proposed model
share the feature extractors for modality-shared feature extraction. It can
be seen that, if removing the segmentation model in the testing stage, our
proposed model will reduce its parameters from 52.6M to 32.1M. As a re-
sult, this enables our proposed model to have competitive and even fewer

parameters than others during the test stage.
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5. Conclusion

This paper presents a novel multi-task learning framework that uses the
co-segmentation to assist the VI-RelD by bridging the two tasks via the ex-
ploitation of their common concepts, i.e., semantic similarity. By doing so,
the co-segmentation model can effectively enhance the VI-RelD network’s
feature extraction ability of extracting more person shape information via
person mask prediction. Furthermore, the co-segmentation model can also
help the VI-RelD network to interact those features across different modali-
ties when segmenting the same objects from a set of multi-modality images,
thus reducing their large cross-modality variations. Consequently, the VI-
ReID network extracts more discriminative and modality-invariant modality-
shared features for VI-RelD and achieves significant performance improve-
ments. Moreover, the auxiliary co-segmentation model is only employed in
the training stage and is removed in the testing stage, thus increasing no more
parameters and computational costs. Theoretical analysis and experimental

results both validate the superiorities of our model over existing ones.
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