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Abstract: RGB-IR cross modality person re-identification (RGB-IR Re-ID) is an important task for
video surveillance in poorly illuminated or dark environments. In addition to the common challenge
of Re-ID, the large cross-modality variations between RGB and IR images must be considered.
The existing RGB-IR Re-ID methods use different network structures to learn the global shared
features associated with multi-modalities. However, most global shared feature learning methods
are sensitive to background clutter, and contextual feature relationships are not considered among
the mined features. To solve these problems, this paper proposes a dual-path attention network
architecture MFCNet. SGA (Spatial-Global Attention) module embedded in MFCNet includes spatial
attention and global attention branches to mine discriminative features. First, the SGA module
proposed in this paper focuses on the key parts of the input image to obtain robust features. Next,
the module mines the contextual relationships among features to obtain discriminative features and
improve network performance. Finally, extensive experiments demonstrate that the performance
of the network architecture proposed in this paper is better than that of state-of-the-art methods
under various settings. In the all-search mode of the SYSU and RegDB data sets, the rank-1 accuracy
reaches 51.64% and 69.76%, respectively.

Keywords: person re-identification; RGB-IR; MFCNet; SGA module

1. Introduction

Person re-identification (Re-ID) is regarded as a subproblem of image retrieval. The
goal is to retrieve a cross-camera image of a person from a recorded video. This approach
is widely used in video surveillance, social security, and smart city applications and is
challenging to implement. Due to different postures, environmental lighting changes, view
changes, and occlusions, few distinguishing features may be available among different
modalities, and many interference features may exist [1,2]. Many traditional methods focus
on images taken by visible-light cameras and express the person re-identification problem
as an RGB-RGB single-modality matching problem. These methods have achieved success
in the field of person re-identification, especially with deep learning.

However, under poor lighting conditions (such as those during the night), it is difficult
for visible-light cameras to capture effective appearance information, which limits the
practical application of person re-identification methods [3-8].

Therefore, other types of vision sensors, such as infrared cameras, are now widely
used as supplements to visible-light cameras to overcome lighting problems. As a result,
it is important to study person re-identification in real environments as a cross-modality
matching problem [9,10].

For RGB-IR Re-ID [9], cross-modality discrepancies and intra-modality variations
are two problems that urgently need to be solved. Cross-modality discrepancies are due
to the different imaging principles of RGB cameras and IR cameras. In Figure 1, the IR
images in the first row were taken with an IR camera at night and only contain a single
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channel of heat information; the RGB images in the second row were captured by an RGB
camera under good lighting conditions and contain the most important three-channel color
information related to pedestrian appearance. As a result, color information that is very
important in RGB-RGB Re-ID cannot be used in RGB-IR Re-ID. However, similar to those
in single-modality Re-ID, intra-modality variations are caused by multiple factors, such as
changes in perspective, person posture and lighting conditions. These issues make RGB-IR
Re-ID extremely challenging.

RGB Images

a

.

A i I IR Images
a b

Figure 1. Four people are depicted: (a—d). The RGB images in the first row were taken with an

RGB camera under good lighting conditions and contain the most important three-channel color
information related to pedestrian appearance.The IR images in the second row were taken by
an IR camera at night and only contain single-channel heat information. There is a one-to-one
correspondence between infrared image and RGB image.

These challenges make it difficult to use the most advanced single-modality Re-ID
methods [11-14] to reliably learn to distinguish part-level features. As a compromise, the
existing RGB-IR Re-ID methods mainly focus on learning multi-modality-sharable global
features through networks. Some works also integrate modality discriminant supervision
or GAN-generated images to deal with modality differences. However, the global feature
learning method is very sensitive to background clutter and cannot deal with modality
differences clearly. In addition, part-based feature learning methods for single-modality
Re-ID generally cannot capture reliable part features under large cross-domain gaps. In
addition, when the appearance of the two modalities is very different, the learning is easily
contaminated by noisy samples. All these challenges will lead to reduced discrimination of
cross-modality features.

However, the global shared feature learning method is sensitive to background clutter
and does not consider the contextual relationships among mined features. Therefore, we
propose a new dual-path attention network. To solve the interference problem caused by
background clutter, we apply a method based on an attention mechanism [12,15-23]. Based
on this approach, MFCNet, a novel dual-path attention network, is established. Through
learning, the key parts of an image are weighted, and those parts that do not contribute
to or interfere with the recognition task are ignored. This module obtains discriminative
features by mining the contextual relationships among features. Quantitative experiments
verify that the method proposed in this paper is superior to other state-of-the-art methods.

The contributions of this article can be summarized as follows:

¢  Anew end-to-end deep learning network structure is proposed to enhance the discrim-
inant ability of feature representations for RGB-IR Re-ID problems. This approach
provides a strong baseline for future research in this field.
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e  This paper introduces a new attention module combining spatial attention and global
attention into the field of RGB-IR Re-ID. Based on this design, the SGA module
combined with the RestNet50 backbone network can extract discriminative features
by mining the context of features and can effectively avoid the effect of background
clutter.

®  Our proposed SGA module, in an end-to-end manner with the two-stream CNN
structure, outperforms the state-of-the art approaches by large margins on two public
RGB-IR Re-ID datasets. We also experimentally verified the improvement of the
network by embedding different positions and numbers of SGA modules.

The remainder of this paper is structured as follows: Section 2 outlines related works
on person Re-ID, cross modality retrieval and generative adversarial networks. Section 3
describes the proposed framework for learning discriminative representations for RGB-IR
person Re-ID. Experimental results of our approach are demonstrated in Section 4. We
discuss our SGA module in Section 5. Finally, we conclude this paper in Section 6.

2. Related Works
2.1. RGB-RGB Re-ID

The purpose of RGB-RGB Re-ID is to match person RGB images from disjoint visible-
light cameras. Re-ID involves specific person information retrieval, which usually includes
two steps: feature learning and metric learning. Feature learning methods focus on
learning distinguishing and robust feature representations to represent a person’s image,
and metric learning methods usually apply a loss function to measure the similarity of
learned features. The existing Re-ID methods use a CNN network for end-to-end learning
to provide powerful discrimination capabilities, some of which even exceed the level
of humans. Most of the existing methods have been developed for RGB-RGB Re-ID,
and person re-identification in RGB-IR is ignored, thus limiting the use of person re-
identification methods in actual monitoring [3-8].

2.2. RGB—-IR Re-ID Based on CNN Networks

RGB-IR Re-ID based on CNN networks has been a long-time research focus of scholars.
Since RGB-IR Re-ID was formally proposed in 2017, many excellent works based on
the CNN network architecture have been proposed. Ye et al. [24] proposed a two-way
convolutional network to extract the features of different modalities and identify common
features through parameter sharing. Additionally, the author improved upon the triple loss
function and proposed the top-ranking loss within and between modalities. Hao et al. [25]
applies sphere softmax loss, a variant of the classic softmax loss, to RGB-IR Re-ID by
converting two-dimensional coordinates to spherical coordinates and relating the spherical
coordinates to the angle between the vectors when performing classification tasks. In
this approach, the mode is irrelevant. Liu et al. [26] use two-way convolution to extract
features. In the process of extracting features, skip connections are used to fuse the middle
layers of the CNN model and enhance the robustness and non-descriptiveness of the
extracted features. Zhao et al. [27] expanded the triple loss function to pentaplet loss,
and the cross-modality problem was considered on the basis of the original triple loss
function; additionally, a method for mining difficult samples was introduced. Zhu et al. [28]
involves feature centers of the same category and the same modality, and hetero center loss
was proposed on the basis of center loss, with a focus on the differences among feature
centers of different modalities in the same category. Feng et al. [29] uses mapping loss
over two Euclidean distances to replace the triple loss function, and shared features are
considered that reduce cross-modality differences by minimizing the distance for features
with the same ID. Lu et al. [30] separates the features extracted in the common space and
uses a confrontation strategy to classify the information associated with modal features;
notably, a shared feature does not contain modal information, and a unique feature is a
non-shared feature. Li et al. [31] uses X modalities to connect RGB and IR images, and the
purpose is to reduce the differences between modalities and the RGB and IR images.
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2.3. RGB-IR Re-ID Based on GAN Networks

Another way to solve RGB-IR Re-ID problems is to use a generative adversarial
network (GAN) to generate cross-modality images. This method can reduce the differences
among modalities and provide data enhancement capability. Since Goodfellow et al. [32]
proposed GAN, GAN-based methods have gained popularity in the field of deep learning.
Additionally, GAN has been applied in RGB-IR Re-ID tasks. Dai et al. [33] uses a GAN
to distinguish the features of different modalities, a generator to extract shared features,
and a discriminator to distinguish the unique features of each modality and different
modalities to improve modal classification. Wang et al. [34] uses cycleGAN to generate
cross-modality images and applies the generated images at the same pixel and feature
levels to reduce the differences among modalities. Wang et al. [35] uses a GAN to generate
cross-modality paired images and then uses modality paired images for feature extraction.
Choi et al. [36] combines a feature unwrapping representation with a GAN, separates
ID-discriminative features and ID-excluded features, and then performs separate learning
tasks. The above use of GANs to solve RGB-IR Re-ID problems involves set-level alignment,
but misalignment will occur in some cases, thus reducing the performance of the network.
Wang et al. [37] uses a GAN to first generate paired images and align them at the instance
level. Then, the paired images are input into the set-level encoder for further alignment.
Moreover, the learning is easily contaminated by noisy samples and destabilized when the
appearance discrepancy is large across the two modalities. All of these challenges result in
less discriminative cross-modality features.

In this field, the use of GAN to solve RGB-IR Re-ID problems involves two steps:
distinguishing the characteristics of different modalities through a GAN and generating
cross-modality images by producing adversarial images.These methods perform well for
RGB-generated IR images but perform poorly in the one-to-many mapping of IR-generated
RGB images. Additionally, background interference, noise interference, and the contextual
relationships between image pairs are not considered.

2.4. Attention Mechanisms

An important feature of the human visual system is that humans selectively focus
on the salient parts of a series of glimpses in order to capture valuable information. With
reference to the human visual system, there have been several attempts to use the attention
mechanism to improve the performance of CNNs. Hu et al. [17] introduced SENet to
exploit the dimension-wise relationship. They propose the Squeeze-and-Excitation module
to apply attention mechanisms on the dimensions. Considering the relationship between
any two positions, Wang et al. [19] proposed non-local neural network to capture the
relationships among them. To broaden horizon, namely to make it can see “what” and
“where” at the same time, CBAM [16] was proposed, which exploits both spatial and
dimension-wise attention. Following these methods, we propose the SGA modules in the
context of mining features.

3. Our Method

In this section, we first present a general framework of our network and then introduce
the two attention modules which capture long-range contextual information in spatial and
global dimensions, respectively.

3.1. Problem Description

The difficulty of RGB-IR Re-ID is related to the spatial misalignment associated
with differences in person posture, lighting, and viewing angle conversion; additionally,
image modality misalignment can be associated with variations in imaging principles.
In this paper, V = {v;|i = 1,2,...,N;} represents the RGB image data set, T = {t;|i =
1,2,..., Ny} represents the IR image data set, and Y = {y;} represents the identity labels.
D = {Dysin, Dtest} represents a multimodality dataset, where Dyygin = {Virain, Tirain }
represents a training set and Dyes; = {Vtest, Ttest} represents a test set. RGB-IR Re-ID
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aims to automatically learn a feature extraction function f(.) that can convert the input
RGB image into a feature vector f. Similarly, the input IR image can be converted into a
feature vector f/. The superscripts ” and ! represent different modalities, and the subscript
i represents the index of the current image. The core step in solving RGB-IR Re-ID problem
is to obtain feature representations that are as similar as possible for similar features
corresponding to different modalities.

3.2. The Proposed MFCNet

The framework MFCNet used in this paper is shown in Figure 2. This framework
includes an end-to-end network architecture, including image input, feature extraction and
loss measurement tasks. Due to the differences among the modalities of input images, this
paper uses an infrared and visible-light dual-path network as the basic structure. Based
on [15,25,26], the backbone network for feature extraction in this paper is Resnet50 [38],
and SGA modules are embedded between the second layer and the third layer and the
third layer and the fourth layer. The SGA module designed in this paper can extract the
features of key parts of images and mine the relationships among contextual features. The
experiment in Section 4 verifies that embedding the SGA module in the convolutional
layers can improve network performance and improve image retrieval capabilities. This
paper uses generalized mean (GeM) pooling [15] after the final convolutional layer to
focus on areas with features of different scales. This paper uses WRT loss to reduce the
differences among modalities, and ID loss is used to learn identity-invariant features.
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Figure 2. MFCNet. The model in this paper is a two-stream (one RGB image and one infrared
image) end-to-end architecture that includes image inputs, feature extraction, and loss measurement.
The feature extraction process uses ResNet50 as the backbone network, and the convolutional layer
parameters from the first layer are not shared. The remaining convolutional layer parameters
are shared to obtain middle features. In this paper, MFCNet with the same shared parameters is
embedded into the network to capture key discriminative features, and WRT loss and ID loss are
used for network training to improve network performance. This figure is best viewed in color.

Feature Extraction. The model in this paper uses a dual-path convolutional network
architecture to learn feature expressions through partial parameter sharing to resolve
modality differences at the feature level, as shown in Figure 2. Inspired by [12], the RGB
and IR images of the same person are different based on low-level features but the same
when middle-level features are considered. Thus, the dual-path network architecture in
this paper does not share the parameters of the first convolution block to extract low-level
features of a specific modality, and the convolution block of the deep network learns the
shared mid-level features of the two modalities through shared parameters. After feature
extraction, GeM pooling is used to obtain additional feature information. Compared
with other dual-path architectures, this kind of backbone network can better mine the
intermediate feature information and obtain more features for identification. The SGA
module proposed in this paper plays a key role in extraction, and we will introduce this
module next.
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SGA Module. In the task of person re-identification, we use convolutional networks
to extract image features. Since convolution operations would lead to a local receptive field
and the intra-class variations are caused by pose and view e.g., the features corresponding
to the pixels with the same label may have some differences. These differences introduce
intra-class inconsistency and affect the recognition accuracy. To address this issue, we
explore global contextual information by building associations among features with the
attention mechanism. Our method could adaptively aggregate long-range contextual
information, thus improving feature representation for RGB-IR Re-ID [39—41]. Therefore,
this paper designs a key part attention module that automatically learns the key parts
of each image through training. The attention module designed in this paper can mine
discriminative features and is robust to image occlusion. We will introduce this module
in detail.

The detailed structure of the SGA module is shown in Figure 3. For the input features
F € ROHXW the attention map A(F) € RE*H*W is obtained after learning by the
attention module. We use the following formula to calculate the resulting feature set F':

F'=F+F® A(F) 1)

where ® represents elementwise multiplication. Inspired by residual learning, we add the
features learned by the attention module to the original features to retain information.

Output

"

F

CXHXW

Figure 3. SGA framework diagram. In this paper, MFCNet includes two parts: spatial attention
and global attention parts. Given the feature map F, the module calculates the relevant attention
matrix through two attention branches: the spatial attention branch A, (F) and the global attention
branch Ag (F). There is a hyperparameter, the dimensionality reduction rate m in the spatial attention
branch; it is set to 16 in this paper.

The attention module designed in this paper is divided into two branches to learn
more the most critical areas of images. The upper part of the figure is the spatial attention
branch, and the lower part is the global attention branch. The attention map learned by the
spatial attention branch is Ag(F) € R?*H*W and the attention map learned by the global
attention branch is Ag(F) € RE*1*1. Therefore, we get can obtain A(F):

A(F) = 6(As(F) + Ac(F)) @)

where ¢ is the sigmoid activation function.

Spatial attention branch. The spatial attention [39,41] branch aims to improve feature
expression in key areas. In essence, it converts the spatial information in the original image
to another space to preserve the key information, generates a weight mask for each position
and weights the output to enhance key areas and weaken noncritical background areas.
Compared with other attention mechanisms, the spatial attention mechanism focuses on
“where”, which requires a larger receptive field to obtain more information. For the input
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feature F € RE*HXW a1 x 1 convolution kernel is used to compress the cross-channel

dimension and obtain a feature with a dimension of ]R% *HXW Then, two 3 x 3 small-scale
convolution kernels are used to obtain a larger receptive field and capture key areas in
this paper. Finally, the channel features are integrated and compressed through the 1 x 1
convolution kernel, and a spatial attention matrix of dimension R **W is obtained. After
passing the BN layer, the obtained matrix is output for the next step in the fusion process.
The formula for the spatial attention mechanism is as follows:

As(F) = BN(conv' ! (conv®*3(conv®*3(conv*1(F))))) (3)

where BN denotes a batch normalization operation and conv denotes a convolution operation.

Discriminant feature representations are essential for RGB-IR Re-ID and can be ob-
tained by capturing long-range contextual information. In order to model rich contextual
relationships over local features, we introduce a global attention module. The global
attention module encodes a wider range of contextual information into local features, thus
enhancing their representation capability. Next, we elaborate the process to adaptively
aggregate spatial contexts.

Global Attention Branch. In this paper, the global attention [17,23,42] mechanism uses
global contextual information to recalibrate the weights of different channels and adjust
the channels’ dependence levels. In general, this mechanism can be summarized into three
steps: (1) context modeling, (2) feature conversion, and (3) feature fusion. For the input
feature set F € RE*HXW 1 x 1 convolution and the softmax function are first used to
obtain attention weights; then, the original input features are fused to obtain global context
features. We use F; € R€*1*1 to represent the features obtained by completing context
modeling. The corresponding calculation is as follows:

N,
F=)

exp(conle1(Fj))
j=1 Z;\]:”l exp(conv'>1(F;))

i 4)

where N, represents the number of positions in the feature vector, F; represents the feature
corresponding to position index j, and conv!*! denotes the convolution operation, which

exp(conv1(F))
ZZL exp(conv*1(Ey,))
embedded Gaussian form to normalize the positions and encompass the weights used in
global attention pooling.

After completing the modeling process, feature conversion is performed on the ob-
tained features to capture the dependence among channels. We complete feature conversion
by reducing the number of parameters using operations similar to those in a bottleneck
layer. After feature conversion, we obtain the feature set Ag(F) € RE*1*1, which is
obtained with the following formula:

uses a linear conversion matrix. Additionally, w; =

is expressed in

Ac(F) = conv™*(ReLU(LN (conv'*1Fy))) (5)

where conv!*! represents that the convolution operation, which uses a linear conversion

matrix. Fj is obtained from formula (4) and expresses the relevant features after model-
ing. LN denotes layer normalization, in which different channels are used to reduce the
difficulty of optimization and improve the generalization ability of the algorithm.

After modeling and conversion, the features are merged with the features obtained
by the spatial attention branch to increase feature diversity. Because the dimensions of
the feature sets from the two branches are different, they are expanded to the dimension
REXHXW to obtain the spatial attention matrix Ag(F) € R©*H*W and the global context
attention matrix Ag(F) € R©*H*W before fusion. Then, fusion is performed through an
element-wise addition operation.

Previous experiments have verified that the addition operation can achieve better
performance than other operations. After fusion, the attention matrix is obtained through
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the sigmoid function with weights, and the original input F € R“*H*W js multiplied
by the weights to obtain the weighted feature matrix. Finally, the result is added to the
original input set F € R©*H*W to improve the representation ability of the features. The
corresponding calculation is based on formula (1).

GeM Pooling. Unlike the commonly used maximum pooling and average pooling
methods, GeM pooling focuses on areas of different scales to capture the characteristics of
specific modalities. The corresponding formula is as follows:

=i fdT fio = (o Y Py 6)

|Xk| XEXk
where X represents each feature map and py is a hyperparameter. When p, — oo,
formula (6) becomes the expression for maximum pooling. Correspondingly, when p; — 0,
formula (6) becomes the expression for average pooling.

Loss Function. To learn the feature representations, two types of loss functions are
utilized to supervise the training of our network. One is identity loss, employed for identity
information learning, and the other is triplet loss, used for similarity learning. However,
contrastive loss and triplet loss are both common methods for similarity learning. The effect
of triplet loss is better than that of contrastive loss, because it considers the distance between
the positive and negative samples and the anchor point. Therefore, the combination of
triplet loss and identity loss is one of the most popular solutions for deep person Re-ID
model learning.

Identity Loss. The identity loss aims to learn the discriminative feature representations
by using modality-specific information, which could distinguish different persons within
each modality. It treats the training process of person Re-ID as an image classification
problem, where each identity is a distinct class. Given an input image v; with the identity
label y;, the probability of v; being recognized as class y; encoded with a softmax function,
represented by p(y;|v;). The identity loss is then computed by the cross-entropy

Lig = —% Z log(p(yilvi)) (7)

where 1 represents the number of training samples within each batch. Similarly, we could
get the identity loss for the thermal image ;.

Weighted Regularization Triplet (WRT) Loss.  The triplet loss is used for similarity
learning. It tries to reduce the feature distances between images of the same person and
expand the distances between images of different people.The triplet loss with a margin
parameter is represented by

Lyi(i,j, k) = max(p + dij —di,0) (8)

where d(.) measures the Euclidean distance between two samples. p is the pre-defined
margin. ij is a positive sample pair, and ik is a negative sample pair.

The weighted regularized triple loss function is an improvement of the triple loss
function. It not only inherits the advantages of the original method but also avoids the
pre-defined parameter.

Loprt (i, j, k) = log(1 + exp(wfdfj —wid)) )

p
p_ exp(d,-j) ol — exp(—dl)
" Laepexp(d’)’ ' Lgrenexp(—d")
Notably, 7, j, and k are the sample indexes. Additionally, p represents the positive
sample data set in each training batch, and n represents the negative sample data set. ij is a

positive sample pair, and ik is a negative sample pair. 4 represents the Euclidean distance
between two samples.

w (10)
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In this paper, weighted regularized triple loss function L+ and identity loss func-
tion L;; are combined for network training to learn discriminative features [12,15,24-29].
Therefore, the loss function is defined as:

L= Ly + Lid (11)

4. Results

In this section, a series of experiments is conducted to verify the effectiveness of the
proposed method.

4.1. Experimental Settings

The experimental data in this paper are from open-source datasets: SYSU-MMO01
and RegDB. For both RegDB and SYSU-MMO01, we use a standard cumulated matching
characteristics (CMC) curve and mean average precision (mAP) to evaluate our algorithm.
Specifically, we adopt the cumulative Matching Characteristics (CMC) at rank-1, rank-10,
and rank-20. The rank-k calculates the percentage of testing samples that find the correct
result in the top k search outcomes of the query sample. The metric mAP is an average of
the maximum recalls for each class in multiple types of tests.

SYSU-MMO1. It is a large-scale benchmark data set [9] used to solve RGB-IR Re-ID
problems. The dataset contains a total of 303,420 images of 491 pedestrians taken by six
cameras (four visible light and two infrared). Among them, the visible-light cameras
captured 287,628 pedestrian RGB images, and the infrared cameras took 15,792 pedestrian
IR images. The images taken include both outdoor and indoor shots. Indoor photographs
were taken by one infrared and two visible-light cameras, and outdoor photographs were
taken by the remaining cameras. The training set includes 395 pedestrians in 22,258 RGB
images and 11,909 IR images. The test set contains 96 pedestrians; 3803 IR images are used
for querying, and 301 selected RGB images are selected as the gallery set.

RegDB. It is a relatively small data set captured by a dual-camera system consisting
of visible-light and infrared cameras. The dataset contains 8240 images of 412 pedestrians.
Each pedestrian is included in 10 visible-light images and 10 far-infrared images.

For fair comparison with other methods, the data set used in this paper was randomly
divided into two halves: one half was used for training, and the other half was used for
testing. In the test, the RGB images were used as the query set, and the IR images were
used as the gallery set.

4.2. Experimental Parameters

The PyTorch framework was used to write the experimental source code. We trained
our network on a single NVIDIA V100 GPU with 32 GB of memory. To compare the
proposed method with other methods, the experiment used ResNet50 as the backbone
network and the parameters of a pretrained ImageNet to initialize the network proposed
in this paper. All input images were adjusted to 288 x 144. Zero padding and horizontal
flipping with random cropping were used for data expansion, and the SGD optimizer
with a parameter set to 0.9 was used to optimize the network. A total of 80 training cycles
were considered.

According to [12], the initial learning rate was set to 0.1; the learning rate decayed
by 0.1 after the 30th iteration and 0.01 after the 50th iteration. Eight different pedestrian
images, including four visible-light images and four infrared images, were randomly
selected from each training batch.

In the feature extraction stage, the first convolution block does not share parameters
to extract low-level features associated with different modalities, and the remaining four
convolution blocks share parameters with the attention module to obtain discriminative
features. To produce a fine-scale feature matrix, the last stride of the last convolution block
is set to 1. In the SGA module, we set m to 16 to obtain a larger receptive field and capture
key areas.
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In Equation (6), there is a different pooling parameter pj for each feature map xx.
However, one can also use a shared parameter p for all feature maps, and it turns out that
this simpler option achieves slightly better results than multiple parameters, as demon-
strated in the experimental section of [43]. Consequently, we shall also adopt this option
for our experiments. We set p = 3 in our code.

4.3. Comparison with State-of-the-Art Methods

In this section, the proposed method is compared with other state-of-the-art methods
based on the SYSU and RegDB data sets. Previous works [12,44] provided results for most of
the considered methods. The methods compared in this paper include manual feature design
methods (HOG [45] and LOMO [3]) and deep learning methods [9,15,24-27,29,33-35,46-50].
The results of the compared methods were obtained from the original text. “-” means that this
method has not been tested.

Table 1 shows the experimental results based on the SYSU data set. This study con-
ducted experiments in all-search and indoor-search modes. From the superficial analysis
of the results listed in the table, we can conclude that compared with manual design
methods, deep learning algorithms perform better in all considered aspects. Notably,
deep learning methods can learn more than manually designed features. Additionally, the
indoor-search mode yields better results than the all-search mode. Our analysis suggests
that the background interference in photos taken indoors is less influential in learning
key features.

In all-search mode, the experimental results of the method proposed in this paper
are 51.64%, 86.80%, 93.66%, and 49.99% forr = 1, r = 10, r = 20, and the mAP, respectively.
Among them, the hit rate for r = 1 is 10.28% and 9.24% higher than those of HPLIN and
AlignGAN. Compared with the latest baseline [15], the proposed method yields 4.14%,
2.59%, 1.52%, and 2.34% improvements for r = 1, r = 10, r = 20 and mADP, respectively.
Compared to the FBP-AL, we achieve about 1 point improvement on r = 10 and r = 20.

In the indoor search mode, the results of this paper are 57.29%, 92.89%, 96.38%, and
64.91% forr =1, r =10, r = 20, and mAP, respectively. Among them, the accuracy forr =11s
11.52% and 11.39% higher than those of HPLIN and AlignGAN, respectively. Additionally,
the proposed method performs better than the AGW method in all aspects.

The experimental results of RegDB are shown in Table 2. The RegDB experiment in
this paper is in Visible2Infrared mode, using visible images as the query set and infrared
as the gallery set. It can be seen from Table 2 that the experimental results of the method
proposed in this paper are 69.76%, 86.07%, 90.73%, and 52.52% respectively. Among them,
the experiments at r = 1 and r = 10 not only show the best performance but also have better
performance than AlignGAN atr=1.

The above impressive performance suggests that our method can learn better modality-
sharable features.

Combining the experimental results of SYSU and RegDB, the method proposed in this
paper can capture more discriminative features and improve the accuracy. Experiments
demonstrate our method is better than the latest baseline algorithm AGW. This shows that
the method proposed in this paper will provide a more powerful baseline algorithm for
RGB-IR Re-ID.

Table 1. Comparison of the results of the proposed method and other state-of-the-art methods based
on the SYSU dataset. Bold numbers are the best.

Settings All-Search Indoor Search
Methods r=1 r=10 r=20 mAP r=1 r=10 r=20 mAP
HOG [45] 276 18.3 32 424 322 24.7 446 7.25
LOMO [3] 3.64 23.2 37.3 4.53 5.75 34.4 54.9 10.2
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Table 1. Cont.

Settings All-Search Indoor Search

Methods r=1 r=10 r=20 mAP r=1 r=10 r=20 mAP

One-stream [9] 1204 49.68 66.74 13.67 1694 63.55 82.1 22.95

Two-stream [9] 11.65 47.99 65.5 1285 156  61.18  81.02 2149

Zero-padding [9] 14.8 5412 7133 1595 20.58 6838 8579 2692

Tone [46] 1252 50.72 68.6 1442 2082 68.86 8446  26.38

HCML [46] 1432 5316 69.17 16.16 2452 7325 86.73  30.08

cmGAN [33] 2697 67.51 80.56 3149 31.63 7723  89.18 42.19

BDTR [24] 2732 6696 81.07 2732 3192 7718 89.28  41.86
HSME [25] 20.68 3274 7795 2312 - - - -
D2RL [35] 28.9 70.6 82.4 29.2 - - - -
MAC [47] 3326 79.04 90.09 3622 3643 6236 7163  37.03
MSR [29] 3735 834 9334 38.11 39.64 8929 9766  50.88

AlignGAN [34] 42.4 85 93.7 40.7 459 87.6 94.4 54.3

HPLIN [27] 4136 8478 9431 4295 4577 91.82 9846  56.52

AGW [15] 475 8439 9214 4765 54.17 9114 9598  62.97

LCRF [48] 4323 8278 9091 43.09 50.07 90.63 9699  58.88
H2H [49] 4547 7278 8228 4799 - - - -
FBP-AL [50] 5414 8604 9303 5020 - - - -

Ours 5164 868  94.66 4999 5729 9289 9638  64.91

Table 2. Comparison of the results of the proposed method and other state-of-the-art methods based
on the RegDB dataset. Bold numbers are the best.

Settings Visible to Infrared

Methods r=1 r=10 r=20 mAP
HOG [45] 13.49 33.22 43.66 10.31
LOMO [3] 0.85 247 4.10 2.28
Zero padding [9] 17.75 34.21 44.35 18.90
HCML [46] 24.44 47.53 56.78 20.08
BDTR [24] 33.56 58.61 67.43 32.76
HSME [25] 50.85 73.36 81.66 47.00

D2RL [35] 43.4 66.1 76.3 44.1
MAC [47] 36.43 62.36 71.63 37.03
MSR [29] 48.43 70.32 79.95 48.67
EDFL [26] 52.58 72.10 81.47 52.98
AlignGAN [34] 57.9 - - 53.6
Xmodal [31] 62.21 83.13 91.72 60.18
H2H [49] 62.27 77.56 83.72 61.90
Ours 69.76 86.07 91.73 52.52

5. Discussion

In this section, the effectiveness of each component of the network designed in this
paper is verified based on ablation experiments. We also experimentally verified the
improvement of the network by embedding different positions and numbers of SGA
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modules. It proves that the network proposed in this paper can extract more discriminative
features and is optimal.

5.1. Ablation Experiment

This section verifies each model component based on the SYSU data set in all-search
and indoor-search modes. A dual-path network without SGA module is used as B, S
represents the spatial attention branch, and G represents the global attention branch in the
SGA module.

The results are shown in Table 3. We can draw the following conclusions.

1.  Inthe two modes, compared to the baseline method, MFCNet achieves an improve-
ment in the rank-1 accuracy and mAP. Notably, the rank-1 accuracy increased by
5.76% and 7.56% between the proposed method and other methods. The results show
that the SGA module designed in this paper can identify more discriminative features
than can other methods to improve the hit rate.

2. The spatial attention branch in SGA module helps improve network performance. In
all-search and indoor-search modes, the spatial attention mechanism increases the hit
rate for r = 1 by 2-5%. Specifically, the spatial attention mechanism can retain the key
information form an image while ignoring noncritical information and interference;

3. The global attention branch in SGA module yields a 3-5% improvement in the hit rate
for r =1 in the two modes. This result verifies that the global attention mechanism can
mine feature context, which helps the network extract robust features and improve
network performance.

4. As shown in Tables 1-3, for the same method, indoor-search performs better than
all-search. This is because images of indoor have less background variation and a
more stable light condition and person pose, which makes matching easier. In the
first row of the Figure 1, the first two images were taken indoors, and the second two
were taken outdoors. We can see that the photos taken indoors are purer than those
taken outdoors.

Table 3. SYSU ablation experiment results.

Settings All-Search Indoor Search
Methods r=1 r=10 r=20 mAP r=1 r=10 r=20 mAP
B 4588  82.96 90.38 4636  49.73 90.90 96.97 59.21
B+S 48.51 84.41 91.69 4612  54.30 90.62 97.10 61.10
B+G 49.65  84.12 9272 49.01 5457 91.44 96.24 62.21

B+5+G 51.64 86.80 94.66 49.99  57.29 92.89 96.38 64.91

5.2. Supplementary Experiment

We want to explore the influence of the position and number of SGA modules on
the network. We designed some ablation experiments. In this part, we compare the
performance of SGA conducted at different convolution stages (Table 4). The ranks 1, 10, 20,
and mAP tend to increase when SGA is conducted on more layers. The best result appears
when we perform SGA on Stage 2 and 3. This is probably because searching more stages
expands the search space, which allows us to explore more varied selections of features.
However, blindly extending the search scope will pose great challenges to the discovery of
an optimal feature set. The underlying reason is that STE (straight-through estimator) will
generate more and more gradient estimation errors when backpropagating through too
many layers [51].
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Table 4. Comparison on SGA at different convolution stages. Bold numbers are the best.

Setting All-Search
Design stagel stage2  stage3 staged r=1 r=10 r=20 mAP
M1 X X X X 4588 8296 9038  46.36
M2 Vv X X X 4623 8216  90.14  45.39
M3 X Vv X X 46.70  83.64 90.66 4647
M4 X X V X 4715 8472 9253  46.75
Mb5 X X X Vv 4775 8546 9329 4473
Mé6 Vv Vv X X 4828  83.91 91.87  47.12
M7 Vv X vV X 4846 8430  92.06 4495
M8 Vv X X Vv 48.09 8535 9235  47.50
M9 X Vv Vv X 51.64 86.80  94.66  49.99
M10 X Vv X Vv 48.83 8543  92.01 4813
M11 Vv Vv Vv X 50.17 8546 9230  49.08
M12 Vv X Vv Vv 49.65 8641 93.48  49.16
M13 X Vv Vv Vv 4933 8525 9282 4855
M14 Vv Vv Vv N4 4922 8430 9111  48.66

Based on the results in Table 4, we can draw the following conclusions.

1.  Compared with the baseline (M1), the SGA module could improve the performance
of the network. At r = 1, the results of M2-M10 are better than the baseline.

2. The network of two SGA modules gives better results. For long-range dependency,
two SGA modules can better preserve this relationship, which could mine the dis-
criminative features.

3. Experiments prove that the extracted features of the network proposed in this paper
are more discriminative. The rank 1 accuracy reaches 51.64%. The framework in this
paper is optimal.

5.3. Visualization Experiment

One of the keys to RGB-IR person Re-ID is to improve the discriminability of features.
To further illustrate the effectiveness of the SGA module, which can focus on the parts of
interest, we visualize the features maps learned by MFCNet. We apply Grad-Cam [52] to
visualize these areas by highlighting them on the image.

Figure 4 illustrates the key area for the four pedestrian images of one person. In
the RGB-IR person Re-ID, the information such as color and face cannot be used, so the
upper limbs and lower limbs of the human body are the most critical features. As shown
in Figure 4, our network is more interested in these discriminative parts. This proves the
SGA module proposed in this paper focuses on the key parts of the input image to obtain
robust feature.

5.4. Comparison of Different Attention Mechanisms

The attention mechanism plays an important role in the proposed MFCNet. In order
to prove the advantages of the proposed SGAs, we compared them with existing attention
methods, including CBAM [16], SE [17], and non-local block [19]. For a fair comparison,
the different attention mechanism modules that work on channels or spatially are used to
replace the modules that work in the same way. As shown in Table 5, compared with SGA
module, the SE block and CBAM drop the r = 1 accuracy by 4.66% and 4.29%, respectively.
When a non-local block is replaced by SGA, the model can not only maintain the long-range
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dependency of features but mines the relationship in the spatial domain, and ther =1
accuracy drop 4.14%, respectively. The result indicates that SGA module outperform the
other attention methods for visible-infrared person Re-ID.

a b

Figure 4. Feature Map Visualization. The picture shows two images of one identity. (a) uses IR
images to search RGB image. (b) is the opposite

Table 5. Comparison of different attention mechanisms.

Settings All-Search
Methods r=1 r=10 r=20 mAP
SE 46.98 82.68 90.82 46.76
CBAM 47.35 84.54 91.87 46.97
Non-local 47.50 84.39 92.14 47.65
SGA 51.64 86.80 94.66 49.99

6. Conclusions

This paper studies the problem of cross-modality person re-identification, which is an
important problem in many specific practical monitoring applications. This paper proposes
a dual-path attention network architecture MFCNet to learn discriminative shared features
and improve the accuracy. An attention module called SGA is designed, and the SGA
module is embedded into the backbone network to focus on the key information in input
images and mine the feature context. Experiments based on the public SYSU and RegDB
datasets verify that the model designed in this paper performs better than the existing
state-of-the-art methods with various settings.

Comprehensive experimental results have demonstrated our approach outperforms
state-of-the-art methods, but the accuracy is far away from other recognition tasks such as
facial recognition. This paper uses self-attention to mine the pixel-pixel feature context
and obtain the shared feature, but ignore the relationship in part within each modality. In
the future, we will explore the not only learning of part-aggregated features by mining the
contextual part relations within each modality, but also more efficient attention network
architectures, to solve RGB-IR Re-ID. The current methods for domain adaptation person
re-identification [53-56] are mostly for the RGB-RGB datasets, and there is little research
on RGB-IR datasets. Hence, we will pay attention to the RGB-IR domain adaptation and
try to solve this problem.
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