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Partial Enhancement and Channel Aggregation for Visible-Infrared

Person Re-Identification

SUMMARY  Visible-infrared person re-identification (VI-ReID) aims to
achieve cross-modality matching between the visible and infrared modali-
ties, thus enabling usage in all-day monitoring scenarios. Existing VI-ReID
methods have indeed achieved promising performance by considering the
global information for identity-related discriminative learning. However,
they often overlook the importance of local information, which can con-
tribute significantly to learning identity-specific discriminative cues. More-
over, the substantial modality gap typically poses challenges during the
model training process. In response to the aforementioned issues, we pro-
pose a VI-ReID method called partial enhancement and channel aggregation
(PECA) and make efforts in the following three aspects. Firstly, to capture
local information, we introduce the global-local similarity learning (GSL)
module, which compels the encoder to focus on fine-grained details by
increasing the similarity between global and local features within various
feature spaces. Secondly, to address the modality gap, we propose an
inter-modality channel aggregation learning (ICAL) approach, which pro-
gressively guides the learning of modality-invariant features. ICAL not
only progressively alleviates modality gap but also augments the training
data. Additionally, we introduce a novel instance-modality contrastive loss,
which facilitates the learning of modality-invariant and identity-related fea-
tures at both the instance and modality levels. Extensive experiments on
the SYSU-MMOI and RegDB datasets have shown that PECA outperforms
state-of-the-art methods.

key words: computer vision, person re-identification, cross-modality, con-
trastive learning

1. Introduction

Traditional person re-identification (ReID) methods [1]-[5]
aim to connect images of the same person captured by dif-
ferent cameras, essentially constituting a single-modality
image retrieval task. However, in practical applications,
a significant number of dark scenarios are encountered,
where surveillance cameras capture numerous infrared im-
ages [6], [7]. In light of this, researchers have shifted their
focus towards visible-infrared person re-identification (VI-
ReID) [8]-[10]. In contrast to single-modality RelD ap-
proaches, VI-RelD endeavors to perform matching between
visible and infrared modalities. Specifically, given a visible
(infrared) query image, VI-RelD seeks to find images in the
gallery composed of infrared (visible) images that share the
same identity as the query image. As illustrated in Fig. 1, the
substantial gap between the visible and infrared modalities
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pose significant intra-class variations to VI-ReID [11], [12].

Currently, VI-ReID methods primarily focus on miti-
gating the impact of modality gap between visible and in-
frared images while learning modality-invariant and identity-
related feature representations[13], [14]. For instance,
CAJ[13] approaches the problem from a data processing
perspective and enhances the model’s robustness to modal-
ity gap by employing techniques such as random channel
exchangeable augmentation, random channel erasing, ran-
dom grayscale augmentation, and horizontal flip operation
augmentation. FMCNet[14] addresses the modality gap
from a feature-based perspective. Specifically, it first em-
ploys a single-modality feature decomposition module to de-
compose the single-modality features into modality-specific
and modality-shared features. Subsequently, a feature-level
modality compensation module is used to generate modality-
specific features from the modality-shared features. Finally,
a shared-specific feature fusion module combines the gen-
erated features with existing features. Although existing
methods have made significant progress, there is still ample
room for improvement in their performance.

In this paper, we propose a method called partial en-
hancement and channel aggregation (PECA) to address the
VI-RelD task, which makes efforts in the following three
aspects. Firstly, existing VI-ReID methods typically focus
solely on global features [13]—[16], while disregarding local
features. However, as illustrated in Fig. 1, local features often
contain important discriminative information that can help
model learn identity-related features and bridge the modality
gap. To address this, we introduce a global-local similarity
learning (GSL) module, which aims to learn global features
while capturing abundant local information. Specifically,
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Fig.1 Each column of images has the same identity. (a) There is a
significant gap between visible modality and infrared modality. (b) Several
images with different identities only show differences in local areas (circled
in red).
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GSL first maps global features into various feature spaces
and then compels the encoder to attend to fine-grained de-
tails by increasing the similarity between multiple global
features and multiple local features.

Secondly, in response to modality gap, existing meth-
ods [15], [17], [18] usually design a two-stream network
to separately extract features from the visible and infrared
modalities. Subsequently, a shared encoder is employed to
extract modality-shared features. However, the substantial
modality gap impedes the learning of inter-modality sim-
ilarities, making the model optimization challenging. To
address this issue, we propose an inter-modality channel ag-
gregation learning (ICAL) approach to facilitate modality-
invariant feature learning. ICAL first generates an auxiliary
modality and then progressively guides the model to bridge
the modality gap by reducing the disparities between the real
modality and the auxiliary modality separately. This ap-
proach offers dual advantages: on one hand, the progressive
learning process from easy to difficult is more manageable
and intuitive; on the other hand, the auxiliary modality serves
as data augmentation, thereby further enhancing the model’s
performance. Moreover, ICAL exhibits a high level of versa-
tility, as it can be readily integrated into any existing VI-ReID
method.

Additionally, we introduce a novel instance-modality
contrastive loss. The widely used triplet loss [15], [18], [19]
typically focuses solely on the similarity between instances
while neglecting modality-level similarity. In contrast to
triplet loss, the instance-modality contrastive loss not only
enhances the positive similarity and reduces the negative
similarity at the instance-level but also guides the model to
extract modality-invariant and identity-related features at the
modality-level. Furthermore, this approach offers a broader
optimization scope compared to triplet loss.

Our main contributions are summarized below:

* We propose a global-local similarity learning (GSL)
module, which compels the encoder to focus on fine-
grained details by increasing the similarity between
global and local features within multiple feature spaces.

* To enhance the model’s robustness to modality gap, we
propose an inter-modality channel aggregation learn-
ing (ICAL) algorithm to generate an auxiliary modal-
ity, progressively guiding the learning of modality-
invariant features.

* We introduce an instance-modality contrastive loss,
which aims to learn modality-invariant and identity-
related features at both the instance and modality levels.

* We conduct extensive experiments on two cross-
modality datasets, and the experimental results demon-
strate the effectiveness of each component and the su-
periority of the proposed method.
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2. Related Work
2.1 Visible-Infrared Person Re-Identification

As VI-ReID demonstrates potential in practical applica-
tions, it is increasingly garnering attention. Wu et al. [6]
proposed the first VI-ReID method, which handles modal-
ity gap from the channel perspective and uses a single-
stream network to extract modality-shared features. Sub-
sequent research efforts, such as TONE+HCML [20] and
BDTR [18], adopt dual-stream networks to simultaneously
consider modality-specific and modality-shared features, in-
corporating contrastive losses to guide the learning pro-
cess. Inspired by GAN|[21], [22], cmGAN [23] employs
a generative adversarial approach to encourage the en-
coder to extract modality-invariant feature representations.
MAC [24] introduces a collaborative learning scheme to reg-
ularize both modality-shared and modality-specific classi-
fiers. This collaborative learning idea has also been proven
effective in subsequent studies [25]. DDAG [26] simultane-
ously explores intra-modality part-level and cross-modality
graph-level contextual cues to learn discriminative features.
To align the feature distributions of the two modalities
and learn modality-invariant features, JSIA [27] generates
cross-modality paired-images and performs both global set-
level and fine-grained instance-level alignments. Subse-
quent research focuses on dealing with modality-shared and
modality-specific features separately. For example, cm-
SSFT [19] models the affinities of different modality sam-
ples based on shared features and propagates both shared
and specific features between modalities. Hi-CMD [16] de-
couples identity-related and identity-unrelated features from
the images and employs only identity-related features for
identification.

In recent works, researchers have introduced various
strategies in the VI-RelD field. For instance, Chen et al.
propose the neural feature search [28] to achieve automated
feature selection in VI-ReID. Tian et al. present the varia-
tional self-distillation [29] strategy to fit mutual information,
allowing the information bottleneck to capture the intrin-
sic correlation between features and labels. To mitigate
the impact of modality gap, Ye et al. design the channel
exchangeable augmentation strategy [13], which generates
color-independent images by randomly swapping color chan-
nels. This method can be integrated into existing augmen-
tation operations to continually improve the model’s robust-
ness to color variations. Huang et al. propose a method
called modality adaptive mixup and invariant decomposi-
tion (MID) [30], which generates mixed images between
visible and infrared modalities to alleviate modality gap.
To learn certain modality-specific information related to hu-
mans, FMCNet [14] prompts the model to generate modality-
specific features from modality-shared features and utilizes
a shared-specific feature fusion module to combine the ex-
isting features with the generated features. Existing methods
have achieved promising performance but often focus solely
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Fig.2  The input data, from top to bottom, consists of visible images, ICAL-generated images, and
infrared images. We have designed a three-stream encoder, where the first layer is responsible for
learning modality-specific features, and the subsequent layers share their weights. The visible images
and infrared images are further divided into upper, middle, and lower parts, which are also fed into
the encoder. Additionally, we introduce a centroid memory to store modality centroids based on global
features. In GSL, we use a multilayer perceptron (MLP) to map global features into different local feature

- Multilayer perceptron

spaces.

on global features, neglecting to capture fine-grained details.
In contrast, our approach not only emphasizes local informa-
tion but also integrates the two modalities from the channel
perspective to gradually bridge the modality gap.

2.2 Memory-Based Learning

Memory-based learning has been widely applied in unsuper-
vised learning [31]-[34]. For instance, Moco [32] utilizes
memory to increase the quantity of stored keys for improved
contrastive learning. XBM [35] leverages historical features
in memory for enhanced hard mining. In the context of
single-modality unsupervised RelD, Wang et al.[33] em-
ploy memory to store camera centroids and assign positive
and negative camera centroids to each sample, thus alleviat-
ing the impact of camera variations during the optimization
process. Pang et al. [34] use memory to store cluster cen-
ters and utilize all centers in memory as reference points
to estimate the reliability of pseudo-labels. In contrast to
the aforementioned methods, we employ memory to address
modality gap. Specifically, we store all modality centroids
in a memory, which serves as guidance for subsequent op-
timization. Additionally, we update the modality centroids
during the optimization process.

3. Partial Enhancement and Channel Aggregation

For VI-RelD, during the training phase, we are given a visible
image set {x?, y’}¥ and an infrared image set {x/", y/"}M |
where x! and xlf" represent samples from the visible and
infrared image sets respectively, and y and yl’fr denote their
corresponding identity labels. N and M are the numbers of
images contained in the two sets, respectively. For ease of
description, we will no longer distinguish between samples,
images, and instances. They all refer to cross-modality data.

The overall framework of our proposed partial enhance-
ment and channel aggregation (PECA) is shown in Fig. 2.
PECA consists of three novel components: global-local
similarity learning (GSL), inter-modality channel aggrega-
tion learning (ICAL), and instance-modality contrastive loss
Limci. GSL guides the model to focus on fine-grained details,
ICAL aims to progressively enhance the model’s robustness
to modality gap, and L;,,.; encourages the model to extract
modality-invariant and identity-related features. In the sub-
sequent sections, we introduce each of these components
separately. We use CNN models to extract features f;” and

fl.” from x; and xl’." respectively. In the subsequent sections,
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we refer to £ and fl.” collectively as f;.

During the inference phase, we are provided with a
query set and a gallery. For each query image in the query
set, we rank all images in the gallery in descending order
based on the similarity of their features to the features of the
query image. In the re-identification process, we consider
that images ranked higher in the sequence are more likely to
share the same identity with the query image.

3.1 Global-Local Similarity Learning

Existing methods often focus solely on global features [13]—
[16] while neglecting local discriminative information. To
fully leverage local information to aid identification, we pro-
pose global-local similarity learning (GSL) to encourage the
model to extract global features that are rich in local in-
formation. As shown in Fig. 2, for each visible or infrared
image, we first extract the features of the overall image and
the local image respectively to obtain a global feature f; and
three local features (£, f™ and f!). Where f*, f™ and f;
represent the upper, middle and lower features of the image
respectively. Subsequently, we input the global feature f;
into three separate M LPs with non-shared parameters. We
introduce three different M LPs with the purpose of map-
ping the global feature f; into three distinct local features
(upper, middle, and lower). Considering that these three lo-
cal features serve different semantic purposes, we use three
separate M LPs to accomplish these tasks tailored to their
respective objectives. The outputs of the three M LPs are
then concatenated to obtain the feature f;.g. Meanwhile, we
concatenate fl.“, fl.m, and ft.l to obtain feature fl.s. Finally, we
applied a global-local similarity loss to fl.g and f7:

g
_ i
1A 112

where stopgrad is the stop gradient operation [36]. That is,
the local features branch does not receive the gradient from
Lgim. This approach has been validated to effectively prevent
model collapse [36]. Lg;,, will make fl.g approach f;. When
the global feature contains sufficient local information, the
value of Lg;,, is small. Due to the fact that L;,, incorporates
local information into the global features, we focus only
on the global features in the subsequent optimization. In the
following sections, all mentions of “features” refer to “global
features”.

sim =
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3.2 Inter-Modality Channel Aggregation Learning

Existing methods typically directly align the visible and in-
frared modalities [15], [17], [18]. However, the model’s
initial performance is poor, and there are significant gaps be-
tween the two modalities, making the optimization process
particularly challenging. To address this issue, we have de-
signed inter-modality channel aggregation learning (ICAL)
to gradually guide the model’s optimization process.
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Inspired by CAJ [13], we process the data from the chan-
nel perspective. However, unlike CAJ, we do not randomly
select one channel from the visible image to replace the other
channels. Instead, we randomly select one infrared image
and replace one or two channels of a visible image with the
randomly selected infrared image, provided that both images
belong to the same identity. For example, for a visible image
x; and an infrared image xl’." from the same person, we can
get a variety of enhanced images:

v,RG _ v,r 0,9 _ir
xi - (xl‘ ’xi axi )

v,RB _ v,y v,ir _v,b
X; = (0 x x0T

v,GB _ v,ir 0,9 _v,b
X: = (x>, %77, x;°7)

L

o (2)
v,R _ v,r _ir _ir

A C A R )

v,G _ ir U,9 _ir
x7 =067 x")
v,B

L

X v,b)

= ("X
where xl'.”r , xf’g and xl'.”b are the red, green and blue channels
of the visible image respectively. From Eq. (2), it is evident
that ICAL can easily be combined with CAJ[13] and other
traditional data augmentation methods and integrated into
any existing VI-ReID method. Based on the generated im-
ages mentioned above, we can progressively optimize the
model:

Luix = max[||D(x{,x]) = m||,0]
+ max[||D(xl’:r,xig) —m||5,0] 3)

where xig represents any image generated by a visible im-
age x; and an infrared image xl’fr from the same person in
Eq.(2). m is the distance margin. D(.,-) is the Euclidean
distance function used to measure the distance between two
sample features. To stabilize the convergence, all features
are normalized.

ICAL has a dual advantage: on one hand, it can gen-
erate an auxiliary modality with minimal time cost. On the
other hand, based on an auxiliary modality composed of
generated images {xlfj} that lie between the visible and in-
frared modalities, ICAL encourages the model to produce
similar features for real images and generated images from
the same person, as specified in Eq.(3). In other words,
ICAL progressively enhances the model’s robustness to the
modality gap by increasing the similarity between features
from different modalities.

3.3 Instance-Modality Contrastive Loss
To learn identity related feature representations, existing VI-

ReID methods [15], [37] typically use cross-entropy loss to
optimize the model:

Lee = =5, D log PUFICEG)

1 . .
= = > log P(y!" |C(E(xY") “
m =
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where E represents encoding operation, and C represents
classification layer. y; and y]’.’ represent the identity labels

corresponding to samples x; and x| respectively. In addi-
tion, triplet loss [15], [18], [19] is also widely used to guide
the encoder to extract discriminable features. Unlike triplet
loss, we design an instance-modality contrastive loss in this

paper:
Limect = Lins + AmLmoa (5)

where L;;,,c; includes two parts: instance-similarity con-
trastive loss L;,s and modality-similarity contrastive loss
Lywo4, and A, represents the weight of L,,0q. Limcer has a
wider optimization range compared to triple loss.

As shown in Fig.3, the purpose of the instance-
similarity contrastive loss L;,s is not only to handle hard
samples but also to increase intra-class similarity and inter-
class separability. For any sample x; from any modality, we
refer to the sample with the same identity as x; and having
the farthest distance as the hard positive sample of x;. Addi-
tionally, we define a set Q of |Q| samples that have different
identities from x; and are closest to x; as the hard negative
set of x;. For sample x;, L;,s is defined as:

exp(fl.T : fj /Tins)

> exp(ff - fi/Tins)
feefuo

Lins = E |—log

(6)

where f; is the feature of sample x;, f; is the feature of hard
positive sample x; of x;, and 7y, is the temperature hyper-
parameter [38] of L;,s. L;ns aims to increase the similarity
between the features of x; and x;, and reduce the similarity
between the features of x; and the features of all samples in
the set Q.

As shown in Fig. 3, in addition to the instance-similarity
contrastive loss L;,s, we also introduce the modality-
similarity contrastive loss L,,,4 to impose constraints on
the model at the modality-level. For each identity, we calcu-
late all modality centroids within that identity. For example,
the centroid of the visible modality of the i-th identity is
defined as:
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Fig.3  Tllustration of L;, s and L,,,,, 4. Different colors indicate different
identities, and different shapes indicate different modalities.
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where f is the feature of any sample in the visible modality
of the i-th identity, and n} is the number of samples in the
visible modality of the i-th identity. Similarly, the centroid
of the infrared modality of the i-th identity is defined as:

ir 1 i ir
= Do ®)
=1

where fii’ is the feature of any sample in the infrared modality
of the i-th identity, and ni:r is the number of samples in the
infrared modality of the i-th identity. As shown in Fig.2,
we use centroid memory to store all modality centroids and
update them during the optimization process. For example,
for any input image x; from any modality, we update its
modality centroid through moving average:

m; — (1 —a)m; +af; ©

where f; is the feature of sample x;, and m; is the modality
centroid to which x; belongs, and « is an updating rate.

For any sample x; from any modality, we refer to all
modality centroids with the same identity label as x; as the
positive modality centroid set P, and all modality centroids
with the same modality label but different identity labels as
x; as the negative modality centroid set U. For sample x;,
the modality-similarity contrastive loss L,,, is defined as:

1 exp(fI - m;/t
Liod = E |- z : ]Og p(f, Tt/ mod)
|P| m; eP Z[:) Uexp(fi My [Tmoa)
my €ePU

(10)

where f; is the feature of sample x;, and | P| is the number of
modality centroids contained in set P. 7,,,4 is the tempera-
ture hyper-parameter [38] of L,,oq. Lmog aims to reduce the
impact of modality gap and further enhance the intra-class
compactness of the learned feature representations.

Finally, the overall loss of PECA is defined as:

Lpeca = Lee + Lsim + Liix + Limet (11)

4. Experiments
4.1 Experimental Setting
4.1.1 Datasets and Evaluation Protocols

We evaluated the proposed method on the SYSU-MMOL [6]
and RegDB [7] datasets.

SYSU-MMOL1 is a challenging cross-modality dataset
that includes images captured by 4 visible and 2 infrared cam-
eras, containing data from 491 identities. The training set
comprises 22,258 visible images and 11,909 infrared images
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from 395 identities. During the testing phase, this dataset
offers two testing modes: all search and indoor search, with
the former being more challenging compared to the latter.

RegDB is a small-scale cross-modality dataset compris-
ing images captured by one visible and one thermal infrared
camera, containing data from 412 identities. Each identity
consists of 10 visible images and 10 thermal infrared images.
Following the approach of previous methods [13], [20], we
select images from 206 identities as the training set and use
the remaining images as the test set. This partitioning is
repeated ten times, and the average performance across the
ten repetitions is reported as the final performance.

We evaluate the performance using the cumulated
matching characteristics (CMC) and the mean average pre-
cision (mAP).

4.1.2 Implementation Details

In the data preprocessing stage, all images are resized to
288 x 144, and random flipping and cropping are applied
to augment all images. For visible images, we utilize ran-
dom channel exchangeable augmentation and random chan-
nel erasing techniques [13]. For infrared images, we input
three replicated channels into the network. The encoder fol-
lows AGW [39] and employs a ResNet-50 [40] pretrained on
ImageNet [41] as the backbone. MLP contains two fully
connected layers, excluding BN and ReLU. We use stochas-
tic gradient descent (SGD) optimizer to train the model and
set the initial learning rate to 0.1. For L;;, we set |Q| = 50.
We use the warm-up strategy [42] in the first 10 epochs. We
set the distance margin m to 0.7, and set the updating rate
a to 0.8. For each minibatch, we randomly select 8 identi-
ties and then sample 4 visible images and 4 infrared images
from each identity. During the training phase, a total of 100
epochs are conducted. In the test phase, only the encoder is
used for the inference.

4.2 Parameter Analysis

In this subsection, we analyze the impact of hyper-parameters
Tins> Tmod and A,,, on performance on SYSU-MMO1 [6] and
RegDB [7] dataset. For SYSU-MMOI, we analyze the per-
formance under the all search mode, which is more challeng-
ing compared to the indoor search mode. For RegDB, we
analyze the performance under the visible to infrared mode.

42.1 Tins and Thod

As shown in Fig. 4 and Fig. 5, we analyze the performance
variation of the model for different values of t;,, and
Tmoa Within the range of [0.05,0.25]. We find that when
Tins = 0.15 and 7,04 = 0.10, the model achieves optimal
performance on both datasets. This verifies the general-
ization of 7;,5 and 7,,,4. The temperature hyperparameter
primarily adjusts the flexibility of the probability distribu-
tion. When 7,5 and 7,54 take on either very high or very
low values, the model performance is usually suboptimal.
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This is because a larger temperature hyperparameter makes
the probability distribution too flat and increases uncertainty,
while a smaller temperature hyperparameter makes the prob-
ability distribution too sharp, making the model overly confi-
dent. Additionally, since the modality-similarity contrastive
loss aims to handle large modality gap, 7,04 should be
slightly smaller than 7;,,5 to provide sufficiently high predic-
tion values for the positive modality centroids with different
modality labels from the features, thereby mitigating the im-
pact of modality gap. Therefore, theoretically, the model
can achieve optimal performance when 7;,s and 7,,,4 are
approximately 0.15 and 0.10, respectively.

422 Ay of Lioa

In Fig. 6, we illustrate how the performance varies as A,, is
varied from O to 1 via plots of Rank-1 and mAP. We find that
when A, = 0.50, the model achieves optimal performance.
This is because setting A, close to 1 reduces the relative
weight of L;,s, thereby affecting the model’s ability to learn
identity-related features. Conversely, when 4, is set too low,
L,,04 cannot sufficiently contribute to the model’s optimiza-
tion, leaving the model significantly impacted by modality
gap. When 4, = 0 and L,,,4 are not effective, the model
achieves the worst performance. This preliminarily verifies
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Table 1

reproduced under our conditions.
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Comparison to the state-of-the-art VI-ReID methods on the SYSU-MMOI1 dataset. The
optimal and suboptimal performance are represented in bold and italic, respectively. “*” denotes results

original paper.

3

indicates that the experimental result was not reported in the

Methods ~ Reference All Search Indoor Search

Rank-1 Rank-10 Rank-20 mAP Rank-1 Rank-10 Rank-20 mAP
Zero-Pad  ICCV17 14.80 54.12 71.33 1595 20.58 68.38 85.79 26.92
HCML AAAILS 14.32 53.16 69.17 16.16  24.52 73.25 86.73 30.08
MSR TIP19 37.35 83.40 93.34 38.11  39.64 89.29 97.66 50.88
Hi-CMD* CVPR20  34.60 76.58 88.36 3521  36.87 85.26 92.07 44.76
cm-SSFT  CVPR20  61.60 89.20 93.90 63.20  70.50 94.90 97.70 72.60
AGW TPAMI21  47.50 84.39 92.14  47.65 54.17 91.14 95.98 62.97
MPANet  CVPR21 70.58 96.21 98.80 68.24  76.74 98.21 99.57 80.95
NFS CVPR21 56.91 91.34 96.52 5545  62.79 96.53 99.07 69.79
CAJ ICCV21 69.88 95.71 98.46 66.89  76.26 97.88 99.49 80.37
CM-NAS  ICCV21 61.99 92.87 97.25 60.02  67.01 97.02 99.32 72.95
DTRM TIFS22 63.03 93.82 97.56 58.63  66.35 95.58 98.80 71.76
MID AAAI22 60.27 92.90 - 5940 64.86 96.12 - 70.12
DART CVPR22  68.72 96.39 9896 6629 7252 97.84 99.46 78.17
FMCNet CVPR22  66.34 - - 6251  68.15 - - 74.09
MAUM CVPR22  71.68 - - 68.79  76.97 - - 81.94
PMT AAAI23 67.53 95.36 98.64 6498  71.66 96.73 99.25 76.52
CAL ICCV23 74.66 96.47 - 71.73  79.69 98.93 - 83.68
PECA Ours 74.89 96.57 99.03 72.28  79.96 98.90 99.78 83.96

Table2  Comparison to the state-of-the-art VI-ReID methods on the RegDB dataset. The optimal and

suboptimal performance are represented in bold and italic, respectively. “*” denotes results reproduced

under our conditions.

%

indicates that the experimental result was not reported in the original paper.

Visible to Infrared

Infrared to Visible

Methods  Reference

Rank-1 Rank-10 Rank-200 mAP Rank-1 Rank-10 Rank-20 mAP
Zero-Pad ICCV17 17.75 34.21 44.35 1890 16.63 34.68 44.25 17.82
HCML AAAII8 24.44 47.53 56.78 20.08  21.70 45.02 55.58 22.24

MSR TIP19 48.43 70.32 79.95 48.67 - - - -
Hi-CMD*  CVPR20 68.96 86.03 90.87 65.89  70.12 87.23 90.64 64.31
cm-SSFT ~ CVPR20 72.30 - - 7290  71.00 - - 71.70
AGW TPAMI21  70.05 86.21 91.55 66.37  70.49 87.21 91.84 65.90
MPANet CVPR21 83.70 - - 80.90  82.80 - - 80.70
NFS CVPR21 80.54 91.96 95.07 7210 7795 90.45 93.62 69.79
CAJ ICCV21 85.03 95.49 97.54 79.14  84.75 95.33 97.51 77.82
CM-NAS ICCV21 80.54 91.96 95.07 72.10 7795 90.45 93.62 69.79
DTRM TIFS22 79.09 92.25 95.66 70.09  78.02 91.75 95.19 69.56
MID AAAI22 87.45 95.73 - 84.85 84.29 93.44 - 81.41
DART#* CVPR22 82.53 92.16 96.05 7493  80.25 92.09 95.23 72.19
FMCNet CVPR22 89.12 - - 84.43  88.38 - - 83.86
MAUM CVPR22 87.87 - - 85.09 86.95 - - 84.34
PMT* AAAI23 83.69 93.66 96.89 75.82 83.27 93.25 96.28 75.02
CAL ICCV23 94.51 99.70 - 88.67  93.64 99.46 - 87.61
PECA Ours 94.97 99.23 99.56 89.07 93.06 98.97 99.51 90.22

the effectiveness of L,,q.
4.3 Comparison with State-of-the-Art Methods

In this subsection, we compare our PECA with state-of-
the-art VI-ReID methods on the SYSU-MMOI and RegDB
datasets, including Zero-Pad[6], HCML [20], MSR[15],
Hi-CMD [16], cm-SSFT[19], AGW [39], MPANet[37],
NFS [28], CAJ[13], CM-NAS [43], DTRM [44], MID [30],
DART [45], FMCNet[14], MAUM [46], PMT[47] and
CAL [48].

As shown in Table 1, on the SYSU-MMOI1 dataset,
MAUM [46] and CAL [48] have achieved superior perfor-
mance. The comprehensive performance of our method sur-

passes the above methods on SYSU-MMO1 dataset. Specif-
ically, for Rank-1 and mAP, in the all search testing mode,
PECA surpasses CAL by 0.23% and 0.55%, respectively,
and in the indoor search testing mode, PECA outperforms
CAL by 0.27% and 0.28%, respectively. This improvement
is attributed to PECA’s consideration of local discriminative
information and the design of progressive data augmentation
methods to address modality gap.

As shown in Table 2, on the RegDB dataset, FMC-
Net[14], MAUM [46] and CAL [48] achieve relatively su-
perior performance. The performance of our proposed
method, PECA, on the RegDB dataset significantly out-
performs FMCNet [14] and MAUM [46]. Specifically, for
Rank-1 and mAP, PECA in the Visible to Infrared testing
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Table 3  The ablation study results for each component in PECA.
Methods Lins Lmoq GSL ICAL SYSU-MMOI1(All Search) RegDB (Visible to Infrared)

Rank-1 Rank-10 Rank-20 mAP Rank-l1 Rank-10 Rank-20 mAP

M1 x x x x 65.12 92.37 96.03  61.25 80.23 92.10 95.87  73.06
M2 v x x x 65.98 92.79 9630  62.17 81.25 92.57 9588  73.86
M3 v v x x 67.23 93.25 9639  62.83  83.17 93.69 96.85  75.32
M4 v v v x 72.86 96.12 98.16 6825 88.96 96.03 97.81 83.19
M5 v v x v 70.23 95.83 98.62  66.83  85.36 95.27 9722 80.07
PECA v v v v 74.89 96.57 99.03  72.28 9497 99.23 99.56  89.07

mode performs 5.85% and 4.64% better than FMCNet, re-
spectively. In the Infrared to Visible testing mode, PECA
outperforms FMCNet by 4.68% in Rank-1 and 6.36% in
mAP. Moreover, our method achieves performance compa-
rable to CAL [48] on the RegDB dataset.

Based on the comprehensive experimental results, it
can be observed that our PECA outperforms existing VI-
ReID methods in terms of overall performance on the SYSU-
MMO1 and RegDB datasets.

4.4  Ablation Study

In this subsection, we conduct a series of experiments to val-
idate the effectiveness of each component. The performance
of all methods is shown in Table 3. Following CAJ[13],
M1 optimizes the model using cross-entropy loss and triplet
loss without utilizing random grayscale augmentation. M2
replaces the triplet loss with L;,s. M3 builds upon M2 by
introducing L,,,4. M4 and M5 further incorporate GSL and
ICAL, respectively, on top of M3.

4.4.1 Effectiveness of L;,

L;ps is designed to handle hard samples and increase intra-
class similarity and inter-class separability. As shown in
Table 3, when M2 replaces the triplet loss in M1 with L;,,
the performance improves. Specifically, in the SYSU-MMO1
(All Search) scenario, M2 outperforms M1 by 0.86%, 0.42%,
0.27%, and 0.92% in terms of Rank-1, Rank-10, Rank-20,
and mAP, respectively. In the RegDB (Visible to Infrared)
scenario, M2 achieves 1.02%, 0.47%, 0.01%, and 0.80%
higher performance than M1 for the four metrics. This vali-
dates the effectiveness and superiority of L;;s.

4.4.2 Effectiveness of L,,oq

Ly04 aims to reduce the impact of modality gap and fur-
ther improve intra-class compactness. As shown in Table 3,
we find that with the help of L,,,4, M3 outperforms M2.
Specifically, in the SYSU-MMOL1 (All Search) scenario, M3
achieves 1.25%, 0.46%, 0.09%, and 0.66% higher perfor-
mance than M2 for Rank-1, Rank-10, Rank-20, and mAP,
respectively. In the RegDB (Visible to Infrared) scenario,
M3 demonstrates 1.92%, 1.12%, 0.97%, and 1.46% im-
provement over M2 for the four metrics. This validates the
effectiveness of L,,o4.
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4.4.3 Effectiveness of GSL

GSL aims to guide the model to extract global features that
are rich in fine-grained information. As shown in Table 3,
we observe that in both the SYSU-MMO1 (All Search) and
RegDB (Visible to Infrared) scenarios, M4 achieves Rank-1
and mAP metrics that are more than 5% higher than M3.
Additionally, we find that PECA’s performance in both of
these scenarios is significantly better than M5. We visual-
ize the visual explanations [49] of the models as shown in
Fig.7. The attention of M5 is typically more scattered and
may even focus on identity-irrelevant information such as
the background. In contrast, PECA with the introduction of
GSL tends to focus more on discriminative identity-related
local information in the image. This validates that GSL can
enhance the model’s recognition performance by embedding
fine-grained information in global features.

4.4.4 Effectiveness of ICAL

The significant improvement of M5 over M3, and the supe-
riority of PECA over M4, after the introduction of ICAL is
attributed to ICAL’s gradual guidance in bridging the modal-
ity gap. To further understand the effectiveness of ICAL in
alleviating modality gap, we visualize the inter-modality fea-
ture distances and intra-modality feature distances in M4 and
PECA, respectively. As shown in Fig. 8, compared to M4,
PECA can bring the distribution of inter-modality feature
distances closer to the distribution of intra-modality feature
distances, thus further reducing the impact of modality gap.

Additionally, we find that PECA outperforms all meth-
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Fig.8 The distance distributions of intra-modality and inter-modality.

ods listed in Table 3, validating the effectiveness of the com-
bination of all components. From a qualitative perspective,
as shown in Fig.7, PECA focuses more on identity-related
information compared to M5 by introducing GSL. This
validates that GSL can effectively integrate with other com-
ponents. On the other hand, as shown in Fig.8, PECA
significantly reduces the difference between inter-modality
feature distances and intra-modality feature distances by in-
troducing ICAL. This validates that ICAL can organically
combine with other components to mitigate the impact of
modality gap. This further confirms that combining these
advantageous components can enhance the overall perfor-
mance of the model.

5. Conclusion

In this paper, we propose a partial enhancement and channel
aggregation (PECA) method to address the VI-RelD prob-
lem. PECA consists of three components: global-local sim-
ilarity learning (GSL), inter-modality channel aggregation
learning (ICAL), and instance-modality contrastive loss. We
conduct an analysis of the key hyper-parameters in PECA
and perform ablation studies on each component. The re-
sults verify that GSL can enhance recognition performance
by embedding local information in global features, ICAL can
effectively reduce the impact of modality gap, and instance-
modality contrastive loss can further improve the model’s
performance by learning modality-invariant and identity-
related features at both instance and modality levels. Exten-
sive experimental results on the SYSU-MMO1 and RegDB
datasets validate the effectiveness and superiority of PECA.
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