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Abstract
Shoeprint retrieval is an important component of footprint identification, where it
searches for shoe information with the same footprint texture in a shoe database
based on the footprints at the crime scene. In most cases, criminals do not leave their
shoes at the crime scene, which means that a shoeprint retrieval is necessary to
identify the suspect based on their footprints. However, due to the complexity of
crime scenes, shoeprint images often suffer from problems such as blending of the
shoe sole patterns with the background, image fragmentation, and acquisition
differences, making accurate matching challenging. To address these issues, this
paper proposes a shoeprint retrieval network based on a composite attention
mechanism (CASN) that features a decoupled and disentangled enhanced position
attention module (DEPAM) and a grouped channel attention module (GCAM).
Specifically, the DEPAMmodule decouples highly coupled input information into
salient texture information and whitened area similarity information, while the GCAM
module captures long-range contextual information in the channel dimension. We
introduce a spectral difference orthogonality regularization term to reduce the
correlation between features, and then describe the network training method and
parameter settings. Finally, by conducting comparative and ablation studies, we
confirm the effectiveness of our proposed algorithm and its components, with our
CASN achieving outstanding performance on the FID-300 dataset, securing top
cumulative matching scores across the board except for Rank1%.
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1 Introduction
Shoeprint retrieval is one of the preliminary tasks in crime scene footwear identification.
Forensic investigators must first identify the type and brand of shoes worn by the suspect
to collect their footprints and determine the actual perpetrator. Since shoeprint retrieval
only focuses on the texture information of the footprint, footprint images are also called
shoeprint images in shoeprint retrieval tasks. In most cases, criminals do not leave behind
the shoes they wore during the crime, so to identify suspects based on footprints, it is
necessary to first retrieve the shoes worn by the criminals through their footprint textures.

Traditional shoeprint retrieval algorithms are mainly divided into three categories based
on the types of extracted features: global feature-based shoeprint retrieval algorithms,
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region feature-based shoeprint retrieval algorithms, and interest point feature-based
shoeprint retrieval algorithms.

• Global feature-based shoeprint retrieval algorithms treat shoeprint images as a whole
[1]. Some researchers consider shoeprint retrieval as a geometric shape recognition
problem and use geometric moment invariants to describe shoeprint images [2–4].
These methods have shown good performance on high-quality shoeprints using
geometric moment invariants. Fourier transform is an excellent image representation
method, especially in the field of frequency domain image analysis, so it is widely used
in shoeprint retrieval [5–7]. However, the Fourier transform cannot perform local
analysis. To overcome this limitation, some shoeprint image retrieval methods adopt
the Gabor transform [8, 9].

• Region feature-based methods usually divide shoeprint images into different regions
and then extract features from each image region [10–23]. These methods describe
shoeprint images from a local perspective but do not describe the shoeprint images
on a global level. These methods perform well in handling partial shoeprint images
and shoe soles with periodic patterns. However, these methods may ignore the global
features of shoeprint images, and some methods may fail to handle changes in image
translation and rotation, resulting in recognition failures. Therefore, region
feature-based methods have certain limitations in shoeprint retrieval.

• Interest point feature-based methods [24–28] are also commonly used for shoeprint
image retrieval. They can be applied not only to shoeprint image retrieval, but also to
many other tasks such as object recognition, classification, scene classification, and
object detection. This method first detects interest points in the image and then uses
local features to describe these interest points for shoeprint retrieval. These methods
have good robustness and can adapt well to rotation, translation, and scale changes.
Overall, interest point feature-based shoeprint retrieval algorithms have a certain
degree of accuracy and robustness, but their performance may be affected by the
detection of interest points.

In recent years, with the rapid development of deep learning, many tasks have been tack-
led using deep learning [29, 30]. More researchers have started to use convolutional neural
networks to extract features from shoeprint images. This feature extraction method has
stronger discriminative power when facing low-quality footprint images. Kong et al. [31]
used convolutional neural networks to extract deep features of shoeprint images and then
used multi-channel normalized cross-correlation methods to match these deep features.
This method was tested on the publicly available FID-300 dataset [16], and the matching
accuracy of the top 20% in the ranked list was about 94.0%. Zhang et al. [32] fine-tuned the
parameters of the VGG-16 network using an extended shoeprint image database and then
used the fine-tuned network to extract features. The test results showed that the top ten
matching accuracy was about 88.7%. Ma et al. [33] proposed a new multi-part weighted
convolutional neural network for shoeprint image retrieval. This method vertically divides
the input image into two parts, extracts sub-features separately through a shared param-
eter network and finally concatenates them using a triplet loss function to measure the
similarity between query images and database images. The experimental results on the
FID-300 dataset showed that the accuracy of the top 10% rankings was about 89.8%.

Although the above-mentioned methods achieve certain results in extracting shoeprint
features using convolutional neural networks, applying convolutional operations to the
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entire image may cause the loss of some local detail information, which may affect retrieval
accuracy. There are still some issues:

• Insufficient local detail information: Due to the complex background of the crime
scene, shoeprint images are often contaminated with various noises, and the shoe sole
patterns blend with the background. In such cases, clear local textures become crucial
for retrieval. However, directly applying convolutional operations to the entire image
may cause a loss of local detail information, thereby affecting retrieval accuracy.

• Lack of long-distance correlation: In crime scenes, there is a high probability of
incomplete shoeprint images, and there is a higher similarity in local texture patterns.
To retrieve the correct shoe based on incomplete scene shoeprints, it is necessary to
establish long-distance dependencies between shoeprint images.

• Feature variations: During the collection of shoeprints at crime scenes, the acquired
shoeprint images are often influenced by scale, lighting, and viewing angles.
Convolutional operations result in local receptive fields, which may introduce
differences in features corresponding to pixels with the same label.

Therefore, it is worth exploring how to effectively integrate the global information and
local detail information of shoeprints. Based on the above issues, we propose Composite
Attention Mechanism (CASN), which mainly introduces two attention modules. First, to
overcome the first obstacle mentioned above, we propose Disentangled Enhanced Position
Attention Module (DEPAM). Based on the decoupling idea of Disentangled Non-Local
(DNL) module, the highly coupled input information in the spatial attention module is de-
coupled into saliency texture information and whitened region similarity information, and
the fusion of the two features enhances the learning of texture and region information in
the shoeprint image, reduces the computational complexity of the module, and proposes a
more robust shoeprint feature. Through the DEPAM, we have achieved good performance
improvement for shoeprint retrieval. Second, to address the second obstacle, we propose
Grouped Channel Attention Module (GCAM), which groups the channels of features and
improves the module’s grasp of local information in shoeprint images through the self-
attention mechanism of local channels. Then, the global information branch guides the
selective fusion of grouped channel attention features to enhance the correlation of global
information. This module focuses on local information while strengthening the correla-
tion of global information, thereby further improving the network’s retrieval ability. Fi-
nally, to address the third obstacle, we introduce a spectral value difference orthogonality
regularization term to reduce the correlation between features, focusing more on the de-
tailed information of shoeprints and improving the accuracy of shoeprint retrieval.

We conducted comparative experiments and a large number of ablation experiments to
demonstrate the superiority of CASN in shoeprint retrieval and the importance of each
module. Our approach achieved comparable results to the state-of-the-art shoeprint re-
trieval methods on the FID-300 dataset.

2 Methods
In this section, we introduce our CASN network. The core idea behind CASN is to lever-
age the advantages of attention mechanisms to enhance the focus on local features in
shoeprint images while establishing long-range dependencies to improve retrieval accu-
racy for incomplete shoeprints.
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Figure 1 Overall structure of the CASN network

2.1 The overall framework of the algorithm
The overall architecture of the proposed algorithm is shown in Fig. 1. The backbone of
the network is ResNet-50 [34]. Before res_conv4, the network follows the same structure
as ResNet-50. After res_conv4, the network branches into a global branch and an attention
branch, running in parallel.

In the attention branch, the network uses the res_conv5 layer, which is the same as in
ResNet-50, but without downsampling operations. Downsampling operations are not ap-
plied here to enlarge the receptive field of convolutional layers, to preserve more detailed
local features. After obtaining a feature from the res_conv5 layer, Spectral Value Difference
Orthogonality (SVDO) is applied to process it, resulting in feature za. Which is then fed
into both the DEPAM and CGAM attention modules, with SVDO applied after each at-
tention module. Finally, the outputs of the two attention modules are element-wise added
to the input feature za for feature fusion. They are collectively passed through a global
average pooling layer, resulting in a 1024-dimensional feature vector fa.

In the global branch, the complete res_conv5 layer is retained. The feature obtained here
is passed through a global average pooling layer and then a dimension reduction layer,
resulting in a 1024-dimensional feature vector fg . The global branch aims to capture global
contextual information in addition to the features from the attention branch.

During training, the network converges by individually feeding {fa, fg} into the loss func-
tion. During testing, to obtain stronger discriminative features, the global branch feature
fg and attention branch feature fa are concatenated, resulting in a 2048-dimensional vector
fmatch for similarity measurement. Formally,

fmatch = Concat(fa, fg). (1)

2.2 Disentangled enhanced position attention module
Position attention modules have been proven to be highly effective in tasks such as seman-
tic segmentation and person re-identification. However, directly incorporating a spatial
attention module into shoeprint retrieval tasks does not fully exploit its potential perfor-
mance. Firstly, crime scene backgrounds are often complex and contain various distracting
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Figure 2 Disentangled Enhanced Position Attention Module (DEPAM)

factors. After preprocessing, the shoeprint images are converted into binary images, which
leads to the loss of hierarchical semantic information, including shoeprints, backgrounds,
and noise. This requires the network to have stronger region learning capabilities to dif-
ferentiate relevant texture information effectively. Secondly, in shoeprint retrieval tasks,
texture information is primarily used for matching. Therefore, boundary information in
the images is crucial. The attention module should focus more on the texture information
within the shoeprint images. To address these issues, this section proposes a Disentangled
Enhanced Position Attention Module (DEPAM), as illustrated in Fig. 2.

The Position Attention Module (PAM) was initially proposed by Fu et al. [35] to capture
long-range contextual information to obtain discriminative features, as it is crucial for im-
age understanding. Chen et al. [36] discovered in the field of pedestrian re-identification
that using the spatial attention module can capture and aggregate semantically relevant
pixels in space. This enables the network to correct misalignments of pedestrians, elimi-
nate background disturbances, and focus on the local recognition part of the body appear-
ance, thereby achieving better matching.

Specifically, the calculation process of the PAM in the network is as follows: Given a local
feature A ∈ ℝ

C×H×W , first use a convolutional layer to generate two new feature maps B
and C, where {B, C} ∈ ℝ

C×H×W . Then, reshape them into a dimension of RC×N , where
N = H × W is the number of pixels in the image. Next, perform matrix multiplication
on the transpose of C and B, and apply a softmax layer to calculate the spatial attention
matrix S ∈ℝ

N×N :

sji =
exp (Bi · Cj)

∑︁N
i=1 exp (Bi · Cj)

, (2)

where sji represents the magnitude of the influence of the position i on the position j.
The similarity between the feature representations of two positions determines the level
of correlation between them. Meanwhile, feature A is also input into a convolutional layer
to generate a new feature map D ∈ ℝ

C×H×W , which is then transformed into dimension
ℝ

C×N . The matrix multiplication between D and the transpose of S is performed, and the
result is further transformed into dimension ℝ

C×H×W . Finally, the obtained features are
scaled by a learnable parameter and element-wise added with the original feature A to
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obtain the final output feature E ∈ℝ
C×H×W :

Ej = α

N∑︂

i=1

(sjiDi) + Aj, (3)

where the initial weight is set to 0 and gradually allocated more weights through learning
[25]. According to Equation (3), it can be inferred that the output feature at each position
is the weighted sum of the features from all positions and the original feature.

The idea of decoupling attention stems from the DNL [37] module proposed by Yin et
al. Specifically, salient boundary information effectively models region boundaries, while
whitened region similarity information learns the relationships between pixels within a
region. Due to the strong coupling between these two types of information in the input
non-local self-attention module, solely utilizing one type often results in the loss of contri-
bution from the other. By decoupling these two pieces of information, they can be treated
as separate branches and combined within the model. This approach simultaneously en-
hances both region boundary modeling and intra-region relationship learning. This in-
dicates that the decoupling of information is mutually beneficial, making it necessary to
adopt this decoupled information.

Based on this concept, this section proposes a decoupled enhanced spatial attention
module, which decouples the information in the original spatial attention module. This
not only reduces the computational complexity of the module but also allows for a stronger
focus on the texture information within shoeprint images, resulting in better performance.

Specifically, for a local feature A ∈ ℝ
C×H×W , its information is decoupled as follows: for

the feature maps B and C generated from A, a whitening module is applied to them, as
shown in Equation (4), resulting in whitened features B′ and C′. This allows for better
adjustment of the original features based on the whitened region similarity, enabling the
network to effectively learn intra-region relationships. Subsequently, the transposed ver-
sions of B′ and C′ are matrix multiplied to obtain the whitened point-to-point similarity
matrix S′ ∈ℝ

N×N . Formally,

Whiten(F) = F – Avg(F), (4)

where Whiten(·) represents the operation of feature whitening, F represents the input
feature, and Avg(·) represents global average pooling.

In addition, on top of the original structure, an extra boundary learning branch is added.
It generates a feature map F ∈ ℝ

1×H×W through 1 × 1 convolution, then transforms its
dimension to ℝ

1×N . Next, a Softmax module is applied to nonlinearly map the feature
map to a distribution ranging from 0 to 1, representing salient boundary information. The
dimension of the salient boundary information is expanded to ℝ

N×N through dimension
expansion, resulting in a per-pixel salient boundary information matrix U that effectively
models region boundaries. Thus, the input information in the spatial attention module is
successfully decoupled into salient boundary information and whitened region similarity
information. Finally, the network adds the salient boundary matrix U and the whitened
region similarity matrix S′ together to obtain a fused feature. Other operations within
the spatial attention module are then performed, eventually yielding the output feature
E′ ∈ℝ

C×H×W .
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2.3 Grouped channel attention module
Building a channel attention module can model the dependencies between pairwise chan-
nels, making the channel associations with high semantic similarity stronger. However,
in the context of complex crime scenes, after obtaining shoeprint images, they are gen-
erally preprocessed by converting them into binary images to enhance their texture in-
formation. However, binarization also causes a loss of some semantic information in the
images, which makes it difficult for the Channel Attention Module to capture effective
long-distance semantic information. As a result, its discriminability decreases significantly
when dealing with images with similar footwear textures. Therefore, this section proposes
GCAM that enhances the relevance of channel attention to local information while not
losing the dependence on global information, thereby improving retrieval performance.
Channel Attention Module (CAM) operates on the channel dimension to capture long-
range contextual information. Fu et al. [35] suggest that each channel map of high-level
features represents the response for a specific category, and different semantic responses
are interrelated. By utilizing the correlations between these channel maps, the CAM em-
phasizes relevant feature maps and enhances the feature representation capability for spe-
cific semantics.

The calculation process of the CAM is as follows: Unlike the Spatial Attention Mod-
ule, the channel attention matrix X ∈ ℝ

C×C directly comes from the input feature A ∈
ℝ

C×H×W . Specifically, the dimension of the feature A is first transformed to ℝ
C×N , where

N = H × W is the number of pixels in the image. Then, the matrix multiplication is per-
formed between A and its transpose, followed by applying the softmax layer to compute
the channel attention matrix X ∈ ℝ

C×C . Formally,

xji =
exp (Ai · Aj)

∑︁𝒞
i=1 exp (Ai · Aj)

, (5)

where xji represents the influence of the channel i on the channel j. In addition, the trans-
pose of X is multiplied by A, and then their resulting dimensions are transformed to
ℝ

C×H×W . Finally, this result is multiplied with a learnable parameter β and element-wise
summed with A to obtain the final output E ∈ ℝ

C×H×W . Formally,

Ej = β

c∑︂

i=1

(xjiAi) + Aj, (6)

where β is a weight learned from 0. As shown in Equation (6), the final feature of each
channel is the weighted sum of all channel features and the original features, which can
model long-range semantic dependencies between feature maps. It helps improve feature
distinctiveness.

As shown in Fig. 3, for an input feature A ∈ ℝ
C×H×W , it is first divided into groups by

performing a grouping operation, where the features are grouped based on the number of
channels into g groups, with each group having G = C/g feature channels. Then, a 1 × 1
convolution is used to aggregate the feature channels of each group, reducing compu-
tational complexity while enhancing the learning ability of local feature channels. Each
group’s features become ℝ

K×H×W . Next, the channel attention matrix X ∈ ℝ
K×G is com-

puted, selectively merging the aggregation centers of each group channel onto the chan-
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Figure 3 Grouped Channel Attention Module (GCAM)

nels of each group feature, resulting in feature groups after channel aggregation. Finally,
the g groups of features are concatenated to obtain the feature G ∈ ℝ

G×H×W .
To capture the correlations between the feature channels of each group, a global infor-

mation branch is introduced, which guides the fusion of the grouped channel attention
features. First, to increase the effective receptive field of the feature maps and capture
more contextual information, a dilated convolution with a receptive field of 5 × 5 is ap-
plied to feature A ∈ ℝ

C×H×W , resulting in feature B. Then, after adding feature B to G,
the resulting feature undergoes global average pooling to map the feature dimension to d,
generating a selection weight vector z ∈ ℝ

d×1. Afterward, a cross-channel soft attention
mechanism assigns values to both the global information and the local attention informa-
tion. Formally,

ac =
eAcz

eAcz + eBcz , bc =
eBcz

,
eAcz + eBcz, (7)

E′ = ac · B + bc · G, ac + bc = 1, (8)

where A, B ∈ ℝ
C×d , and a, b represent the soft attention vectors of B and G, respectively.

Note that Ac ∈ℝ
1×d represents the row c of A, and ac represents the element c of a. Simi-

larly, Bc and bc. Finally, by using different weights, the global information and local atten-
tion information are effectively fused to obtain the output feature E′ ∈ℝ

C×H×W .

2.4 Orthogonality regularization term
Orthogonality regularization is a regularization method used in deep learning. Its goal
is to minimize the correlation between features in the model during training, leading to
better generalization when handling different data. There are two types of orthogonality
regularization: feature-wise regularization and weight-wise regularization. Feature-wise
regularization can be achieved by orthogonalizing the feature vectors. For convolutional
layers and fully connected layers, each feature vector can be orthogonalized to reduce its
correlation. Weight-wise regularization can be done by decomposing the weight matrix
into the product of two orthogonal matrices. This enforces orthogonality among the col-
umn vectors in the matrix, reducing the correlation between weights.
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In this section, the orthogonal regularization method is introduced into the shoe print
retrieval algorithm. By applying orthogonality regularization in the feature space, the cor-
relation between features is reduced, allowing the model to focus more on the details of
the shoe prints and improve the matching accuracy. It also helps to prevent overfitting in
the network.

The specific approach used in this section is Spectral Value Difference Orthogonality
(SVDO) [36]. For a feature matrix M ∈ ℝ

C×H×W , where C, H and W represent the num-
ber of channels, height, and width of features respectively, the first step is to perform a
dimension transformation on M to obtain the matrix F ∈ ℝ

C×N . Many orthogonal meth-
ods rely on Singular Value Decomposition (SVD) with hard orthogonality constraints to
optimize F . However, SVD is computationally expensive, so soft orthogonality constraints
are used instead. Many soft regularization methods [38, 39] constrain the Gram matrix of
F to approximate the identity matrix under the Frobenius norm, which avoids the need
for the SVD step and is differentiable. However, due to the rank deficiency of the matrix,
may not satisfy this identity, resulting in biases in these regularization methods. Therefore,
a regularization term based on spectral norm can effectively alleviate such biases. Addi-
tionally, orthogonality can be enhanced by directly regularizing the condition number of
FFT :

β∥k(F) – 1∥2
2, (9)

where β is the coefficient and k(F) represents the condition number of F , defined as the
ratio between the maximum and minimum singular values. Directly solving for k(F) re-
quires a complete SVD. To make it computationally tractable, Equation (9) is converted
into a Spectral Value Difference Orthogonality (SVDO) regularization term:

β
⃦
⃦λ1

(︁
FFT)︁

– λ2
(︁
FFT)︁⃦

⃦2
2 , (10)

where λ1
(︁
FFT)︁

and λ2
(︁
FFT)︁

represent the maximum and minimum eigenvalues of FFT ,
respectively. In this case, autodifferentiation is used to obtain the gradient of SVDO, but
this computation still involves an expensive eigenvalue decomposition (EVD). To bypass
EVD, power iteration is employed to approximate the eigenvalues. Starting from a random
initialization, Equation (11) is iteratively executed (typically twice):

p ← Xq, q ← Xp,λ(X) ← ∥q∥
∥p∥ , (11)

where X refers to FFT , where X is used to compute the maximum eigenvalue λ1 of the
Gram matrix of FFT , and FFT – λ1I is used to compute the minimum eigenvalue λ2. This
method can effectively calculate the SVDO regularization term.

In summary, the introduced SVDO can effectively reduce the correlation between fea-
tures, avoid overfitting in the network, and improve the matching performance of the shoe
print retrieval algorithm.

2.5 Loss function
The loss function used in the proposed algorithm during training consists of three com-
ponents: cross-entropy loss (CE Loss), triplet loss [40], and orthogonal constraint (OF)
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penalty for features. The specific expression of the loss function is shown as follows:

L = LCE + βtrLtriplet + βOF LOF , (12)

where βtr and βOF are hyperparameters, and LOF is the SVDO penalty term applied to
the hidden features. The cross-entropy loss treats shoe sole retrieval as a classification
task, aiming to minimize the gap between the model’s predicted class and the true class to
improve the accuracy of shoe print retrieval. The formula for cross-entropy loss is shown
as follows:

LCE = –
N∑︂

i=1

log
eW T

Yi
fi

ΣC
k=1ewT

k fi
, (13)

where Wk is the weight vector of the class k, N is the size of the mini-batch during training,
and C is the number of different shoe sole patterns in the training set.

In addition, the triplet loss aims to reduce the distance between samples of the same class
and increase the distance between samples of different classes to achieve more accurate
shoe sole retrieval. Its specific formula is shown as follows:

Ltriplet = ΣN
i=1

∑︂

a,p,n
[
⃦
⃦f (xa

i ) – f (xp
i )

⃦
⃦2

2 – ∥f (xa
i ) – f (xn

i )∥2
2 + margin]+, (14)

where N is the number of samples in the training set, a, p and n represent the anchor
sample, positive sample, and negative sample, respectively. The positive sample refers to a
shoe that belongs to the same pair as the anchor sample, while the negative sample refers
to a shoe that is different from the anchor sample. f represents the embedding model, xa

i ,
xp

i and xn
i represent the anchor, positive, and negative samples of the sample i, respectively.

This loss function calculates the Euclidean distance between each anchor sample and its
positive and negative sample and then adds a margin value. Finally, the ReLU function is
applied to ensure that the loss only considers the difference between positive and negative
samples. It is worth mentioning that the triplet loss used in this chapter during training is
the hard-mining triplet loss. Instead of calculating the loss for all triplets, it selectively cal-
culates the loss for the most challenging triplets. This is achieved by selecting the triplets
that violate the loss function, such as choosing the negative sample with the maximum
distance, to ensure that the triplet provides the maximum loss.

3 Results and discussion
We first compare CASN with other state-of-the-art algorithms on the FID-300 dataset
to highlight the superiority of our proposed algorithm. We then conduct ablation experi-
ments to analyze the various modules proposed in Sect. 2, validating their rationality and
effectiveness. Next, we analyze the network’s recognition ability for various image types
through the visualization of retrieval results.

3.1 Training parameters and details
3.1.1 Datasets and evaluation metrics
In the training phase, we used the CS dataset [41], ITSPDB dataset [20], WVU2019 dataset
[42], and some of our previously collected data as the training set. In the testing phase,
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most state-of-the-art shoeprint retrieval algorithms are evaluated on the FID-300 dataset,
so the subsequent experimental evaluations in this chapter are also conducted on the FID-
300 dataset.

We primarily use the Cumulative Matching Score (CMS) as the evaluation metric to
assess the performance of shoeprint retrieval algorithms. When comparing the cumula-
tive matching scores of the top-ranked matches, we use the values of Rank1%, Rank5%,
Rank10%, Rank15%, and Rank20% in this section.

3.1.2 Experimental implementation details
During the training process, input images are resized to a 384×144 size, and then data
augmentation methods are used to expand the training set. To enhance the diversity of
shoeprint samples, we employed ten data augmentation techniques, including random
flipping, elastic deformation, heel and sole cropping, affine transformation, edge detec-
tion, Gaussian noise addition, random erasing, local region distortion, random pixel in-
tensity changes, and random shifting. When an image is input to the network, the net-
work duplicates the image 32 times and then applies these ten augmentation techniques
with certain probabilities, resulting in the generation of 32 distinct shoeprint images. We
employed a two-step transfer learning algorithm [43] for model fine-tuning during train-
ing. Firstly, the weights of the backbone network were frozen, and only the dimension
reduction layer, classifier, and all attention modules were trained using cross-entropy loss
and triplet loss for 10 epochs. Then, all layers were unfrozen, and the entire network was
trained using the complete loss function for 60 epochs. The margin parameter a for the
triplet loss was set to 1.2, βtr was set to 0.1, and βOF was set to 1 × 10–6. The training
was conducted on a single GTX 3090 GPU. The batch size was set to 64, with each batch
containing 16 types of shoeprints and 4 images per type. The Adam optimizer was used,
with an initial base learning rate of 3 × 10–4, which gradually decayed to 3 × 10–5 after 30
epochs and further decayed to 3 × 10–6 after 40 epochs.

3.2 Comparison with other state-of-the-art algorithms
To further demonstrate the superiority of our CASN network in shoeprint retrieval, we
compare it with 10 other shoeprint retrieval algorithms on the FID-300 dataset. These al-
gorithms include SIFT, POC, Wu [44], Kong [45], Kong [31], Kortylewski [16], Kortylewski
[17], Almaadeed [28], Wang [19], and Ma [33]. It is worth mentioning that since most
of these algorithms are not open-source and the datasets they were trained on are self-
constructed, the algorithm results presented here are extracted from publicly available
papers. The comparison results with these algorithms are shown in Table 1.

As shown in Table 1, the proposed CASN in this chapter has achieved good performance
on the FID-300 dataset. Except for Rank1%, the proposed algorithm obtains first-place re-
sults in the cumulative matching scores for the remaining metrics, and it outperforms the
second-place results by more than 4%. However, the algorithm proposed in this paper has
a lower cumulative matching score for Rank1% compared to the Multi-Channel Normal-
ized Cross-Correlation method (MCNCC) proposed by Kong et al. [35]. The main reason
is that the FID-300 dataset contains shoe print images with very small shoe sole patterns.
MCNCC uses template matching and searches with a specific step size in both translation
and rotation directions. This method is effective for small-sized images, but using normal-
ized cross-correlation methods with multiple channels requires a considerable amount of
computation.
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Table 1 Performance Comparison with Other State-of-the-Art Algorithms on FID-300 Dataset

Algorithm Cumulative Matching Score

Rank1% Rank5% Rank10% Rank15% Rank20%

SIFT 8.3% 18.0% 29.0% 35.6% 37.3%
POC 5.7% 14.3% 23.3% 26.3% 32.3%
Almaadeed, et al. 2015 23.7% 46.0% 59.7% 59.7% 88.0%
Kortylewski, et al. 2016 22.0% 47.5% 57.8% 67.0% 71.0%
Kortylewski. 2017 58.0% 72.0% 79.0% 81.5% 84.0%
Wang, et al. 2017 68.6% 80.9% 88.7% 93.0% 96.3%
Kong, et al. 2017 72.6% 82.3% 87.5% 91.0% 92.5%
Ma, et al. 2019 61.0% 81.4% 89.8% - -
Wu, et al. 2019 68.8% 81.3% 89.5% 93.0% 96.3%
Kong, et al. 2019 79.7% 86.3% 89.3% 91.3% 94.0%
CASN(Our) 76.3% 90.9% 95.3% 96.5% 98.7%

3.3 Ablation experiments
In this subsection, a series of ablation experiments will be conducted to validate the supe-
riority of the disentangled enhanced position attention module proposed in Sect. 2.2, the
group normalization for channel attention module proposed in Sect. 2.3, the orthogonal
regularization method in the feature space introduced in Sect. 2.4, and the loss functions
introduced in Sect. 2.5.

3.3.1 Ablation experiments on composite attention modules
In Sect. 2.2 and 2.3, we propose a disentangled enhanced position attention module and a
group normalization for the channel attention module that captures long-range contextual
information from both position and channel dimensions. These two modules strengthen
the focus on local texture features of shoe print images and achieve better performance
based on the original position attention module and channel attention module. In this
subsection, five sets of ablation experiments are conducted to verify the superiority of
these two modules.

Firstly, a network without the attention branches is set as the baseline. Then, two orig-
inal attention modules are added to the baseline to evaluate the performance improve-
ment brought by the attention mechanisms, denoted as B+PAM+CAM. Next, corre-
sponding improvements are made to PAM and CAM based on B+PAM+CAM, denoted
as B+DEPAM+CAM and B+PAM+GCAM, respectively. Finally, the decoupled enhanced
position attention module and the channel attention module proposed in this chapter are
combined to explore the performance improvement achieved by their fusion, denoted as
B+DEPAM and B+GCAM. Under the same experimental settings, all five networks are
trained separately and evaluated on the FID-300 dataset. The experimental results are
shown in Table 2, with the best result highlighted.

From the results in Table 2, it can be observed that the addition of the PAM and
CAM attention modules on top of the baseline significantly improves the performance
of the network. This indicates that the attention mechanisms allow the network to fo-
cus more on the local texture features of shoe print images. Furthermore, when com-
paring B+DEPAM+CAM, B+PAM+GCAM, and B+PAM+CAM, it can be seen that both
B+DEPAM+CAM and B+PAM+GCAM achieve comprehensive performance improve-
ments. This suggests that both decoupling PAM and applying group normalization to
CAM are beneficial for shoe print retrieval tasks. Lastly, B+DEPAM+GCAM obtains the
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Table 2 Ablation experiments on composite attention modules

Method Cumulative Matching Score

Rank1% Rank5% Rank10% Rank15% Rank20%

Baseline 71.6% 83.6% 90.7% 95.6% 97.6%
B+PAM+CAM 73.5% 86.5% 92.8% 96.2% 98.2%
B+DEPAM+CAM 75.2% 89.7% 94.7% 96.5% 98.7%
B+PAM+GCAM 74.9% 89.4% 94.9% 96.3% 98.6%
B+DEPAM+GCAM 76.3% 90.9% 95.3% 96.5% 98.7%

Table 3 Ablation experiments on orthogonal regularization

Method Cumulative Matching Score

Rank1% Rank5% Rank10% Rank15% Rank20%

Baseline 76.3% 90.9% 95.3% 96.5% 98.7%
B-OF_p 75.1% 90.5% 94.7% 96.3% 98.7%
B-OF_c 75.6% 90.4% 94.9% 96.5% 98.5%
B-OF_all 69.2% 87.6% 93.7% 92.9% 96.3%

best result in the table, indicating that the combination of these two methods is comple-
mentary and leads to further enhancement of the network.

3.3.2 Ablation experiments on orthogonality regularization
In Sect. 2.4, we introduce an orthogonal regularization method that acts on the feature
space, effectively reducing the correlation between features and enhancing the network’s
ability to grasp shoe print details. This subsection verifies the effectiveness of the orthog-
onal regularization method in the feature space through four sets of ablation experiments.

Firstly, the complete CASN proposed in this chapter is used as the baseline network,
denoted as Baseline. Then, to explore the effect of OF on the attention modules, OF is
removed from DEPAM and GCAM respectively based on Baseline, denoted as B-OF_p
and B-OF_c. Finally, all OF in the network are removed, denoted as B-OF_all. Under the
same experimental settings, these four networks are trained separately and evaluated on
the FID-300 dataset. The experimental results are shown in Table 3, with the best result
highlighted.

From the results in Table 3, we can see that when DEPAM and GCAM remove the
Orthogonal Filter (OF), their performance decreases compared to the Baseline. This in-
dicates that OF is effective in generating informative features for the attention mecha-
nism. Moreover, when all OFs are removed, the network’s performance drops significantly.
This further demonstrates that the inclusion of orthogonality regularization helps reduce
the correlation between features, enabling the model to focus more on the fine details of
shoeprints and improve the accuracy of matching.

3.3.3 Analysis of ablation experiments on loss functions
In Sect. 2.5, we proposed a training approach that combines cross-entropy loss with triplet
loss. The triplet loss is used to further minimize the distance between samples of the same
class and maximize the distance between samples of different classes. In this section, we
will experimentally verify the impact of incorporating triplet loss on the performance of
the network.

Firstly, CASN is taken as the baseline network. The network trained only with cross-
entropy loss is referred to as the Baseline. Then, triplet loss is added to the Baseline for joint
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Table 4 Ablation Experiments on Loss Functions

Method Cumulative Matching Score

Rank1% Rank5% Rank10% Rank15% Rank20%

Baseline 75.1% 88.9% 94.1% 95.6% 97.9%
B+Tri 76.3% 90.9% 95.3% 96.5% 98.7%

network training, denoted as B+Tri. Under the same experimental settings, both networks
are trained separately and evaluated on the FID-300 dataset for comparison.

From the results in Table 4, it can be observed that B+Tri shows improvement in all
metrics compared to the Baseline model. This indicates that the addition of the triplet
loss enhances the performance of the network. The results demonstrate that the triplet
loss plays an important role in increasing the discriminative power of the features, leading
to improved performance.

3.4 Visual analysis of results
To further validate the effectiveness of the CASN algorithm in footwear impression re-
trieval tasks, this section compares the CASN algorithm proposed in this paper with
the MCNCC algorithm, which showed good retrieval results in Table 1, on the FID-300
dataset. The retrieval results of both algorithms on the FID-300 dataset are shown in Fig. 4.
The visual retrieval results of MCNCC are sourced from its published paper [35]. Figure 4
displays the retrieval results of 6 sets of real-life shoe impressions. Each set is divided by
a blue line, with the query impression on the left and the retrieval results on the right.
Each algorithm provides 8 reference shoe impressions that it considers to be most simi-
lar to the query image. If there are correctly matched reference shoe impressions in the
retrieval results, they will be highlighted in green.

From the figure, it can be seen that in these 6 sets of query impressions, CASN outper-
forms MCNCC in 4 sets by having the correct reference shoe impressions as the top result.
For “img010”, the correct reference shoe impression is ranked third in the CASN retrieval
results, but the front paw textures of the first three reference shoe impressions are very
similar, making it difficult to distinguish. Moreover, among the 8 retrieval images provided
by the CASN algorithm, 5 have very similar front paw textures, indicating that the CASN
algorithm is highly sensitive to textures. For “img003”, both MCNCC and CASN failed to
retrieve the correct shoe impression image in the top 8 retrieval results, indicating that the
ability of the algorithm to extract effective information needs to be further improved when
facing incomplete images with small differences between the shoe impression texture and
background.

4 Conclusion and future work
We propose a framework CASN for shoeprint retrieval tasks in criminal scenarios. Firstly,
the DEPAM is proposed to decouple the information in the original position attention
module and improve the effect of shoeprint image texture learning and intra-region rela-
tionship learning. Secondly, the GCAM is proposed to group feature channels and use
the self-attention mechanism of local channels to enhance the module’s grasp of local
information in shoeprint images, and selectively fuse under the guidance of the global
information branch to strengthen the relevance of global information. Then, an SVDO
regularization term is introduced to reduce the correlation between features, making the
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Figure 4 Comparing the visualization results of CASN with other algorithms

model more focused on the details of shoeprints and improving the accuracy of shoeprint
retrieval. We conducted multiple ablation experiments on various designed modules and
introduced methods, and the final experimental results demonstrate that these modules
and methods are reasonable and effective. Experimental results on the FID-300 dataset
demonstrated the good performance of our methods.

In future work, research on shoeprint retrieval algorithms should focus on local feature-
based shoeprint retrieval algorithms. Currently, most footprint images in crime scenes
are incomplete and degraded. The shoeprint retrieval algorithms that use CNN to extract
global features usually produce unsatisfactory results when facing such images. Therefore,
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it is possible to detect and locate incomplete images first, determine their approximate
locations, and then use local features of reference images for matching retrieval to improve
the accuracy of retrieval.
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31. Kong, B., Supančič, J., Ramanan, D., Fowlkes, C.C.: Cross-domain image matching with deep feature maps. Int. J.
Comput. Vis. 127(11), 1738–1750 (2019). https://doi.org/10.1007/s11263-018-01143-3

32. Zhang, Y., Fu, H., Dellandréa, E., Chen, L.: Adapting convolutional neural networks on the shoeprint retrieval for
forensic use. In: Zhou, J., Wang, Y., Sun, Z., Xu, Y., Shen, L., Feng, J., Shan, S., Qiao, Y., Guo, Z., Yu, S. (eds.) Biometric
Recognition, pp. 520–527. Springer, Cham (2017)

33. Ma, Z., Ding, Y., Wen, S., Xie, J., Jin, Y., Si, Z., Wang, H.: Shoe-print image retrieval with multi-part weighted cnn. IEEE
Access 7, 59728–59736 (2019)

34. He, K., Zhang, X., Ren, S., Sun, J.: Deep residual learning for image recognition. In: 2016 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), pp. 770–778 (2016). https://doi.org/10.1109/CVPR.2016.90

35. Fu, J., Liu, J., Tian, H., Fang, Z., Lu, H.: Dual attention network for scene segmentation. In: 2019 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 3141–3149 (2019)

36. Chen, T., Ding, S., Xie, J., Yuan, Y., Chen, W., Yang, Y., Ren, Z., Wang, Z.: Abd-net: attentive but diverse person
re-identification. In: 2019 IEEE/CVF International Conference on Computer Vision (ICCV), pp. 8350–8360 (2019)

37. Yin, M., Yao, Z., Cao, Y., Li, X., Zhang, Z., Lin, S., Hu, H.: Disentangled non-local neural networks. In: Vedaldi, A., Bischof,
H., Brox, T., Frahm, J.-M. (eds.) Computer Vision – ECCV 2020, pp. 191–207. Springer, Cham (2020)

38. Xie, D., Xiong, J., Pu, S.: All you need is beyond a good init: exploring better solution for training extremely deep
convolutional neural networks with orthonormality and modulation. In: 2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), pp. 5075–5084 (2017)

39. Xu, H., Wang, Z., Yang, H., Liu, D., Liu, J.: Learning simple thresholded features with sparse support recovery. IEEE Trans.
Circuits Syst. Video Technol. 30(4), 970–982 (2020). https://doi.org/10.1109/TCSVT.2019.2901713

40. Schroff, F., Kalenichenko, D., Philbin, J.: Facenet: a unified embedding for face recognition and clustering. In: 2015 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR), pp. 815–823 (2015)

41. Richetelli, N., Lee, M.C., Lasky, C., Gump, M.E., Speir, J.: Classification of footwear outsole patterns using Fourier
transform and local interest points. Forensic Sci. Int. 275, 102–109 (2017)

42. Lin, E.-T., DeBat, T., Speir, J.: A simulated crime scene footwear impression database for teaching and research
purposes. J. Forensic Sci. 67(2), 726–734 (2022)

43. Costilla-Reyes, O., Vera-Rodriguez, R., Scully, P., Ozanyan, K.B.: Analysis of spatio-temporal representations for robust
footstep recognition with deep residual neural networks. IEEE Trans. Pattern Anal. Mach. Intell. 41(2), 285–296 (2019).
https://doi.org/10.1109/TPAMI.2018.2799847

44. Wu, Y., Wang, X., Nankabirwa, N.L., Tao, Z.: Losgsr: learned opinion score guided shoeprint retrieval. IEEE Access 7,
55073–55089 (2019)

45. Kong, B., Supancic, J., Ramana, D., Fowlkes, C.: Cross-domain forensic shoeprint matching. In: Proceedings of the
British Machine Vision Conference (BMVC), pp. 1–12 (2017). https://doi.org/10.5244/C.31.188

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

https://api.semanticscholar.org/CorpusID:1654127
https://api.semanticscholar.org/CorpusID:116161335
https://api.semanticscholar.org/CorpusID:116161335
https://doi.org/10.3390/sym13020296
https://doi.org/10.5244/C.21.38
https://doi.org/10.1186/s13662-019-2241-y
https://doi.org/10.1186/s13662-022-03702-y
https://doi.org/10.1007/s11263-018-01143-3
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/TCSVT.2019.2901713
https://doi.org/10.1109/TPAMI.2018.2799847
https://doi.org/10.5244/C.31.188

	Shoeprint retrieval network based on composite attention mechanism
	Abstract
	Keywords

	Introduction
	Methods
	The overall framework of the algorithm
	Disentangled enhanced position attention module
	Grouped channel attention module
	Orthogonality regularization term
	Loss function

	Results and discussion
	Training parameters and details
	Datasets and evaluation metrics
	Experimental implementation details

	Comparison with other state-of-the-art algorithms
	Ablation experiments
	Ablation experiments on composite attention modules
	Ablation experiments on orthogonality regularization
	Analysis of ablation experiments on loss functions

	Visual analysis of results

	Conclusion and future work
	References

