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AIRHF-Net: an adaptive interaction
representation hierarchical fusion
network for occluded person re-
identification

Shuze Geng?, Qiudong Yu'™*, Haowei Wang? & Ziyi Song?

To tackle the high resource consumption in occluded person re-identification, sparse attention
mechanisms based on Vision Transformers (ViTs) have become popular. However, they often suffer
from performance degradation with long sequences, omission of crucial information, and token
representation convergence. To address these issues, we introduce AIRHF-Net: an Adaptive Interaction
Representation Hierarchical Fusion Network, named AIRHF-Net, designed to enhance pedestrian
identity recognition in occluded scenarios. Our approach begins with the development of an Adaptive
Local-Window Interaction Encoder (AL-WIE), which aims to overcome the inherent subjective
limitations of traditional sparse attention mechanisms. This innovative encoder merges window
attention, adaptive local attention, and interaction attention, facilitating automatic localization and
focusing on visible pedestrian regions within images. It effectively extracts contextual information
from window-level features while minimizing the impact of occlusion noise. Additionally, recognizing
that ViTs may lose spatial information in deeper structural layers, we implement a Local Hierarchical
Encoder (LHE). This component segments the input sequence in the spatial dimension, integrating
features from various spatial positions to construct hierarchical local representations that substantially
enhance feature discriminability. To further augment the quality and breadth of datasets, we adopt an
Occlusion Data Augmentation Strategy (ODAS), which bolsters the model’s capacity to extract critical
information under occluded conditions. Extensive experiments demonstrate that our method achieves
improved performance on the Occluded-DukeMTMC dataset, with a rank-1 accuracy of 69.6% and an
mAP of 61.6%.
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Current methods tackling occluded person re-identification often utilize external models such as pose estimation
and human parsing to enhance accuracy in scenarios of partial visibility! . While this approach leverages
auxiliary data effectively, it considerably increases computational demands, making it less efficient for processing
extensive sequences and adding significant computational overhead. The Hierarchical Aggregation Transformers
(HAT) for person re-identification, as presented by Zhang et al.%, introduce a hierarchical structure to aggregate
features at multiple scales, which enhances the model’s ability to capture both local and global information.
However, HAT may still struggle with significant domain shifts, as it does not explicitly address the challenge of
adapting to new domains with different background styles.

In contrast, the Local Correlation Ensemble with GCN based on Attention Features for Cross-Domain Person
Re-ID, proposed by Zhang et al.%, focuses on reducing intra-class differences and improving the reliability of
class centers. The method incorporates a pedestrian attention module to emphasize person-specific features
and a priority-distance graph convolutional network (PDGCN) to refine class center predictions. While this
approach effectively leverages unlabeled target domain data and reduces intra-class variations, it may require
more computational resources due to the additional complexity of the PDGCN and the need for robust
clustering, which can be challenging in practice.

As the field gravitates towards more streamlined models, sparse attention mechanisms based on Vision
Transformers (ViTs) have gained prominence in person re-identification (Re-ID)”. ViTs dissect images

1School of Information Technology and Engineering, Tianjin University of Technology and Education, Tianjin
300350, China. 2School of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China. *email:
475282142@qqg.com

Scientific Reports|  (2024) 14:27242 | https://doi.org/10.1038/s41598-024-76781-4 nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-023-44448-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-023-44448-1&domain=pdf

www.nature.com/scientificreports/

(a) Self-attention

ODAS

Occluded data

(b) Dilated attention (c) Sliding attention (d) Global sliding attention

Fig. 1. Self-attention vs. sparse attention patterns (Dark blue squares represent tokens attending to themselves,
light blue squares indicate attention computations between the corresponding dark blue square token and
other tokens).
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Fig. 2. Overall architecture of the proposed AIRHF-Net. The images of pedestrians in this figure are from the
Occluded-DukeMTMC dataset. https://github.com/lightas/Occluded-DukeMTMC-Dataset.

into smaller patches (tokens) and leverage the Transformer architecture to analyze these tokens, capturing
comprehensive contextual information. Traditional self-attention mechanisms, which compute interactions
among all tokens, lead to a complexity of O(nA?) that becomes unsustainable with longer sequences®®. To
counter this, sparse attention strategies reduce computational complexity by focusing selectively on crucial
tokens, thus significantly lightening the computational load. This selective focus not only streamlines processing
but also maintains robustness in recognizing occluded individuals. Figure 1 provides an analysis of the
complexity of different sparse attention models. Specifically, (a) represents self-attention without sparsification.
Figure 1b shows dilated sparse attention, while (c) and (d) depict different sliding window attentions, where the
computational complexity is positively correlated with the number of surrounding tokens being attended to.

Analysis of the figure reveals that manually designed sparse attention methods significantly reduce
computational overhead, facilitating model lightweighting. However, practical applications encounter several
challenges. Firstly, sparsification may lead to a decline in model performance when processing complex long
sequences, and the extraction of key information in specific scenarios may be insufficient, adversely affecting
recognition accuracy. Secondly, manually designed sparse attention strategies often suffer from a high degree
of subjectivity. Designers must determine which tokens are worth attending to and which can be disregarded, a
process that is prone to biases that can result in the omission of important information. Additionally, as model
architectures (e.g., ViT) stack layers, the token representations across layers tend to converge, diminishing
the model’s ability to distinguish features from different spatial locations. The loss of spatial information is
particularly detrimental for visual tasks, especially for occluded person re-identification, which requires fine
spatial feature differentiation.

To address these issues, this paper proposes a lightweight, adaptive interaction representation hierarchical
fusion network, as illustrated in Fig. 2. This network consists of three primary components: an Occlusion-based
Data Augmentation Strategy (ODAS), an Adaptive Local-Window Interaction Encoder (AL-WIE), and a Local
Hierarchical Encoder (LHE). Firstly, to enhance the extraction of critical information in occluded scenarios
while incorporating sparsification, the ODAS is proposed. This strategy increases the number of occluded
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samples during model training to improve data diversity and consistency while ensuring the quality of the
generated samples. Secondly, compared to the overly subjective manually designed sparse attention strategies,
the proposed AL-WIE architecture can adaptively leverage relation-aware mechanisms to extract visible
pedestrian regions and contextual features from larger-scale window tokens. This alleviates the issue where,
under sparse mechanisms, the model fails to capture all critical contextual information within long sequences,
resulting in significant performance degradation. Simultaneously, it filters out occlusion noise and reduces
computational complexity. Structurally, the architecture consists of three sub-modules: Large-Scale Window
Attention, Association-Aware Adaptive Local Attention, and Interactive Attention Additionally, to combat the
issue of progressive spatial information loss resulting from increased stacking of ViT layers, we propose the a
Local Hierarchical Encoder (LHE). Unlike methods that segment local features horizontally, the LHE partitions
the input sequence along the spatial dimension, integrating features from different spatial areas to generate
hierarchical representations of various local features. This strategy effectively reduces the similarity between
local features, significantly enhancing their discriminability.
The main contributions of our work can be summarized as follows:

« Firstly, we introduce an AL-WIE that leverages attention maps from ViTs to dynamically extract visible pedes-
trian regions and contextual features. This is accomplished through three sub-modules: Large-Scale Window
Attention, Adaptive Local Attention, and Interaction Attention, which aid in filtering out occlusion noise and
reducing computational complexity.

« Secondly, we develop a local hierarchical encoder that partitions the input sequence along the spatial dimen-
sion and integrates features from various spatial dimensions to generate hierarchical representations. This
reduces the similarity among local features, enhancing their discriminability.

o Thirdly, an occlusion sample augmentation strategy is proposed to enrich person images by substituting dif-
ferent occluders while preserving the identity of the subject, improving both the quality and coverage of the
dataset, and facilitating more efficient learning from sparse data.The remainder of this paper is structured
as follows: section “Related work” provides a comprehensive review of related works in the field. In section
“Methodology’, we present the architecture of the proposed framework and elaborate on the implementation
details. Experimental results and a thorough analysis of the effectiveness of our method are presented in sec-
tion “Experimental results and analysis”. Finally, section “Conclusion” concludes our work by summarizing
the key findings and contributions.

Related work
Due to the relevance of our approach to data augmentation, attention mechanisms, and lightweight methods,
this section mainly analyzes algorithms related to these three aspects.

Occlusion augmentation strategies

Existing person re-identification models struggle with occlusions, as the interference caused by them limits
robustness. A key factor is the limited number of occluded samples in the training set>!°, which prevents the
model from learning the relationship between occlusions and pedestrians. An effective way to address this issue
is through occlusion augmentation strategies.

Zhong et al.!! introduced a method where pixels are randomly erased and replaced with random values
on the image. This approach is simple and helps reduce the risk of overfitting, but it has limited generalization
capabilities. As an improvement, Chen et al.!? randomly cropped rectangular regions from training images,
scaled the cropped regions, and randomly pasted them onto one of four predefined areas. Compared to the
former strategy, the generated images better simulate real-world occlusion scenarios, enabling the model to
implicitly learn more robust features. Similar methods also exist!>!4. Jia et al.!® proposed cropping different
occluders from the training set and randomly synthesizing them for each training batch. Similar to Chen et al’s
approach, the generated images better simulate real-world occlusion scenarios, allowing the model to implicitly
learn more robust features'®. Likewise, Wang'®proposed Parallel Augmentation and Dual Enhancement (PADE),
which includes a Parallel Augmentation Mechanism (PAM) designed to generate more suitable occlusion data
to mitigate the negative impact of imbalanced data. However, using background elements from the dataset for
occlusion synthesis differs from real-world scenarios!’. In contrast to strategies that use only backgrounds as
occluders, our method employs actual occluders, making it closer to real-world situations. It also considers the
spatial positions of the occluders rather than randomly distributing them, thereby ensuring data complexity and
consistency.

Attention and lightweight design

Due to the capability of self-attention mechanisms to model relationships between different semantic component
representations on a global scale, some scholars have progressively developed ReID methods based on self-
attention'®. For instance, He et al.'” proposed a pure transformer framework named TransRelD for object
re-identification tasks, demonstrating the robustness of self-attention mechanisms. Wang et al.> developed a
Pose-Guided Feature Disentangling (PFD) framework, which simultaneously trains a pure transformer network
and a pose estimation model with learnable parameters. Similar approaches include®!. Despite their superior
performance, the quadratic time complexity of self-attention operations and the incorporation of pose-guided
models slow down their execution speed. Recent studies have proposed various methods to tackle this problem,
especially in the field of person Re-ID, where these methods have shown considerable potential. For instance,
the study on reference?? introduced a score-based diffusion model to handle incomplete multimodal data in
emotion recognition. This approach effectively maps input Gaussian noise to the distribution space of the missing
modalities and recovers the data according to their original distributions, while reducing semantic ambiguity
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between the recovered data and the missing modalities. Another notable contribution is?}, which proposed
an innovative recovery paradigm called DiCMoR to deal with missing modalities in incomplete multimodal
learning. DICMoR maintains the consistency of the recovered data by transferring distributions from available
modalities to missing ones, thereby enhancing the model’s performance in classification tasks. Similar to this is
the study of?*?. These studies indicate that by integrating various attention modules and hierarchical network
structures, the performance of person re-identification tasks can be effectively improved, especially when dealing
with occluded or missing data.

To address the challenges of complexity, recent research has proposed various methods for constructing more
efficient transformer architectures?. Notably, studies have revealed a degree of sparsity within the self-attention
mechanisms of visual transformers, prompting approaches that prune tokens based on their importance scores.
Rao et al.?’ introduced DynamicViT (Dynamic Visual Transformer), featuring a lightweight prediction module
designed to estimate the importance scores of each token, thereby facilitating the pruning of redundant tokens.
Similarly, Meng et al.?8 presented AdaViT (Adaptive Visual Transformer), which strategically learns which blocks,
self-attention heads, and token usage strategies should be retained within the transformer’s backbone network.
Both methodologies incorporate additional lightweight prediction modules that track informative token data
during the training phase and consequently exclude this information during inference. Another innovative
approach leverages class token attention to retain focused tokens while pruning those that are less informative?.
Liang et al.*® proposed EViT (Extended Visual Transformer), defining focused tokens as the image tokens that
attract the maximum attention from class tokens. This method merges less informative tokens into a consolidated
representation. Building on this, Yin et al.3! introduced A-ViT (Adaptive Token Visual Transformer), which
employs an adaptive token pruning mechanism that dynamically adjusts computational costs based on the
complexity of different images. In line with the DyViT approach, the HTS strategy also integrates an additional
lightweight prediction module to determine which tokens should be discarded. However, it is crucial to note that
the pruned tokens may contain vital features related to human body parts, which can lead to contamination of
the feature representation and, consequently, degrade overall performance.

Methodology
In this section, we present the implementation details of our AIRHF-Net method for occluded person re-id, as
shown in Fig. 2. The AIRHF-Net, network primarily consists of three components: ODAS, AL-WIE, and LHE.

ODAS

Existing ReID methods struggle to handle occluded images, partly due to a lack of occlusion data. Figure 3a
shows that the Occluded-DukeMTMC training set contains a limited number of occluded samples, resulting
in insufficient diversity during training, whereas the test set has a higher proportion of occluded samples.
Figure 3b illustrates that gallery images are almost unobstructed, while query images are nearly all occluded,
leading to inadequate generalization of the model to occlusions. Consequently, researchers!'!*? employed data
augmentation strategies to simulate real-world occlusions, such as random cropping and random erasing on
individual images. While these techniques enhance the diversity of training data, augmentation performed on
individual data points leads to a lack of consistency and makes model training more challenging to converge.
Some methods?? use backgrounds as artificial occlusions. However, there is a notable difference between simple
background occlusions and real occlusions. Furthermore, attention modules, which are widely used in re-
identification research, naturally focus more on semantically rich foregrounds rather than backgrounds. As a
result, the network inevitably overlooks occlusions formed by backgrounds. This oversight leads to the model’s
inadequate perception of occlusions.

Occluded Images

Non-occluded Images

(@)

(b)

Fig. 3. Current issues in occluded person re-identification datasets.The images of pedestrians in this figure are
from the Occluded-DukeMTMC dataset. https://github.com/lightas/Occluded-DukeMTMC-Dataset.
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To address the aforementioned issues, this paper adopts an occlusion sample augmentation strategy to
enhance pedestrian images. While ensuring the retention of pedestrian identity, the proposed method generates
new images by replacing different occluders. Compared to existing similar occlusion augmentation methods,
our strategy has two significant differences: First, the occluders (Masks) utilized in our approach are sourced
from real occluding objects within the dataset, which have been carefully selected and acquired through manual
methods. In contrast, other methods typically utilize random background cropping or randomly erase certain
regions of the image to create occlusion Masks. Thus, our approach exhibits a higher level of credibility in
simulating real occlusion scenarios. Second, the proposed occlusion sample augmentation strategy considers
the spatial positioning of the occluders within the image. Specifically, when designing the occlusion masks,
we place the occluders on the left, right, top, and bottom sides of the image. This design approach differs from
other methods that randomly generate occluder positions, effectively enhancing data consistency while ensuring
occlusion complexity.

Specifically, we first manually segment the occluders covering the pedestrian areas in the training set to
create an occlusion Set,qqugeq. This effectively ensures the diversity of the occluders and guarantees that they
do not appear in the test set. Utilizing P x K sampling, where P pedestrian IDs are randomly selected from the
original images and K images are randomly chosen for each pedestrian ID. Unlike single data augmentation
methods, our strategy selects K occluders as augmentation samples for each batch. The same K occluders are
used to augment images of different identities within the same batch, rather than selecting occlusion samples.
This approach helps maintain a certain level of complexity while ensuring data consistency.

Given an input image, we first perform conventional data augmentation, such as resizing, random flipping,
padding, and cropping, to obtain the conventionally augmented image = € R?*"*C, which has a size of
S = H x W. Next, to simulate realistic occlusion scenarios, the occlusion sample F, is resized to S, = t, X S
, where t, ~ 11(0.2,0.5) (with p representing the uniform distribution), resulting in P, having a height

H,=+/S, x t, and width W, = \/%7 with ¢, ~ 1(0.3,3.3) denoting the specific values drawn from this

distribution.

To increase the diversity of the occlusion samples, we also apply conventional augmentation techniques to
them. Based on empirical observations, occluders tend to appear in four spatial positions relative to the object of
interest: top, bottom, left, and right. Therefore, we construct a coordinate set Set ., as follows:
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After selecting occlusion sample , we calculate its height-to-width ratio, denoted as « = H,/W, . If v is less than
2, the sample is considered a horizontal occluder; otherwise, it is deemed a vertical occluder. For horizontal
occluders, a random point from the coordinate set (xy, y:)(zp, ) is chosen as the starting point, and the
augmented occlusion sample is pasted onto the original image to create the final input image % ,ccudeq for the
network. For vertical occluders, the occluder is placed on either the left or right side of the image, forming a
new augmented sample. Figure 4 illustrates the effects of the occlusion sample augmentation strategy, where (a)
represents the original image, and (b) shows the input occluded image.

AL-WIE

After obtaining sufficient occlusion samples, it is crucial to reduce the model’s attention to the occluders. Due
to the quadratic growth in computational complexity of self-attention operations with sequence length in ViTs,
the models exhibit high computational complexity. To address this, some methods**** use non-overlapping
windows and shifting operations to reduce computational load and achieve global modeling, while others®

Fig. 4. Display of occluded images generated by ODAS. The images of pedestrians in this figure are from the
Occluded-DukeMTMC dataset. https://github.com/lightas/Occluded-DukeMTMC-Dataset.

Scientific Reports |

(2024) 14:27242 | https://doi.org/10.1038/s41598-024-76781-4 nature portfolio


https://github.com/lightas/Occluded-DukeMTMC-Dataset
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Convolutional
Tokenization t;

design windowed context self-attention mechanisms combined with global self-attention to expand the
receptive field. However, the former method may hinder inter-window communication since self-attention is
confined within windows. The latter method loses the ability to model multi-scale contexts due to the fixed
number of image patches and constant embedding size. To address this, we propose an AL-WIE that reduces the
computational complexity of self-attention through sparsification at the attention level and models multi-scale
features obtained from different attentions, effectively expanding the model’s perception of visible pedestrian
areas.

The AL-WIE consists of three submodules: the Large-Scale Window Attention Module, the Association-
Aware Adaptive Local Attention Module, and the Interaction Attention Module. Firstly, the Large-Scale Window
Attention Module conducts global context interactions over large-scale window image patches to capture the
spatial relationships among adjacent windows effectively. Secondly, the Association-Aware Adaptive Local
Attention Module exploits the inter-token associative information adaptively to extract pertinent local features
from critical image patches. This mechanism mitigates the impact of occlusion while concurrently reducing the
computational complexity associated with self-attention operations. Lastly, the Interaction Attention Module
integrates the outputs from both branches, facilitating the transmission of inter-window contextual information
to the salient image patches within each window. By synthesizing information across various scales, this module
significantly enhances the model’s perceptual range concerning the visibility of pedestrian areas.

Large-scale window attention

This section follows the setting of ViT, dividing the image into {P;}.’ non-overlapping image patches,

N
i
and applying linear projections to obtain the embedding patches X, € RV*"*¢1 | where C is the channel
dimension. Then, a class token X, is concatenated to accumulate information from other tokens and serve as
the final feature representation for classification. Positional encoding is added to each image patch to help the
Transformer model capture the relative positional information of elements in the input sequence, which is crucial
for understanding context relationships and modeling long-term dependencies in the sequence. Therefore, the
input sequence can be represented as X = [X ., X,] € RVHDxIWxC1

In self-attention, the input sequence X goes through three linear layers to produce query Q, key K,value V
matrices, where Q, K,V € RWTDxWxCt represents the dimensions of these matrices. The Multi-Head Self-
Attention (MSA) operation formula is as follows:

Attention(Q, K, V) = Soft (QKT) \Y% ()
Attention N 5 = Doltmax | ——
’ Vd

Figure 5 illustrates the structure of the AL-WIE. The adaptive local attention branch continues with the output
sequence from the previous encoder layer, while in the window attention branch, tokenization operations are
used to obtain a larger-scale input sequence. Previous tokenization operations often employed linear mappings,
which might not capture low-level features such as edges and corners in images. To better extract low-level
features of image patches, the tokenization operation in the window attention introduces variable convolution
kernels and is applied at different stages of the network. This design helps to enhance the networK’s generalization
ability, allowing it to better adapt to images of varying scales and complexities. For instance, if the window token
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Fig. 5. Architecture of the AL-WIE. The images of pedestrians in this figure are from the Occluded-
DukeMTMC dataset. https://github.com/lightas/Occluded-DukeMTMC-Dataset.
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size i Syindow » and the token size in the original input sequence is S,;,,,,,,,f , this means that one window token
spatially includes num, = (Swindow,/ Swindow)” original input tokens locally.

Based on the above analysis, in the window attention branch, the input { P} }7. isresizedto C' x H x I through
a reshape operation. Subsequently, through the variable convolution tokenization operation ¢;, the three-
dimensional image is divided into window tokens via convolutional operations.

Py = Conv(Reshape({ P; }7\)) (3

The image patches in the window attention branch are denoted as Py = [lem P2, m""“} , where interactions
among all window tokens take place to effectively learn global information while keeping the number of window
tokens minimal. This information covers the contextual understanding of the entire image. Since the windows
are non-overlapping, this branch can also facilitate information exchange among windows. Consequently, the
computation of window features through window attention is given by equation,

Fuy-ysa = [*“(Pu) + MSA(LN(f*(Py))) (4)

where f*() represents the feature mapping of aligned dimensions, MSA stands for MSA, and LN denotes Layer
Normalization.

Association-aware adaptive local attention

In the study of occluded pedestrian re-id, the diversity of backgrounds and occlusions often leads to a significant
decline in model performance. To improve performance, the complexity of models has consistently increased,
consequently raising the computational costs for training and inference. Inspired by the research of Rao et
al?’, which found that pruning away less informative parts, such as small backgrounds, has little impact on
model accuracy, this paper proposes an adaptive sparsification mechanism at the attention level. This approach
helps to reduce unnecessary information interference, thereby accelerating training speed and enhancing the
effectiveness of occluded pedestrian re-identification.

The module consists of two components: one is the Relation-Aware Adaptive Token Selection module; the
other is Sparsification.

Relation-aware adaptive token selection module. In ViTs, all image patches are treated as tokens, and
MSA is used to compute the relationships between every pair of tokens. This inevitably results in computational
redundancy, as not all image patches are meaningful in the MHSA. Furthermore, Caron et al.*® demonstrated
that the class token in ViT tends to focus more on target regions than on non-target areas in the image. To
address this, the present module selects relevant target tokens and filters out irrelevant tokens based on the
correlations between image patches and their contributions to recognition. The selected target tokens are fed
into subsequent encoders for information interaction, effectively preventing the propagation of irrelevant tokens
in the subsequent transformer layers. The proposed module surpasses CNNs by dynamically adjusting its focus
according to input features, enhancing flexibility. Unlike fixed convolution kernels, it targets specific relevant
regions, capturing essential information more accurately. By accounting for interrelationships between image
tokens, it reduces noise and improves performance. This method effectively integrates global information and
captures long-range dependencies, enhancing semantic understanding. This approach avoids the introduction
of additional noise from frequently selecting occluded image patches and utilizes only the discriminative image
patches, which can significantly enhance model performance. The proposed Token Selection module introduces
several improvements built upon the ViT framework.

Let Z € RN+D*C1 be the input sequence of the ViT, where N + 1 denotes the sequence length. The first
image patch is the class token z ., representing global features, while the remaining image patches are referred
to as image tokens image token &, ¢ = [1,2, ..., N].

Zos = Tels; (5)
me,g = [l’imgl; xfm,gQ; xim,gN]
The interaction between the class token and image tokens occurs through the attention mechanism in ViT:
. Q(‘/s‘KT
Attentiony,(Q, K, V) = Softmax 7 V=aeV (6)

Here o € RV, (excluding the attention values of the class token itself) corresponds to the attention values
from the first row to in the attention matrix, as described in Eq. (2). Q,, denotes the query matrix obtained
through the linear mapping of 2, . Since v; originates from the i-th token of V, the attention value «; (i.e., the
i-th element of o ) determines how much information from the i-th token is fused into x;,. Therefore, ov; can be
interpreted as representing the importance of the i-th token for x ;.

The traditional approaches entail computing the average attention score (@), across all attention heads. These
scores are then ordered in descending order, and a top-k strategy is employed to select the top k image patches
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with the highest attention values as target tokens. The remaining image patches are classified as irrelevant tokens,
which predominantly include background features and occlusions. This also results in obtaining the indices
idxop; and idw,.. corresponding to the target and irrelevant tokens. However, in the context of sparse attention
mechanisms for processing long sequences, the strategy of focusing solely on the top K important tokens may
lead to significant limitations. First, this approach may prevent the model from effectively capturing all relevant
contextual information within the long sequence, thereby affecting its performance. Secondly, the selected
target tokens may exhibit a high correlation with certain irrelevant tokens, resulting in the model collecting a
substantial amount of interference information from these unrelated tokens. Therefore, this paper considers the
correlations not only between the class token and image tokens but also between the image tokens themselves.

Specifically, the first column of the attention matrix w (excluding the attention value of the class token itself)
is denoted as 3, which represents the attention scores for the interaction of contextual information among image
tokens. Thus, the interaction attention values y are computed as follows:

y=weBi=12.,N %)

After obtaining the interaction attention values +, the top k image patches with the highest attention scores are
selected as target tokens, following the top-k strategy. The retention rate of the target tokens is defined as I :

I'=k/N (8)

This module does not incorporate any additional parameters, thereby not increasing the parameter count of the
model.

Sparsification

First, the adaptive selection module obtains the indices idz; and idx,.. corresponding to the target tokens
and irrelevant tokens. The adaptive local attention module computes the global attention exclusively among
the target tokens. After a linear mapping, the target tokens are transformed into query, key, and value matrices,
which are calculated using the following formula:

Qu = PoW,, i € idryy; (9)
Ky = PoWy, i € idgy; (10)
Vs = PoW,, i € idzy, (11)

Where W,,W;,W,, denote learnable linear mapping functions.

QAL = [QLLa qzlL7 RS qui\‘j (12)
Kar = [k}—’lLv kib tr kzlzN] (13)
Var = [0hp, V3, "] (14

Compared to traditional self-attention operations, the adaptive local attention module significantly reduces
the amount of noise information by performing attention calculations exclusively among the target tokens,
informed by an interpretive analysis of the attention maps of ViT when handling occlusions®”. Furthermore, to
avoid introducing excessive interfering feature information into the target tokens, this module cleverly omits
the residual connection structure. As a result, the output features contain far less noise information than the
input features, enabling the model to capture key features more accurately in occluded person re-identification
scenarios. Therefore, the computation of adaptive local attention is as follows:

KT
Far—asa = Softmax (QL\/&“> Vs (15)

Interactive attention

In order to incorporate global information encompassing the relationships among larger-scale image patches
into the highly responsive local areas of smaller-scale patches, thereby enhancing spatial discriminative cues and
expanding the model’s perceptual range, this section introduces the concept of Interactive Attention. Specifically,
following the acquisition of outputs from both Adaptive Self-Attention and Window Attention, to facilitate
communication between window tokens and their original counterparts, the globally refined features extracted
via Window Attention serve as a bridge to be relayed back to the original tokens within the window. This process
aims at mitigating the limitations imposed by single-scale features and further diversifying the representation
of pedestrians.

Each window token p!, corresponds to num, original tokens P, _, = [pél?pf;z, ...,pé"“”"o} in the spatial
dimension, where p)’ denotes the i-th original token within the j-th window. Instead of interacting with the
tokens within the window, the window token pi, performs self-attention operations solely with the target
tokens pi/, j € idzq; » following the adaptive local attention framework. This design allows global contextual
information to be transmitted only to the tokens containing pedestrian information, thereby reducing the
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similarity between the tokens containing pedestrian information and those containing noise information, such
as occlusions, which enhances the network’ focus on the target pedestrian areas.
Specifically, the query vector Q) = [¢)',¢}% ...,¢}"j € idxy,;] is computed from the original
2

tokens pi/, j € idx,,; within the window. The key vector K! = [k,,ll,,k“,, k,,\/ num”} and value vector

Vi = [v}l, V2 v/ are computed from the window tokens, as illustrated in the following process:
f;-’j = BN [linear(FAL_MSAﬂ (16)
K = BA\I[hnear(E\L_I\ISA)} (17)
Vf‘. = BN [linear(R\L_MSA)] (18)

where BN denotes a batch normalization layer, and linear represents a linear layer. The vectors Q%/, K’ , undergo
matrix multiplication to obtain the adaptive local-window weights, which are then normalized using a Softmax
layer. The normalized weights are multiplied by the value vector V, to yield the adaptive-window attention

interaction features F};  within a single window, as described in Eq. (19):

. L T\
L—w = Softmax (Q‘)\/EW) V., (19)

where d represents the dimensionality of the query vector, and i, j denotes the j-th image patch within the i-th
window. Finally, all the obtained adaptive-window attention features are concatenated in the spatial dimension,
and a multilayer perceptron is applied to enhance the features, resulting in the final output features F4;_,, of the
AL-WIE module. It is noteworthy that, aside from layer normalization, the weights between window attention
and adaptive local attention are shared. Therefore, the number of parameters does not significantly increase
compared to a standard Transformer encoder.

Analysis of complexity
In this section, we discuss the complexity of the AL-WIE, which consists of three components: window attention,
Association- Aware adaptive local attention, and interaction attention. We will analyze the complexity of these
three components one by one.

For window attention, we divide the original tokens into n segments. Therefore, the window attention
includes & original tokens, and with n windows, the computational complexity of window attention is given by:

o((g)tn)

In the case of adaptive local attention, after obtaining the interaction attention values, we select the top & image
patches with the highest attention values (top-k strategy) as the target tokens and the retention rate of the target
tokens be denoted as I'. Thus, the computational complexity of adaptive local attention is:

O ((r-N)?)

Interaction attention refers to the interaction between adaptive self-attention and window attention. It is
noteworthy that, in this paper, the window attention and adaptive local attention share weights, except for layer
normalization. Consequently, the overall computational complexity of interaction attention is:

OT-n-N)

Therefore, the overall time complexity is :
O((N*/n) + ('N)?) + I'nN).

Furthermore, in this paper, the image size is 256 x 128, and the patch size is 16 x 16, The window attention is
divided into n=4 segments. This results in N=128, and the retention rate is set to 0.7. Substituting these values
into the formulas, we get the following computational complexities: O(0.74N? + 2.8N).

Compared to the full self-attention operation, which has a computational complexity of O(N?), the proposed
method reduces the computational complexity by approximately 25%. This reduction in computational
complexity demonstrates the efficiency of the AL-WIE, making it a more computationally feasible solution while
maintaining a high level of performance.

LHE
Although the ViT excels at utilizing global features to achieve effective recognition performance, in the context
of occluded pedestrian re-identification, critical information often relies more heavily on local features. Previous

Scientific Reports |

(2024) 14:27242 | https://doi.org/10.1038/s41598-024-76781-4 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

- — —— =
— @
“é @ @ o ) (: Token
: M@ [ 2 @
: 18 8l i S
% @ = (: CLS
I (a)
— . (@ — .[O _ )
8 13 Q| 7 EHES
: @l 2 |18 ] Lo
s Ol g =) 2l |22 Lns
e |18 s | (O || .[EHES
= (:) Z 12 — 12 ]
= g OLlsl] & |§| -
i S| E Bl gréta
input g — O — —»D — J
§ - — = (v) )

Fig. 6. Improvement diagram of local feature learning module for person re-identification. The images of
pedestrians in this figure are from the Occluded-DukeMTMC dataset. https://github.com/lightas/Occluded-D
ukeMTMC-Dataset.

Transformer

Transformer

Fig. 7. Architecture of the LHE.

works!®* have only horizontally partitioned these local features, as depicted in Figure 6a. However, they fall
short in capturing ideal local features. While the input to a Transformer encoder is a one-dimensional sequence,
from an image processing perspective, it can be viewed as a sequence of two-dimensional image patches, thus
maintaining spatial associations among the sequence elements. In other words, not only do adjacent image
patches exhibit strong correlations, but due to the presence of a two-dimensional space, certain patches that are
further apart also share a degree of spatial correlation.

Inspired by®, this paper proposes a LHE, illustrated in Fig. 7. Contrary to the strategy of merely horizontally
segmenting local features, the LHE recursively divides the image sequence, extracting spatially correlated features
from distinct local regions under the guidance of global semantics. As the hierarchical structure deepens, the
diversity of fine-grained cues is captured, significantly enhancing the discriminability of local features.

Specifically, the input to the LHE is denoted as Fj, = [Xus, X1, X2, ..., Xy] . First, the class token is
separated, resulting in a new sequence of image patches Fjqc;, = [X1, X2, ..., Xn]. Let us assume that the LHE
[LHE',LHE®, ..., LHE"] , divides the sequence in LH E}, into 2" parts, thereby introducing a hierarchical
partition for different local features. Specifically, the hierarchical partitioning of the sequence is illustrated as
follows:

Fl

patch —

X, X1, Xo, .. ~7XN/2’~‘:| (20)
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Fren = |:X(N+1)/2k7 X(nvio)/2t X(nvagybs - - - vX(zw)/%'] (21)
F]ﬁztclh - [X(((k—Q)N+1)/2"')7 X(((kf-'zm#z)/‘zk')v X(((k—"Z);\%S)/‘Z"‘)v e 7X((k—1)N)/2"‘] (22)
Foen = [X(((kq);\efﬂ)/%)v X((k-1)Ns2)/20) X(((k-1)N3)/28)> - - - aX((kq);\f)/zk} (23)

For the locally segmented image patch sequence I , ;i ., k obtained from the hierarchical partitioning
of LHK", the class token X! € R output from layer LH K is concatenated with F) ;. to guide fine-
grained feature learning. Add1t10nally, a new class token X _is appended to F Jateh 1O summarize contextual
information. Consequently, the input sequence to the k-th local hierarchical encoder is represented as:

k-1 ; .
Fl = [X X(ls? pm‘(h:l U= 1727"'?k' (24)

n cls

Subsequently, F}, is processed through a MSA mechanism and a multi-layer perceptron to construct local
hierarchical features, with the computational process detailed as follows:
Fipg! = fH5(F,) + MSA(LN(f*5(F,)))

. in ; (2 5)

Fiyp = Fiyp + MLP(LN(Fypz1)
Here, Fyj(e) represents a linear mapping, and Fj}p is the output of the local hierarchical encoder .
i=1,2,...,k.. Then, the class token X% from the k outputs of F ;.. That is separated out as the final local
feature representatlon

Objective function

This section introduces the loss functions used for training the network. To ensure that the model learns identity
information while emphasizing the relative relationships between images, a combination of cross-entropy loss
and triplet loss is employed, thereby constructing a multi-task learning framework. Specifically, cross-entropy
loss is used to measure the discrepancy between predictions and true labels. In this study, different classifiers are
employed to train the local and global features, with each classifier comprising a fully connected layer followed
by a Softmax layer, which converts the model outputs into a probability distribution. The formula for cross-
entropy loss is as follows:

_ op(WiF,) L ep(WiF)
ter =i = (S (o) o (o) @0

Here, k denotes the number of partitions for local features, B represents the number of images in a batch, W is
the linear mapping matrix, and y; denotes the corresponding labels. F},, and Fy; represent the local and global
feature representations, respectively. Furthermore, the proposed method utilizes triplet loss to encourage the
model to learn discriminative feature representations and to enhance its sensitivity to similarities. The formula
for triplet loss is

Ly = max(0, p + ||Fo — Fylla — | Fo — Full2) (27)

where F,, F), and F), , refer to the anchor, positive sample, and negative sample, respectively, and p is a
hyperparameter that regulates the distance between positive and negative samples.

In summary, the overall loss function is computed as follows:

El‘otal = £CE + £tri (28)

Experimental results and analysis

Experimental setup

The network proposed in this paper is deployed in the PyTorch 1.11.0 framework and trained and tested using
a single RTX A100 GPU. The method employs ViT as the backbone network, which segments the input images
256 x 128 into patches of size 16 x 16. The batch size is set to 32, with each batch containing 4 images of the
same identity. Following the standard settings of ViT-base, the backbone network has a depth of L = 15 layers.
In layers 1 to 9, the tokenization operation ¢; segments the images into patches of size 64 x 64, while in layers
10 and 11, the patch size is set to 32 x 32 . Additionally, the target token retention rate + is configured to 0.7
to select image patches with high attention response. Feature learning is constrained using ID loss and triplet
loss. For triplet loss, a hard positive and a hard negative sample are selected for each sample in the mini-batch
obtained through PK sampling, forming triplets with p set to 0.3. The number of LHE stacked layers is set
to 4. The training process is end-to-end, utilizing the Adam optimizer to minimize the system loss function.
The network is trained for 160 epochs with an initial learning rate of 0.008. A warm-up strategy is employed,
linearly increasing the learning rate before epoch 5, followed by cosine decay. The model converges within 120
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Method Rankl | Rank5 | Rank10 | mAP
Baseline 67.1 81.2 85.6 59.4
Random pasting 68.5 82.1 86.9 60.9
Horizontal occlusion | 69.2 82.4 87.6 61.3
Vertical occlusion 68.9 82.1 87.4 61.1
Ours 69.6 82.7 88.1 61.6

Table 1. Comparison of different occlusion strategies.

Index | Baseline | ODAS | AL-WIE | LHE |R-1 |R-5 |R-10 | mAP
1 NV 60.7 | 77.6 | 82,9 |523
2 v v 624 |77.1 |83.1 |5438
3 Y v 63.5 | 78.8 | 83.5 |563
4 NV v |628 [783 |828 |567
5 IV v v 684 | 815 | 856 |60.5
6 NV v v 1656 790 |839 |57.5
7 v v v |67.1 [812 |856 |594
8 NV v v v |69.6 827|881 |616

Table 2. Ablation experiments of each module in AIRHF on Occluded-DukeMTMC (%). The best
performance values are in bold.

(2) VPM (3) AP-Net (4) 1GOAS (5) OAMN (6) Ours

Fig. 8. Data augmentation contrast effect diagram. The images of pedestrians in this figure are from the
Occluded-DukeMTMC dataset. https://github.com/lightas/Occluded-DukeMTMC-Dataset.

epochs. During inference, all local and global features output by the network are concatenated along the channel
dimension to form a one-dimensional feature vector, representing the pedestrian re-identification (Table 1).

In order to conduct an objective evaluation of the proposed method, a comparative analysis is performed with
state-of-the-art occluded pedestrian re-identification techniques using the extensive Occluded-DukeMTMC
dataset https://github.com/lightas/Occluded-DukeMTMC-Dataset, the Occluded-ReID dataset https://cs.paper
swithcode.com/dataset/occluded-reid, as well as the well-established Market-1501 https://github.com/sybernix/
market1501 and DukeMTMC-RelD https://drive.google.com/file/d/1j;E85dRCMOgRtvJ5RQV9-Afs-2_5dY30
/view pedestrian re-identification datasets.

Analysis of AIRHF-net effectiveness
Effectiveness of ODAS
The experimental results comparing indices 1 and 2 in Table 2 demonstrate that the incorporation of ODAS
into the baseline network improves the rank-1 accuracy by 1.7% and the mAP by 2.5%. This indicates that
introducing an occlusion sample augmentation strategy allows the model to better adapt to various occlusion
scenarios that may occur in the real world. By including occlusions in the training data, the model can learn
more robust features, thereby enhancing its ability to handle occlusions during testing and ultimately improving
its performance in practical applications. Figure 8 illustrates the comparison of the proposed algorithm with
other data augmentation methods. From the results, it can be seen that the proposed ODAS is closer to real-
world scenarios, which is very positive for enhancing algorithm performance.

In our experiments, we have included a comparative analysis of various data augmentation strategies,
specifically comparing RE, VPM, AP-Net, IGOAS, and OAMN (Fig. 9). The experimental results indicate
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that our proposed method outperforms the other methods, showing a significant performance advantage.
Specifically, our method achieved high scores of 61.6% and 69.6% at two metrics, which are the highest among
all the compared methods. This not only highlights the superior performance and reliability of our method
for this task but also reflects its effectiveness. The primary reason for this is that, from a practical perspective,
occlusions most commonly occur at the legs, sides, and above pedestrians. This suggests that our method is more
closely aligned with real-world scenarios, thereby enhancing its overall performance.

The ablation study on data augmentation, as shown in Table 1, compares random occlusion, horizontal
pedestrian occlusion, vertical pedestrian occlusion, and the proposed method of occluding from top, bottom,
left, and right. The experimental results indicate that the horizontal occlusion method achieves a rank-1
accuracy and mAP of 69.1% and 61.3%, respectively, which are 0.5% and 0.3% lower than those of the horizontal
occlusion method. Furthermore, the proposed method, which involves pasting to create occlusions from all four
sides, improves the performance over the baseline by 2.5% in terms of rank-1 accuracy. This demonstrates the
effectiveness of the proposed MASK strategy. The primary reason for this is that, from a practical perspective,
occlusions often occur at the legs, sides, and above pedestrians, indicating that our method is more closely
aligned with real-world scenarios, thereby enhancing the overall performance.

Effectiveness of AL-WIE

The AL-WIE module proposed in this paper aims to reduce the computational complexity of ViTs while
effectively modeling more discriminative global features. There are various approaches to reduce computational
complexity: the most straightforward solution is to decrease the embedding dimension, which may result in
the loss of some detailed information. Additionally, reducing the number of attention heads is also a commonly
used method; however, each head attends to different positions and features of the input sequence, which may
compromise performance. In contrast, this paper adopts a different approach through the AL-WIE module by
filtering out useless redundant features, thereby enhancing the capture of discriminative features. As shown
in the results of Table 2, Index 3 achieves a 2.8% improvement in the rank-1 metric compared to Index 1,
which uses only the baseline. Additionally, the computational complexity of AL-WIE is lower than that of a
conventional Transformer encoder.This indicates that the proposed adaptive screening method can, to some
extent, select more discriminative features and reduce feature redundancy, thereby lowering complexity. The
comparison between Index 5 and Index 2 reveals a substantial enhancement in model performance, indicating
that in the context of a large-scale occlusion dataset, the AL-WIE module can effectively improve the network’s
ability to perceive occlusions and construct more discriminative global feature representations.

Although sparse attention mechanisms can enhance computational efficiency, their advantages may diminish
when processing long sequences. Long sequences often carry complex contextual information, some of which
may be essential for understanding the content. Under sparse mechanisms, the model may fail to adequately
capture all critical contextual information within long sequences, resulting in significant performance
degradation. To verify that the proposed AL-WIE can further address this issue under sparsification, we compare
the performance of our method with the classic sparsification strategy, top-K, on the Occluded-DukeMTMC
Dataset. As shown in the Fig. 10, our method achieves improvements of 1.2% and 0.5% in rankl and mAP
metrics, respectively, compared to the top-K strategy. This performance enhancement demonstrates that the
adaptive token selection module based on relation awareness can effectively mitigate the information loss caused
by sparsification by considering both the correlation between class tokens and image tokens, as well as the
correlations among image tokens.

Effectiveness of LHE

The experimental results from indices 4, 6, and 7 in Table 2indicate that the addition of the LHE module further
enhances model performance. The reason for this phenomenon lies in the fact that stacking LHE allows for the
further extraction of discriminative local features under the guidance of global semantics. Additionally, as the
number of segmented local features increases, this approach is more beneficial for capturing diverse fine-grained
cues. In contrast, traditional hard segmentation of local features undermines the spatial correlations among

those local features.
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Fig. 9. The performance comparison of different data augmentation methods.
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Fig. 10. The comparison of our method with the performance of the framework based on top-K sparsification.

Variants | [S], 59,53, 54] | FLOPs (G) | Rank-1 | mAP
Vl [11,0,0,0] 10.84 68.1 59.8
Vs [11,0,0,0] 14.31 68.7 60.7
Vs [11,0,0,0] 16.03 68.4 60.3
V4 [2,9,0,0] 11.14 68.4 58.8
V5 [0,9,2,0] 12.45 69.6 61.6
\A [0,9,0,2] 15.46 69.7 61.5

Table 3. Ablation experiment on the size of patches divided by tokenization operation. The best performance
values are in bold.

Occluded-
DukeMTMC Params | FLOPs

Methods | k | Rank-1 | mAP | (M) (G)
- |60.7 52.3 | 87.36 17.56
61.1 53.7 |98.33 19.79
61.9 56.3 | 108.67 |20.93
62.8 56.7 | 115.19 |21.41
63.1 56.8 |121.50 |22.38
10 | 63.0 56.6 |123.20 |24.10

—_

Baseline
+ LHE

| N

Table 4. Ablation experiments of LHE stacking layers. The best performance values are in bold.

Ablation experiment on image patch size from tokenization operations

In CNN architectures, shallow layers typically emphasize features with maximum spatial dimensions and minimal
channel dimensions, gradually increasing channel dimensions while decreasing spatial dimensions. This design
philosophy enhances the networK’s generalization capabilities. Consequently, we modified the tokenization
operation ¢; within the AL-WIE module to yield five variants, as presented in Table 3, while maintaining a
constant depth of 11 layers for the AL-WIE stack. Different tokenization operations can produce image patches
of various sizes, as shown in Table 3, where S indicates an image patch of size 128 x 128 derived from the
tokenization operation ¢; , with S, S, S3,Ss sequentially halving this size. Notably, [11, 0, 0, 0] represents
window token sizes of 128 x 128 across all 11 layers of AL-WIE.

The results indicate that reducing the size of the image patches increases the floating-point computational
load. Moreover, decreasing the patch size in subsequent layers aids in enhancing matching accuracy. Considering
a balance between computational requirements and model precision, this study concludes that V5 represents a
reasonable compromise.

Ablation experiment on the recursive stacking depth of the LHE module

In the LHE module, a recursive stacking approach is employed to delineate local features at different hierarchical
levels, enabling the model to learn more optimal local features under the guidance of global semantic information.
The results of the ablation experiment are shown in Table 4. As the number of LHE stacked layers increases, the
rank-1 accuracy improves significantly. Furthermore, it is observed that with the enhancement in performance,
both the model parameter count and floating-point computational load also increase. For example, when k
= 2, the rank-1 metric improves by 1.2%, but there is a corresponding increase in both the model parameter
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count and floating-point calculations compared to the Baseline. To achieve a balance between accuracy and
complexity, the value for the LHE stacking depth is set to 4.

Comparative experiments

To validate the performance of the proposed model in the pedestrian re-identification task, a series of experiments
were conducted. This study specifically focuses on occluded pedestrian re-identification datasets, local pedestrian
re-identification datasets, and complete pedestrian re-identification datasets. A detailed experimental protocol
was designed, and comparisons were made with other methods. The compared methods include both classical
approaches and representative research ideas from the past three years. Overall results indicate that the proposed
network achieved outstanding performance across all three datasets.

Comparison of occluded pedestrian re-identification methods

Table 5 presents the experimental comparison results of the AIRHF method against other approaches on the
Occluded-DukeMTMC dataset. The methods included in the comparison are categorized into three groups: the
first group employs horizontal segmentation and alignment to extract local features of pedestrians; the second
group consists of methods for augmenting occluded samples; and the third group is based on mainstream
network models such as ViT. As shown in the results in Table 5, the proposed AIRHF method achieved a rank-1
accuracy of 69.6% and mAP of 61.6%. Compared to existing state-of-the-art methods, the proposed approach
demonstrates superior performance. In the first group, PCB and Adver Occulded effectively mined different
local features through horizontal partitioning, achieving commendable performance. This further validates the
rationale behind focusing on local feature learning in pedestrian re-identification research. In the proposed
method, the AL-WIE constructs meaningful sequences, while the LHE progressively extracts multi-granularity
local features under the guidance of global descriptors. This approach aids in better capturing local details within
the images.

Compared to the second group of methods that enhance data diversity, the proposed model simulates
realistic occluded scenarios by pasting actual occlusions onto the original images, ensuring that the same batch
of data contains consistent occlusions to maintain data integrity, thereby attaining superior performance. When
compared to DNL+BED', the rank-1 accuracy and mAP are enhanced by 1.4% and 4.0%, respectively. While
traditional approaches help mitigate the risk of overfitting, their generalization capability is relatively weak
when confronted with diverse occlusions, which is a significant performance bottleneck. Thus, simulating more
realistic occlusion scenarios is crucial for pedestrian re-identification research. Methods based on Transformer
architectures are inherently designed to extract features with global relevance; however, they do not effectively
utilize the local feature correlations within image sequences. The proposed method adaptively mines important
information regions within images and improves the network’s ability to extract context features at different
scales. During the local feature extraction phase, recursive partitioning of the image sequences generates
hierarchical features for distinct local traits, effectively reducing the similarity among local features and

Occluded- Occluded-

DukeMTMC | REID
Methods Rank-1 | mAP | Rank-1 | mAP
Part Aligned*’ 28.8 202 |- -
MGN#! 41.2 334 |- -
PCB + RPP* 42.6 33.7 | 413 389
Adver Occulded® | 44.5 322 |- -
IGOAS* 60.1 494 |- -
OAMN*? 62.6 46.1 | - -
DRL-Net!® 65.8 539 |- -
DNL + BED* 68.4 572 | - -
Pirt? 60.0 509 |- -
PATY 64.5 53.6 |81.6 72.1
pVT#® 65.5 57.6 |79.1 74.0
PAFormer? 66.4 604 |- -
TransReID" 66.5 57.4 | 84.2 78.7
AAFormer™® 67.0 582 |- -
LoGoViT®! 67.4 614 |- -
FED? 67.9 56.3 |86.3 79.3
MVI2p*2 68.6 573 |- -
ViT-SPT*% 68.6 574 |86.8 81.3
PVT*8 69.0 61.2 |83.3 77.5
Ours 69.6 61.6 | 86.8 80.2

Table 5. Comparison with state-of-the-arts on the Occluded-DukeMTMC and Occluded-REID dataset (%).
The best performance values are in bold.
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significantly enhancing their distinguishability. When compared to AAFormer®’, our method improves the

rank-1 metric by 2.6%, demonstrating a stronger focus on local feature learning, particularly showcasing its
best performance on the Occluded-DukeMTMC dataset. Compared to the latest Transformer-based methods,
MVI2P*32, ViT-SPT**? , and PVT**, our method achieves improvements of 1%, 1%, and 0.4% respectively in
the Rank-1 metric. These performance gains are primarily attributed to the synergistic contributions of the three
modules proposed in this work.

Comparative experiments of local pedestrian re-identification Methods

To further evaluate the effectiveness of the proposed AIRHF method, comparative experiments were conducted
on two local datasets. The Partial-ReID dataset is specifically designed to investigate the problem of local
pedestrian re-identification, where pedestrian images are divided into multiple local regions, each of which may
be subject to occlusion. The Partial-ilIDS dataset aims to address pedestrian re-identification under conditions
where local regions exhibit occlusions due to obstructing objects. In this context, more discriminative local
features are essential for local pedestrian re-identification tasks.

Methods based on CNNs and ViTs often struggle to maintain optimal accuracy across local datasets. In
contrast, our proposed method takes into account the issue of uneven sample distribution by designing an ODSA
process to ensure the quality and diversity of generated samples. Additionally, the AL-WIE and LHE modules
implemented in our method place greater emphasis on the partitioning of local regions and the robustness of
local features.

Due to the limited number of images in the aforementioned datasets, Market-1501 was utilized as the
training dataset for evaluation. As presented in Table 6, the rank-1 accuracy of AIRHF on the Partial-ReID
dataset reached 87.3%. Notably, our method even outperformed those utilizing external cues. In summary, the
proposed model demonstrates exceptional performance on local pedestrian re-identification datasets.

Comparative experiments of complete pedestrian re-identification methods

In complete pedestrian re-identification datasets, the considerations of occlusions or other local information
deficits are typically absent; therefore, it is crucial to evaluate the proposed method on non-occluded datasets.
Table 7 presents the performance of AIRHF on the Market-1501 and DukeMTMC datasets. The methods
compared can be categorized into four groups: methods based on global features (SFT°%, Circle®, and IANet®),
methods based on local features (PCB*2, AWPCN®!, VPM®? ), methods relying on external cues (Pirt?,
HOReID*, PGFA®?), and methods based on Transformer architectures ( AAFormer’, FCFormer!®, ViT-SPT*>3
MVI2P*52).

When compared to IANet from the first group, the proposed method demonstrates improvements of 1.0% in
rank-1and 5.6% in mAP metrics on the Market-1501 dataset. Furthermore, the performance surpasses that of the
advanced method AWPCN from the second group by a substantial margin. This indicates that hard partitioning
may not perform well when handling occlusions and is sensitive to pose variations; if part of a pedestrian is
occluded, the partitioned region may fail to encompass vital information pertaining to the individual.

The LHE designed in this study performs recursive partitioning of the image sequences, allowing for different
levels of local features to represent distinct semantic regions. Guided by global semantic information, it extracts
more discriminative local features, in contrast to the traditional hard partitioning approach.

In comparison with the externally cue-dependent HOReID method, our approach achieves improvements
of 1.2% in rank-1 and 3.8% in mAP, signifying that it achieves superior performance without relying on external
semantic information or additional cues. Additionally, when compared to Transformer-based methods, AIRHF
exhibits competitive results.

Complexity analysis

The ViT has demonstrated significant success in pedestrian re-identification due to its capacity to model long-
range dependencies and effectively construct global feature information. However, its model parameters and
computational complexity are substantially greater than those of mainstream Convolutional Neural Networks

Partial-ReID | Partial-iLIDS
Methods Rank-1 | mAP | Rank-1 | mAP
g’;’ﬁ;earsq 577|593 |- -
PCB+RPP* | 66.3 63.8 |- -
Il:?th;SA 81.3 - 73.6 85.4
FRR% 81.0 76.6 |- -
PFT¥ 81.3 79.9 | 74.8 87.3
FED? 83.1 80.5 |- -
HOReID?” | 85.3 - 72.6 86.4
OAMN!? 86.0 - - -
Ours 87.3 80.6 |79.8 87.4

Table 6. Comparison with the state-of-the-art methods on the Partial-ReID and Partial-iLIDS datasets. The
best performance values are in bold.
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Market-1501 | DukeMTMC

Methods Rank-1 | mAP | Rank-1 | mAP
SFT*® 93.4 82.7 |86.9 732
Circle* 94.2 849 |- -
IANet® 94.4 83.1 |87.1 734
PCB* 92.3 774 |81.8 66.1
AWPCN®! 94.0 82.1 |85.7 74.1
VPM® 93.0 80.8 |83.6 72.6
Pirt® 94.1 86.3 |88.9 77.6
HOReID*’ 94.2 849 |86.9 75.6
PGFA® 91.2 76.8 |82.6 65.5
ViT-SPT** 94.5 86.2 |89.4 79.1
PATY 95.4 88.0 |88.8 78.2
DRL-Net!® 94.7 86.9 |88.1 76.6
FCFormer'® 95.0 86.8 |89.7 78.8
MVI2p*2 95.3 879 |- -
AAFormer® 95.4 87.7 |90.1 80.0
QOurs 95.4 88.7 |90.5 81.7

Table 7. Comparison with the state-of-the-art methods on the Market-1501 and DukeMTMC-RelD datasets.
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Fig. 11. Comparison of model complexity on the Occluded-DukeMTMC dataset.

(CNNs). Therefore, designing a lightweight re-identification model is essential. This study compares the
proposed method’s complexity and accuracy with prior research based on ViT, including DenseFormer®4, Pirt?,
TransReID!? , HAT?, PFD®, AAFormer>’, and TRSDF%.

To ensure fair experimental results, all ViT implementations were set to the base type. As illustrated in Fig.
11, the comprehensive performance of AIRHF surpasses that of the other methods. Specifically, the proposed
method achieves a floating-point computation volume that is 54% and 51% of that of Pirt and AAFormer,
respectively, while improving rank-1 accuracy by at least 1.5%. Although it exhibits slightly lower performance
than PFD, the proposed method reduces both the parameter count and floating-point computation volume
compared to PFD by 21% and 66%, respectively.

In contrast to overly subjective manual design strategies for attention sparsification, our algorithm
introduces AL-WIE, which decreases computational overhead while simultaneously mitigating the network’s
focus on occluded regions. In summary, our method not only achieves outstanding matching accuracy but also
demonstrates strong advantages in terms of complexity.
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Visualization analysis
In this section, we analyze the proposed method from two perspectives: attention mechanism visualization and
ranking results visualization.

1. Attention Heatmap Visualization: As shown in Fig. 12, (a) displays the original image, (b) represents the
heatmap based on the Vision Transformer, and (c) illustrates the heatmap generated by the proposed AIR-
HF method. This section presents a comparison of the attention heatmaps between the proposed AIRHF
algorithm and the baseline network, the Vision Transformer model. The AIRHF method, by considering
the importance of image patches and utilizing aLHE, demonstrates a significant improvement in extracting
discernible features of pedestrians compared to the traditional Vision Transformer model, particularly when
it comes to items like backpacks. Additionally, it effectively reduces the network’s focus on occluded infor-
mation.

2. Visualization of Pedestrian Image Retrieval Results Ranking: The ranking results of the proposed method
are illustrated in Fig. 13, where the far-left image represents the query image, and the right side displays the
10 closest matching results. Green indicates correct retrieval results, while red signifies incorrect ones. The
results demonstrate a high level of accuracy in the retrieval outcomes. From the results, it is clear that the
overall performance of the algorithm is quite good; however, it occasionally makes errors when faced with
complex backgrounds or when pedestrians have a high degree of similarity. These errors are likely attrib-
uted to feature loss during the processes of sparsification and feature selection. In summary, although the
proposed method performs well under typical conditions, the inherent trade-off between computational
efficiency and feature retention signifies some degree of information loss. This may lead to occasional mis-
identifications under challenging conditions. Future work can focus on alleviating these issues to further
enhance the robustness of the system.

Conclusion

This paper presents a local representation learning algorithm based on feature fusion. The algorithm includes the
ODAS, AL-WIE, and LHE modules. The ODAS module constructs a set of occlusions to ensure that they do not
appear in the test set, thereby augmenting the training dataset by pasting them onto the original images, which
enhances the network model’s ability to perceive occluded information.

Furthermore, compared to previous sparse attention approaches, the proposed AL-WIE is more suited for
the research of occluded pedestrian re-identification. As the network training progresses through iterations, the
attention interaction gradually focuses on crucial image patches, achieving a balance between performance and
computational cost. Additionally, AL-WIE incorporates multi-scale information into image patches of varying
sizes, enabling it to adaptively capture different scale information present in the input images.

The LHE module is subsequently introduced to extract spatial correlation features of sequences under the
guidance of global semantics, while hierarchical feature learning is employed to mine discriminative local
information. Finally, comprehensive experiments were conducted on large-scale datasets, demonstrating that
the proposed model relies on a relatively low amount of computation and trainable parameters, providing
insights and references for applications with high real-time requirements.

“
(a) (b) (c)

Fig. 12. Attention heatmaps based on different Vision Transformer model. The images of pedestrians in this
figure are from the Occluded-DukeMTMC dataset. https://github.com/lightas/Occluded-DukeMTMC-Datase
t.

(a) (b) (c)
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Fig. 13. Schematic diagram of sorting results. The images of pedestrians in this figure are from the Occluded-
DukeMTMC dataset. https://github.com/lightas/Occluded-DukeMTMC-Dataset.

Data availability

The datasets generated and/or analyzed during the current study are available in this repository. https://github.c
om/ggsszz123/Person-reid-Dataset . Specific contents include: Occluded-DukeMTMC: https://github.com/light
as/Occluded-DukeMTMC-Dataset. Partial-ReID:url:JDAI-CV/Partial-Person-ReID(github.com) Partial-iLIDS
: https://drive.google.com/file/d/1IErCEQsNHSHpgZF3-NNj6_OH322vpk8gn/view?usp=sharing Market-1501:
https://github.com/sybernix/market1501 DukeMTMC:https://drive.google.com/file/d/1jjE85dRCMOgRtv]5R
QV9-Afs-2_5dY30/view.
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