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A Survey of Crime Scene Investigation Image
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Abstract: Crime scene investigation (CSI) image is key evidence carrier during criminal investiga-

tion, in which CSI image retrieval can assist the public police to obtain criminal clues. Moreover,

with the rapid development of deep learning, data-driven paradigm has become the mainstream

method of CSI image feature extraction and representation, and in this process, datasets provide

effective support for CSI retrieval performance. However, there is a lack of systematic research on

CSI image retrieval methods and datasets. Therefore, we present an overview of the existing works

about one-class and multi-class CSI image retrieval based on deep learning. According to the

research, based on their technical functionalities and implementation methods, CSI image retrieval

is roughly classified into five categories: feature representation, metric learning, generative adversar-

ial networks, autoencoder networks and attention networks. Furthermore, We analyzed the remain-

ing challenges and discussed future work directions in this field.
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1 Introduction

Crime scene investigation (CSI) image is gener-
ally generated by the public police during crimi-
nal investigation. And with the advent of the
new detection technologies and the need for pub-
lic security, the image of the criminal investiga-
tion has been explosively growing [1]. To extract
valuable information from CSI image, early
methods based on artificial operator are used to
recognize and detect the images involved in vari-
ous cases, however, such methods are time-con-
suming and are tend to make mistakes because of

visual fatigue, subjective intention and percep-
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tual bias. To avoid the problem, the scheme
based on CSI image retrieval is proposed, which
uses the similarity measure to the query image to
acquire a ranking list of CSI images in a
database. In this way, a CSI image can not only
be used to facilitate the police to quickly obtain
key clues, identify suspects or items but also as
an exhibit for bringing criminal charges, and
accelerate the process of crime detection [2, 3].

The existing CSI image retrieval can be clas-
sified into two categories: CSI image retrieval
methods based on traditional features and CSI
retrieval image methods based on deep learning
features. Traditional features include color, tex-
ture, shape and spatial location low-level visual
features. which are also termed as the hand-engi-
neered feature, and it’s worth noting that the
traditional methods require selecting the appro-
priate feature combinations for image processing
and interpretation based on task requirements. In
early studies, researchers mostly utilized manu-
ally designed features for one-class and multi-
class CSI image retrieval [2, 4-23].

For different image retrieval tasks, the
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researchers have used the various feature descrip-
tion. For example, for shoeprint image retrieval,
the feature extraction techniques such as scale-
invariant feature transform (SIFT) [4, 5], Gabor
transform [6], Fourier transform [7], Wavelet
Fourier-Mellin transform [8-10], local binary pat-
tern (LBP) [11] are usually employed. For tat-
too image retrieval, researchers not only have
used the SIFT methods [12, 13], but also have
designed the color histogram and correlation
graph [14-16]. Considering that the color and
edge knowledges of license plate, the researchers
utilized techniques based on edge detection [17, 18]
and color feature analysis [19] to match and iden-
tify license plate images. By employing the
advantage of the Gabor filtering for depicting of
image texture information, the researchers have
employed the filtering [20] to extract features
such as the direction and position of hair. The
researchers conducted tire pattern image analy-
sis by employing Radon transform and energy
distribution-based curvelet transform [21], his-
togram of oriented gradients (HOG) and domi-
nant gradient (DG)
weighted feature fusion based on discrete wavelet
transform (DWT) and LBP [22]. And, Liu et al.
[23] have proposed a multi-class CSI image

[2], as well as adaptive

retrieval algorithm that combines texture fea-
tures in the discrete cosine transform (DCT)
domain, generalized search tree (GIST) descrip-
tors, and fused features of HSV color histograms.

Last decade, inspired by the deep learning, it
is observed that the feature representation has
shifted from hand-engineering to learning-based
schemes. Although image retrieval techniques
based on deep learning have become mature,
their application in CSI image datasets is still in
the progressive development stage. The mathe-
matical definition of the deep learning-based CSI
image retrieval technique in question can be for-
mulated as follows: Given a query image @ and a
CSI image database D ={d,,d,,---,d,}, the
objective is to utilize a deep learning model to

construct an image retrieval system that can find

images in the database D that are similar to the
query image Q. f(I) is the function of the deep
learning model that converts an image [ into a
feature vector, where f(I) is a high-dimensional
vector serving as the representation of image I
The goal of CSI image retrieval is to compute the
similarity between the query image ) and each
image in the database D, as Similarity(Q,d;) =
Similarity(f(Q), f(d;)), then sort by similarities,
and return retrieved relevant images.

How to utilize deep learning techniques to
quickly search for targets in large-scale CSI
image datasets has become a hot research topic
among scholars. Thus, aiming to facilitate schol-
arly research, this paper summarizes the one-
class and multi-class CSI image datasets cur-
rently used by researchers. It provides an
overview of recent developments in deep learn-
ing-based CSI image retrieval techniques, based
on their technical functionalities and implementa-
tion methods, which can be roughly categorized
into five classes: feature representation, metric
learning, generative adversarial networks, autoen-
coder networks, and attention networks. Addi-
tionally, considering that the practical needs of
the public security industry, we analyzes the
development trends of CSI image retrieval tech-
nology and discusses future research directions in
this field.

2 Datasets and Evaluation Metrics

2.1 One-Class CSI Image Datasets

In recent years, the scholars have been conduct-
ing indepth research in this field, at the same
time which puts forward higher demands for
datasets. According to literature review, various
types of CSI image datasets have been estab-
lished and utilized for academic research, in
which most of the datasets derived from actual
data in specific industries, and partial datasets
are self-constructed data. The main datasets
include license plate image datasets, fingerprint

image datasets, shoeprint image datasets, tattoo
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image datasets [24-47], etc. Please refer to Tab. 1,
Tab. 2, Tab. 3 and Tab. 4 for more details, and

sample images are illustrated in Fig. 1.

2.2 CIIP-CSI Image Dataset

The Center for Image and Information Process-
ing (CIIP) at Xi’an University of Posts and
Telecommunications, in collaboration with the
Ministry of Public Security, has established a
research platform, which has been dedicated to
research in the field of CSIR over the past years.
And, CIIP has obtained a substantial amount of

actual crime scene investigation images from the

public security system. This dataset, is known as
the CIIP Crime Scene Investigation Image
Dataset (CIIP-CSID), which comprises 19 363
images from real cases and is categorized into 17
primary classes and 52 secondary subclasses.
Tab. 5 presents the primary classes and the cor-
responding number of images included in each
category within CIIP-CSID, and Fig. 2 illus-
trates partial examples from CIIP-CSID.

2.3 Evaluation Metrics

In order to judge the performance of CSI image

retrieval approaches, precision, recall and F-score

Tab. 1 License plate image datasets

Institution Dataset Size Public
The University of Science and Technology of China CCPD[28] 250k Yes
The University of Science and Technology of China ChineseLP[37] 411 Yes
National Taiwan University of Science and Technology AOLP[33] 2 049 Yes
Caltech Caltech[32] 126 Yes
University of Technology Brno, Czech Republic Reld[35] 76k Yes
Federal University of Parand, Curitiba, Brazil RodoSol-ALPR[36] 20k Yes
Federal University of Parand, Curitiba, Brazil UFPR-ALPR|[29] 4 500 Yes
Smart Surveillance Interest Group, Belo Horizonte, Brazil SSIG[31] 2 000 Yes
University of Zagreb Faculty of Electrical Engineering and Computing Zemris[34] 510 Yes
Tab. 2 Fingerprint image datasets
Institution Dataset Size Public
Changchun University of Science and Technology,China [30] 40k No
Coventry University, Faculty of Engineering SOCOFing[40] 6 000 Yes
NIST Data Discovery NIST SD[42,43] \ Yes
Peking University,China FVC2000 DB2a/3a[44] 800/800 No

Michigan State University, American MSP[45] 15 597 subjects No (applicable)
Tab. 3 Shoeprint image datasets
Institution Dataset Size Public
University of Basel Basel, Switzerland FID-300[38] 11754300 Yes
West Virginia University CS[5] 100 Yes
Capital Normal University,China [47] 2 000 No
Xi’an University of Posts and Telecommunications,China SPID[46] 10k No
Tab. 4 Tattoo image datasets
Institution Dataset Size Public
Image Group,NIST-Information Access Division National Tatt-C[39] 16 716 No
Nanyang Technological University, Singapore Flickr[25] 10k No
University of Zagreb Faculty of Electrical Engineering and Computing DeMSI[27] 890 No
Advanced Technologies Application Center BIVTatt[26] 210 Yes
Visual and Information Processing Lab, Chinese Academy of Sciences WebTattoo[24] 30w Yes
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(b) ALOP

(e) SPID

(¢) Zemris

(f) Flickr

(ﬁ) MSP (i) Tatt-C

Fig. 1  Samples of CSI image datasets

Tab. 5 CIIP-CSI image dataset

Category Number| Category Number
Biological evidence 614 Plan 699
Bloodstain 597 Shoeprint 1717
Cars 599 Skin 1133
Distant view
1200 Tattoo 2828
Photograph
Tools for crime
Door 600 971
Purpose
Fingerprint 741 Tyre pattern 5597
Indoor scene 608 Tyre indentation 361
Physical evidence 454 Window 610
Other 34 \ \

(@) ® ©

(d)
Fig. 2 Samples of CIIP-CSI image dataset: (a)biological evi-

dence; (b) cars-truck; (¢) distant view photograph;(d) fin-
gepint; (e) physical evidence; (f) shoeprint

are the common evaluation metrics. The preci-
sion is defined as the percentage of correctly
retrieved images out of the total number of
retrieved images. The recall measures the perfor-
mance of an image retrieval system by calculat-
ing the percentage of correctly retrieved images
out of the total relevant images present in the
dataset. F-score is calculated based on the har-
monic mean of precision and recall.In addition,
The mean average precision (MAP) is also used
for evaluating CSI image retrieval methods,
which is calculated by computing the precision
(P) at each position of the retrieved images for
each query image, then calculating the average
precision (AP) for each query image over all
positions of the retrieved images, and finally
computing the mean average precision (MAP)
over all query images. The formula for calculat-
ing MAP is as follows:

o, AP@N (i)
0

MAP = (D

where @) is the number of query images and N is
the total number of retrieved images. The preci-
sion (P) is calculated using the following for-

mula:

s
_3 2
P K

where K is the top K retrieved images, S is the
number of relevant images correctly retrieved out
of the top K retrieved images, and P@K repre-
sents the probability of correctly retrieving rele-
vant images out of the top K retrieved images.
AP@K represents the average probability of cor-
rectly retrieving relevant images among the top
K retrieved images for all query images. Some
results in the literature are reported in the for-
mat of AP@K and MAP.

3 Deep Learning Based CSI Image
Retrieval

Traditional content-based image  retrieval

(CBIR) with special requirements for knowledge

and expertise needs selecting suitable features
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and parameters. And, it is time-consuming to
compute the feature vector for each specific
image. The CBIR technique based on deep learn-
ing adopts models such as convolutional neural
networks (CNNs) to improve their capacity for
autonomous learning and feature representation.
Deep learning models can exhibiting exceptional
performance in similarity matching tasks by
acquiring more precise representations for under-
lying image features through extensive training
with labeled data.

CSI image retrieval integrates CBIR with
the features of the current image database,
resulting in improved retrieval performance. CSI
image retrieval built on deep learning can be
roughly categorized based-distinct characteristics
and based-technical approaches. In this paper, we
categorize deep learning-based CSI image
retrieval technologies into five aspects: feature
representation based retrieval, metric learning
based retrieval, generative adversarial networks
(GAN) based retrieval, autoencoder networks
based

retrieval, as depicted in Fig. 3. The details of the

based retrieval and attention networks

Tab. 6 Summary of the published

recent CSI image retrieval methods are summa-
rized in Tab. 6.

3.1 Feature Representation Based Retrieval
idea of feature-based CSI

retrieval methods is to utilize deep neural net-

The core image
works as feature extractors. By mapping images
into a feature space, the semantic similarity
between images can be enhanced, which improves
the similarity between the images in the feature
space. Along the idea, such methods usually

enables similarity matching and retrieval.

Feature representation

Metric learning

Generative adversarial
networks

Deep learning-based
CSI image retrieval

Autoencoder networks

Attention networks

Fig. 3  Existing methods classified in 5 categories

CSI image retrieval methods

Method Model Feature Matching method Performance Dataset
. . . . 89.935%Q@10% .
Nicolds-Diaz et al.[26] MobileNet V2 Conv-Layer feature Euclidean distance BIVTatt PinTatt
76.806%@20%
Li et al.[48] CNN+RPN+CTC Conv-Layer feature \ 83.80% ALOP (RP)
RPnet (CNN high-1
Xu et al.[2§] net oW Conv-Layer feature \ 95.5% CCPD
layer +ROI)

Di et al.[49] CNN+Siamese Conv-Layer feature Triplet loss 56.9%@10 Tatt-C

Wen et al.[50] CNN+NCC Conv-Layer feature Normalized cross-correlation 82% FID-300
Liu et al.[51] Multi CNN +PCA Fusion feature 5597 92.33% CIIP-CSID
Zhang et al.[52] CNN Multi-layer Fusion feature SVM 93.67% CIIP-CSID

Ma et al.[46] Multi-part weighted CNN  Fusion feature
Kong et al.[53] CNN Conv-Layer feature
Jiawang et al.[54] GAN+Triplet Deep features

Cao et al.[44] Convolutional autoencoder Conv-Layer feature
Nicolds-Diaz et al.[55] CNN+WAP Conv-Layer feature
Sun et al.[30] APFI(CNN+SE) Deep features

Li et al.[56] DKD (SA+CNN+Hash) Deep features

Liu et al.[57] CNN+STN Deep features

75.11%@10%

89.83%@10% SPID FID-300

Triplet loss

Multi-channel normalized

86.33%Q5% FID-300

CI‘OSS—COH‘ClatiOH
77%-82%
65.7%@1
93.571%@10%
81.244%@10%
98.9%@20%
80.49%@1%
75.63%Q1%
0.819 (MAP)

Authors-created

NIST SD27

Triplet loss

Euclidean distance

Euclidean distance BIVTatt PinTatt

Angular distance NIST SD4

Hamming distance FID-300 SPID

Euclidean distance Authors-created
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In the early studies, the researchers have
employed pre-trained CNNs as feature extractors,
including popular architectures such as VGGNet
[58], ResNet [59], Inception [60-62], AlexNet [63],
etc. In general, these networks first are initially
trained on large-scale image classification tasks,
enabling them to learn highly discriminative rep-
resentations of image features. Then, one feeds
the input image into a pre-trained model, and
uses the advantage of model to extract the fea-
tures. These extracted features, often referred to
as feature vectors or feature descriptors, capture
the underlying characteristics of the image. Actu-
ally, the image data can be utilized to construct

a feature vector database. In the process of the

Query image CSI image
dateset
Image Image

preprocessing preprocessing

Feature
extraction

Feature
extraction

Image

image retrieval, the queried image is passed
through the feature extraction network to obtain
its corresponding feature vector. Subsequently,
by evaluating the similarity between the feature
vector of the queried image and those of all the
images in the database, the search task is accom-
plished until generating a sorted list.

The similarity measurement methods com-
monly employed include FEuclidean distance,
cosine similarity, etc. The process is visually
depicted in Fig. 4, illustrating the sequential
steps involved in image retrieval, including fea-

ture extraction, similarity calculation, and sort-

ing of images based on their similarity scores.

feature
dataset
Similarit; .
Y Retrieval
» measure and
. result
ranking

Fig. 4 The framework of CSI image retrieval based on feature representation

The feature representation based CSI image
retrieval method possess the following advan-
tages: 1) Learning semantically rich image repre-
sentations enables improved similarity measure-
ment. 2) Compact feature vectors reduce storage
and computational costs. However, there are also
some limitations to this approach: 1) Some infor-
mation may be lost as typically only features
from a subset of layers in the network are
retained. 2) Limited by the generalization capa-
bility of the pre-trained network, it may perform
poorly in certain specific domains or tasks. The
main distinction among existing feature-based
CSI image retrieval methods lies in the types of

features employed. Based on the property of

these features, these methods can be broadly cat-
egorized into three major classes, as in Fig. 5,

depicting the framework for feature extraction.

Convolutional
—> layer feature
extraction

Fully connected
> layer feature Image
extraction

Preprocessed
image

feature

Fusion feature
extraction

Fig. 5 The framework of feature extraction

3.1.1 Convolutional Layer Feature Extraction

In deep learning-based CSI image retrieval, pre-
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trained CNNs are commonly used to extract con-
volutional layer features from images. Transfer
learning and other approaches are employed to
apply the knowledge learned from the source
domain to tasks in the target domain.

In [26], the middle layer features of a neural
network that trained on the large public dataset
ImageNet were utilized as the descriptor for the
tattoo image, without any fine-tuning. In [48],
the lower-level CNN features of license plate
images were extracted by enhancing the VGG16
model as a feature extractor. Furthermore, build-
ing on the concepts introduced in inception-RPN,
two filters are employed to extract local features
and feed them into two convolutional layers for
the purposes of detection and recognition. Xu
et al. [28] have proposed RPnet framework, for
automatic license plate recognition and detection,
in which the detection module utilizes ten convo-
lutional layers to extract input image features at
various levels, while the recognition module
employs the maximum pooling layer of the region
of interest (ROI) to extract relevant features.

In [45], a deep convolutional neural network
is used to learn descriptors that capture detailed
information about local ridge structures. Besides,
various number of learned minutia-centred deep
convolutional (MDC) features, centered around
minutiae points, are aggregated into fixed-length
feature vectors to enhance retrieval efficiency.
Wen et al. [50] have employed pre-trained CNNs
to extract features from preprocessed shoe print
images, and compare the matching performance
of features extracted from various layers of differ-
ent pre-trained CNNs in the experiments subsec-
tion. The experimental results indicate that the
14th layer of VGG19 achieves the highest perfor-
mance. These researches utilize convolutional
layer features as image descriptors to achieve CSI
image retrieval through feature extraction and
aggregation. By gradually increasing the hierar-
chy, convolutional layer features can capture dif-

ferent of information in images, ranging from

low-level local features to high-level semantic fea-
tures, providing a richer and more diverse fea-
ture representation for CSI image recognition,
classification, and retrieval tasks.

3.1.2 Fully Connected Layer Feature Extraction
The output feature of the fully connected layer
can be considered as an abstract and synthesized
representation of the input features, capturing
higher-level semantic information. Bai et al. [64]
have employed VGG and ResNet networks to
retrain and optimize a dataset of newly-explored
images, with the objective of extracting fully con-
nected layer features from these images. Experi-
mental results on CIIP-CSID demonstrate that
the feature extraction performance using VGG
and ResNet networks far exceed that of tradi-
tional methods. Furthermore, the classification
accuracy of CSI image can be further improved
by changing the last pool layer to a pyramid pool
layer. However, the high dimensionality of the
fully connected layer features tends to result in
increased computational complexity and storage
requirements, potentially leading to overfitting
issues. To overcome overfitting issues caused by
insufficient data, Zhu et al. [3] chose the AlexNet
model and extracted features of the fully con-
nected layer, adopting an “end-to-end” approach
to explore the mapping relationship between tire
and tread images using the transfer learning
model.

3.1.3 Fusion Feature Extraction

The image retrieval method based on fused fea-
tures can improve the accuracy and robustness of
image retrieval, which mainly include two types:
the fusion of low-level features and deep features,
and the fusion between different deep features, as
shown in Fig. 6. The methods of feature fusion
include weighted fusion, concatenation fusion,
learning fusion, and ensemble methods. Utilizing
fused features for image retrieval can provide a
more comprehensive and enriched feature repre-
sentation, fully leveraging multi-source informa-

tion. Further, it exhibits strong noise resistance,
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as well as flexibility and scalability, which signifi-
cantly improve the accuracy and robustness of

image retrieval.

X Low-level
CSI Featu're ).C? features Fusion
image [ extraction : feature
g algorithm X, Deep
features

Fig. 6 The framework of feature fusion

1) Fusion of low-level features and deep fea-
tures Low-level features can capture low-level
vision information in images, such as texture and
color. On the other hand, deep features can cap-
ture the semantic content of images. In [51],
VGG-F and VGG-VD16 were selected as pre-
trained models, and chose to fuse three types of
low-level features, namely HSV color histogram,
Gabor features, and GIST spatial envelope fea-
tures. The results demonstrated that this algo-
rithm effectively describes the content of forensic
images while maintaining a high average preci-
sion rate. In [65], transfer learning was intro-
duced in the training of the CNN model, and a
new model for tire indentation images was
obtained by fine-tuning the network. The local
gradient direction ternary pattern (LGDTP) fea-
ture is fused with the features extracted from the
fully connected layers, producing more accurate
features.

2) Fusing between deep feature Deep neu-
ral networks have the capability to extract image
features from various layers. Typically, the shal-
low layers of the network primarily capture low-
level features, such as edges, textures, and colors.
As the network layer deepens, the intermediate
layers gradually uncover more complex features,
such as shapes, object and structures. The deeper
layers of the network can capture highly abstract
and semantic features. Liu et al. [52, 66] have
employed transfer learning to obtain a pre-
trained CNN model, extracted features from both
the convolutional and fully-connected layers of
the network. Additionally, they introduced an
adaptive feature learning network model, fine-

tuning the parameters learned by the autoen-

coder and softmax parameters collectively.

on CIIP-CSID demon-

strated that the proposed model enhances classi-

Experimental results

fication accuracy. Ma et al. [46] have proposed a
multi-part weighted convolutional neural net-
work (MP-CNN) for analyzing shoeprint images,
which divides the shoeprint image into two parts
and extracts sub-features from each part. The
importance weight matrix of the sub-features is
computed based on the information pixels con-
tained in them. The final feature is obtained by
fusing the convolutional layer features and fully
connected layer features. Experimental evalua-
tions demonstrate that this method achieves
promising results on the SPID dataset and
FID300 dataset.

3.2 Deep Metric Learning Based Retrieval

Metric Learning aims to measure the similarity
or distance between samples or features by learn-
ing a metric function. Its objective is to mini-
mize the distance between samples of the same
class while increasing the distance between sam-
ples of different classes. In recent years, deep
learning and metric learning have been com-
bined and proposed the concept of deep metric
learning [67]. Specifically, deep metric learning is
based on the principle of similarity between sam-
ples, and uses deep learning methods to learn
similarity metrics between data samples.

Deep metric learning leverages the powerful
expressive and nonlinear modeling capabilities of
deep neural networks by learning the mapping
relationship from raw data to embedded features,
in which, embedded features learned from nonlin-
ear subspace can better capture the intrinsic
structure and semantic information of the data.
Deep metric learning consists of three main com-
ponents: input information sample, network
model structure, and metric loss function [68].
This section summarizes the CSI image retrieval
methods from the perspective of network model
structure, focusing on Siamese networks and

Triplet networks combined with metric loss func-
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tions.

3.2.1 Siamese Network

Siamese networks learns from a discriminative
learning framework based on energy models. The
network takes two images as input and learns to
produce binary values. A value of “0” indicates
that the images belong to the same class, whereas
a value of “1” suggests different classes. The
Siamese network, as a metric learning method, is
trained by utilizing pairs of images containing
both positive and negative samples [69]. The dis-
tance between image pairs is calculated using a

loss function, in which the contrastive loss (Eq.

(1)) exhibits superior performance for the
Siamese network. This successful model effec-
tively maximizes or minimizes the distance
between objects, generating improved perfor-
CNN
| Imagel |——--—+| Gy(X)
X
! Contrastive
Shared weight loss
|
CNN A 4
| Image2 |———-—<>| G (X))

(a) Siamese network

[roiie JO%{ G
[ N0 ]
NN

mance. In deep metric learning, shared weights
are used to extract meaningful patterns between
images, as in Fig. 7 (a), possessing advantages in
terms of time and memory efficiency. Addition-
ally, there have been investigations into the com-
bination of Siamese networks and convolutional
neural networks in prior studiecs [49, 53, 70]. The
contrastive loss function L. for the Siamese net-

work model:
1

Le= (1_r)i(pwf+(r)%{max(o,m_pw)}2 (3)

where I' denotes the label value, taking the value
of 1 when the pair of inputs belongs to the same
class, and 0 otherwise. Dy, is employed within the
loss function to determine the distance between
two inputs. The parameter m represents the mar-

gin value in L.

Shared weight

h 4

Triplet loss

Shared weight

(b) Triplet network

Fig. 7 Neural network models for metric learning: (a) Siamese network; (b) Triplet network

Kong et al. [53] have proposed using the

multi-channel normalized cross-correlation
(MCNCC) method to match features. Later, the
combination of MCNCC and CCA provides an
efficient building block for constructing Siamese
network models, which can be trained in an end-
to-end discriminative learning framework. The
experiments demonstrate that even with very
limited data, this framework can achieve robust
cross-domain matching using a universal feature
extractor combined with a simple linear feature
transformation layer trained in segments, which
provides state-of-the-art performance for retriev-
ing shoe patterns matching crime scene evidence.
In [71], a method based on tattoo sketches is pro-
posed, which involves fine-tuning a CNN to

obtain a model for classifying both the sketch

and the real tattoo, then uses Siamese network to
train and generate feature vectors. The network
outputs a similarity metric between two feature
vectors, which are used for both the sketch and
the real tattoo images.

3.2.2 Triplet Network

The Triplet network inspired by the Siamese net-
work, consists of three elements: a positive sam-
ple, a negative sample, and an anchor sample
[72]. In pattern recognition, Triplet networks uti-
lize the Euclidean space to compare these ele-
ments, which directly relates to metric learning.
Eq. (2) demonstrates that triplet losses priori-
tize the similarity between pairs of samples from
the same class and different classes by utilizing
shared weights. Classification is then performed

by comparing the similarities of sample pairs
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(Fig. 7 (b)). The utilization of Triplet networks
enhances discrimination between intra-class and
inter-class relationships.

The Triplet network model has three inputs:
the anchor input X, the positive sample X” | and
the negative sample X ™. Triplet loss Ly:

Ly = max(0, [|Gy(X) — Gy(X7)]l,—
|Gw(X) — Gu(X™)||. + )® (4

where « is the margin value. In [46], footprints
are divided into different regions, MP-CNN uti-
lizes a Siamese network as the underlying struc-
ture and employs a triplet loss function as the
similarity metric. Experiments were conducted on
the FID-300 dataset, and the top 10% accuracy
was approximately 89.8%. In [54], the Triplet-
GAN approach is proposed to identify images of
human bodies with tattoos that uses a limited
number of labeled data samples. The combina-
tion of AlexNet and Siamese networks based on
triplet loss, has also been employed in the
retrieval of prospecting images [49, 70]. The
experimental results demonstrate that the triplet
loss function can enhance the performance of tat-
too matching systems compared to simple con-

trast loss functions.

3.3 Generative Adversarial Networks Based

Retrieval
A generative adversarial network (GAN) con-
sists of a generator network and a discriminator
network, in which the generator network gener-
ates new samples from random vectors in the
training set, while the discriminator network dis-
tinguishes between generated images and origi-
nal images. This approach can be used to
increase data samples, expand datasets, or gener-
ate more similar images.

In [54], the TripletGAN model integrates the
discriminator into the learning task of the triplet
network, which achieved better results (0.9178)
than a single Triplet network (0.9462) and a sin-
gle GAN network (0.8352) on the MNIST
dataset. In [73], the InfoGAN model is utilized

for the retrieval of face sketches to real images.

InfoGAN is an extension of GAN that

duces control variables such as style, thickness,

intro-

and type. It consists of three sub-models: a gen-
erator model, a discriminator model, and an aux-
iliary model for predicting the control variables,
in which, the auxiliary model is constructed by
including the control variables and trained using
the same weights as the discriminator model, uti-
lizing an information loss function. After the
training, the discriminator can be utilized to
search for visually similar images. The network
provides a comprehensive and well-defined fea-
ture representation for images and estimates
image similarity using spatial distance metrics

derived from the extracted features.

3.4 Autoencoder Networks Based Retrieval
Autoencoder (AE) is an unsupervised neural net-
work utilized for image reconstruction from
latent spaces, consisting of an encoder and a
decoder. The encoder compresses the input data
into a lower-dimensional representation known as
the hidden layer, which involves data compres-
sion and extraction of essential features. The
decoder reconstructs the hidden layer back to the
original input data dimensions, aiming to restore
the input data as accurately as possible. The
model is trained by minimizing the reconstruc-
tion error between the original image and the
reconstructed image using a loss function.

Cao et al. [44] have proposed an end-to-end
latent fingerprint search system, which includes
automatic region of interest (ROI) cropping,
latent image preprocessing, feature extraction,
feature comparison, and outputting a candidate
list. They introduced a detail detection method
based on convolutional autoencoder. Sabry et al.
[73] have proposed a facial sketch to real image
retrieval system based on convolutional autoen-
coder, in which, the latent vectors that are used
as image feature descriptors are obtained through
the hidden layers of the encoder. The decoder
utilizes the feature descriptors provided by the

encoder to reconstruct the images. Then, these
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attributes are combined with nearest neighbor
algorithms to determine comparable and similar
images. The advantage of this model is its abil-
ity to effectively represent image features in low-

dimensional vectors.

3.5 Attention Networks Based Retrieval

The attention mechanism is used to focus the
model’s attention on crucial parts or relevant
information within the input data. In CNN mod-
els, all input features are treated uniformly with-
out a distinct mechanism to handle interdepen-
dencies among different inputs. The attention
mechanism assigns different weights to different
inputs, allowing the model to selectively attend
to important input information and improve the
performance of the model.

In [30], the attention-based partial finger-
print recognition model (APFI) is proposed,
employing ResNet to extract feature descriptors,
and inserts channel attention modules into the
model to obtain more accurate fingerprint fea-
ture information from the residuals. To enhance
the recognition accuracy of partial fingerprints,
the angle distance between features is used to
calculate the similarity of fingerprints. In [55],
the attention pooling method utilizes multiple
functions (standard deviation, entropy, edge

detection, skin segmentation algorithm) to
weight the local features of the convolutional fea-
ture maps. The weighted functions emphasizes
the importance of local regions in tattoo images,
allowing the recognition process to consider spe-
cific domain features. The best convolutional
layer features and weights were selected through
experiments.

Ref.[73] have proposed an image retrieval
system based on vision transformer (ViT), which
is trained on both facial sketches and real images.
The descriptor of the image is represented by the
features learned by ViT itself, and the shifted
patch tokenization (SPT) is used to tokenize,
and then, encode the patches, achieving local

self-attention (LSA). Retrieval is performed

based on the spatial distance between features.

In [56], a novel dual knowledge distillation
(DKD) network is proposed for efficient retrieval
of crime scene investigation shoeprint images
(SPI), which consists of a sophisticated teacher
model and a lightweight student model. By using
the designed distillation loss function, the spatial
attention module (SA) and semantic knowledge
from the teacher model are transferred to the
student model to enhance its feature extraction
capability and improve the accuracy of SPI
retrieval.

In [57], an end-to-end deep hashing frame-
work is proposed for fast shoeprint image
retrieval and ranking, which embeds the spatial
transformer network (STN) into the deep hash-
ing network to enhance the robustness. With the
aid of the triple cross-entropy loss function, the
model can simultaneously achieve optimal class
separability and hash code separability during
the training phase. Furthermore, by utilizing
small samples and triple-label learning, this
approach alleviates the issue of sample imbal-

ance to some extent.

4 Dicussion

In recent years, as public safety has become a
major concern, the development of CBIR tech-
nology has gained significant attention. In light
of this, and considering the specific needs of pub-
lic security and criminal investigation, this sec-
tion suggests the following future research direc-
tions for CSIR.

4.1 Benchmark Database Construction

The existing public datasets have limited cover-
age in certain domains and scenarios, which hin-
ders the generalization ability of image classifica-
tion and retrieval models. Additionally, these
models often perform poorly when facing new
data and situations. To address this issue, it is
crucial to establish a comprehensive benchmark
database that

images. This database can be used to evaluate

encompasses various current
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the performance of the models.

4.2 End-to-End System

Future CSI image retrieval systems will empha-
size an end-to-end design approach, which
requires the development of a comprehensive sys-
tem framework that includes image acquisition,
processing, storage, retrieval, and representation.
By optimizing and integrating multiple compo-
nents, the overall performance of the retrieval

system is enhanced.

4.3 Multi-Modal Data Fusion

Image datasets are often accompanied by public
security records, text, voice, and other field
investigation data. By effectively integrating and
associating multi-modal data, including the addi-
tion of text and voice descriptions, more compre-
hensive and accurate information can be pro-
vided. This integration enhances the accuracy
and efficiency of current image classification and
retrieval. Moreover, by combining multiple data
types, the user’s query intent can be expanded,
resulting in more precise and comprehensive

search results.

5 Conclusion

This paper begins by providing an overview of
existing literature on insight image datasets,
focusing on single or comprehensive types. Then,
we analyze and summarize the recent advance-
ments in deep learning-based insight image
retrieval technology. These advancements can be
categorized into five main areas: feature represen-
tation, metric learning, generative adversarial
networks, autoencoder networks, and attention
networks. Furthermore, considering the current
development status and practical application
requirements of the image retrieval field, we out-

line future research directions in this area.
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