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Abstract

In the area of biometrics and document forensics, handwritten signatures are one of the most commonly accepted symbols.
Thus, financial and commercial institutions usually use them to verify the identity of an individual. However, offline signa-
ture verification is still a challenging task due to the difficulties in discriminating the minute but significant details between
genuine and skilled forged signatures. To tackle this issue, we propose a novel writer-independent offline signature verifica-
tion approach using attention-based multiple siamese networks with primary representation guiding. The proposed multiple
siamese networks regard the reference signature images, query signature images, and their corresponding inverse images as
inputs. These images are fed to four weight-shared parallel branches, respectively. We present an efficient and reliable mutual
attention module to discover prominent stroke information from both original and inverse branches. In each branch, feature
maps of the first convolution are utilized to guide the combination with deeper features, named as primary representation
guiding, which guides the model into concerning the shallow stroke information. The four branches are concatenated in an
ordered way and are put into four contrastive pairs, which is helpful to obtain useful representations by comparing reference
and query samples. Four contrastive pairs generate four preliminary decisions independently. Then, the eventual verification
result is created based on the four preliminary decisions using a voting mechanism. In order to assess the performance of
the proposed method, extensive experiments on four widely used public datasets are conducted. The experimental results
demonstrate that the proposed method outperforms existing approaches in most cases and can be applied to various language
scenarios.

Keywords Attention mechanism - Multiple siamese networks - Contrastive pairs - Primary representation guiding - Offline
signature verification

1 Introduction concentrates on handwriting, voice and gait of an individ-

ual. Despite the differences among these biometrics, they

Biometrics is to estimate an individual’s identity using vari-
ous characteristics, which is capable of making our life safer
and more convenient. In general, biometrics can be classified
into physiological biometrics and behavioral biometrics [1].
An ideal biometric should be universal and unique. Besides,
the characteristics should be stable for a long period and
be easy to obtain. Physiological biometrics considers finger-
prints, iris and facial scans. However, behavioral biometrics

Y.-J. Xiong, S.-Y. Cheng: These authors contributed equally to this
work.

X Yu-Jie Xiong
xiong @sues.edu.cn

School of Electronic and Electrical Engineering, Shanghai
University of Engineering Science, Shanghai 201620, China

both contribute to building a reliable system for personal
authentication. As ones of the oldest accepted symbols to
verify a person’s identity, handwritten signatures have many
advantages. Signatures are closely related to writing habits
and are difficult to replicate. In addition, they are generally
easy to access. Thus, signatures are extensively used in the
field of finance, commerce and military. Signature verifica-
tion aims to confirm or reject a personal claimed identity
by analyzing his/her handwritten signatures. Manual signa-
ture verification requires specialized professional training
which is time-consuming, and exists uncertainties during the
authentication procedure. Powered by the rapid development
of pattern recognition and artificial intelligence, automatic
signature verification has attracted much attention recently.
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Fig.1 Samples of CEDAR, BHSig-H, BHSig-B and UTSig dataset. Each row contains six signatures. Columns (1) and (2) are genuine signatures,

and columns (3), (4), (5) and (6) are forged signatures

Generally, signature verification systems are divided
into writer-dependent (WD) and writer-independent (WI)
approaches [2]. For writer-dependent approaches, the model
is trained for each user’s signatures using some signatures of
the user, while writer-independent approaches aim to conduct
a uniform model to classify signatures from all users. There
are two types of the input for an signature verification sys-
tem based on data acquirement means, online (dynamic) and
offline (static) data. For online data, chronological informa-
tion such as the velocity, pressure, inclination and direction
of pen movement will be recorded. The offline data are
obtained with optical scanner devices and represented as
static signature images. For realistic scenarios, offline signa-
tures are easy to obtain, and writer independent approaches
are capable of training and testing a verification system with
a different subset of users. Therefore, writer-independent
offline signature verification covers most practical applica-
tion scenarios and is the most critical and challenging task.

For signature verification systems, handwritten signatures
are classified as genuine or forged. The forgeries are the imi-
tations of genuine signatures and are broadly classified into
three types: random, simple and skilled forgery [3]. Random
forgery is the forging of a signature without knowing the
name of the signer and the signature patterns. As for simple
forgery, the forger only knows his/her name but has never
seen the genuine signatures. Skilled forgery is established by
the forger who has seen genuine signatures and practiced the
writing pattern repeatedly. Under such circumstances, there
are high similarities between genuine and forged signatures.
Figure 1 shows examples of signatures from four different
widely used datasets: CEDAR [36], BHSig-H, BHSig-B [37]
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and UTSig [38]. Each row contains two genuine signatures
of the same writer and four skilled forgeries. It is noticed
that skilled forgeries are very similar to genuine signatures.
Furthermore, genuine signatures of the same writer are not
totally the same that indicates they exist high intra-class vari-
ability.

In practical applications, there are a small number of sig-
natures used for training a verification system. In addition,
the writer-dependent system needs to be retrained for every
new writer, which is time-consuming. Thus, it is meaningful
to construct a unified model which is capable of detecting the
characteristic differences between genuine and forged signa-
tures, and confirming the identity of unknown writers without
extra training. In this paper, we propose attention-based
multiple siamese networks (MSN) with primary representa-
tion guiding for offline signature verification. MSN receive
the reference and query signatures and their corresponding
inverse images. The input original reference and query sig-
natures are grayscale images. These images are referred to
four weight-shared branches. Mutual attention modules are
proposed to ensure that the networks pay more attention to
effective stroke information of signatures by connecting the
original and inverse branches. Furthermore, we propose pri-
mary representation guiding to connect shallow features with
deeper ones to realize feature reuse and avoid spatial crucial
information lost problems. The features from four branches
are formed into four contrastive pairs, which contribute to
learning discriminative features by comparisons of signa-
tures. The contrastive pairs are transmitted to four classifiers
which make the preliminary decisions independently. At last,
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the final decision is generated using a voting mechanism in
accordance with the four preliminary decisions.
The main contributions of this paper are as follows:

e We propose multiple siamese networks with primary
representation guiding which strengthens feature prop-
agation and encourages feature reuse. The spatial infor-
mation of signature image is lost caused by the usage of
pooling operation, the deployment of multiple siamese
networks and primary representation guiding that is vital
in improving the flow of stroke information.

e We propose a mutual attention module that considers the
information between signatures and their corresponding
inverse images in the multiple siamese networks. The
attention module comprises spatial and channel atten-
tion mechanism, which enables the networks capture and
focus prominent stroke information efficiently.

e Contrastive pairs are employed to maximize similarity
between original and inverse images. Contrastive pairs
ensure the networks extract meaningful representation
by comparison of features from both original and inverse
images discriminatively.

e Four widely used datasets are used to evaluate our
proposed method. Benefiting from the above three strate-
gies, our best EER on CEDAR, BHSig-B, BHSig-H
and UTSig datasets reached 1.12%, 8.11%, 10.17% and
18.08%, which outperforms other existing approaches.

The remainder of this paper is organized as follows: Sect. 2
gives a literature review of related researches on signature
verification; Sect.3 describes the details of the proposed
method; Sect.4 provides experimental results and discus-
sions. Finally, Sect.5 concludes this paper and presents the
future work.

2 Related work

Signature verification has attracted great attention in doc-
ument analysis over the past decades and has played a
significant role in numerous areas such as financial, com-
mercial, security and judiciary [4-6]. Despite the remarkable
progress, signature verification is still very challenging due to
the high intra-class variety and low inter-class variety among
signatures from different writers.

In developing an offline signature verification system,
there are mainly three steps: pre-processing, feature extrac-
tion and classification. The pre-processing step often includes
image enhancement and size normalization. During the step
of feature extraction, a lot of unique handcrafted features
extracted from signature images have been employed to ver-
ify a person’s identity. The existing employed features can be
roughly divided into two categories: functions or parameters

[7]. For the classification step, writer-dependent and writer-
independent classifiers are normally applied to judge the
authenticity of acquired features. Meanwhile, with the emer-
gence of deep neural networks (DNN), several approaches
also tried to realize signature verification using DNN. Unlike
traditional handcrafted features, DNN learn feature mapping
from training data directly and accomplish the classification
at the same time.

2.1 Traditional approaches

For traditional approaches, the crucial step of building a
robust offline signature verification system is to extract high-
quality stroke features. The feature extraction techniques can
be mainly divided into function-based and parameter-based
techniques. The function-based features consider the tempo-
ral information in the signature and are applied for online
signature verification, while parameter-based features char-
acterize the signature as a vector of elements [7, 8]. Moreover,
parameter-based features can be divided into two categories:
global and local parameters. For global parameters, Baltza-
kis et al. [9] proposed a series of grid and texture features
for signature verification. Drouhard et al. [10] utilized the
directional probability density function as a global character-
istic to describe the signature. A. Dutta et al. [40] proposed
a method for offline signature verification. Their approach
combines local features and global statistics within signature
images using histogram of oriented gradients (HOGs). Zois
et al. [11] introduced a feature extraction scheme that relies
on the detection of first-order transitions between asymmet-
rical lattice arrangements of simple pixel structures. In Ref.
[12], a parameter-free feature was proposed to explore local
and global information of visibility graphs.

Determined by the scale of local details, local parameters
can be classified into component-oriented and pixel-based
features. For component-oriented features, Oliveira et al.
[13] investigated caliber and symmetry of signature as static
graphometric features to automated signature verification.
Aubin et al. [14] analyzed simple and individual strokes to
verify the writer’s identity. Rivard et al. [15] utilized gra-
dient directions to obtain the high intra-personal variability
of handwritten signatures. Bertolini et al. [16] introduced
a new graphometric feature set which considers simulating
the most important segments of the signature by using Bezier
curves. For pixel-based features, Sabourin et al. [17] took the
extended shadow code as a global feature vector for signa-
tures which permits the local projection of the handwriting.
Ferrer et al. [18] utilized local binary pattern (LBP) to mea-
sure the robustness of gray-level features when the signature
background is complex. Solar et al. [19] utilized Scale Invari-
ant Feature Transform (SIFT) features to extract local interest
points in offline signature verification systems. Okawa [20]
employed Fisher Vector (FV) as encoding of KAZE features
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from both genuine and forged signature images to extract
discriminative features.

2.2 Deep learning approaches

Deep neural networks are able to extract different discrimi-
native features and classify the object from end to end. It has
become one of the most popular and powerful methods in
computer vision and natural language processing [21, 22]. In
the field of offline signature verification, Hafemann et al. [23]
proposed a two-stage CNN to obtain the writer-independent
feature representation. They also presented different effec-
tive strategies that use skilled forgeries to guide the feature
representation process [5]. Furthermore, deep convolutional
generative adversarial networks were applied in Ref. [25];
the networks were with multi-phase architecture and utilized
unsupervised learning from feature extraction.

Siamese network is a typical structure of CNN. It usu-
ally contains two identical subnetworks and computes the
distance metric between the highest level feature represen-
tations. It was first proposed by Bromley et al. [26] and has
been very popular for verification tasks. In the area of sig-
nature verification, Dey et al. [4] proposed Signet based on
the siamese network for writer-independent offline signature
verification. Xian Zhang et al. [49] developed a pioneer-
ing deep learning model named the Multi-Path Attention
Siamese Convolution Network (MA-SCN) to address the
challenge of maintaining a delicate balance between achiev-
ing high accuracy and maintaining a low model capacity in
the context of writer-independent offline signature verifica-
tion. Xiao et al. [50] presents a two-stage siamese neural
network model for offline handwritten signature verification.
Amruta B. Jagtap et al. [51] introduced a method involving
siamese neural networks and convolutional neural networks
(CNNs) for signature verification. Wei et al. [27] proposed
inverse discriminative network which is capable of intensi-
fying the effective information of signatures. Mustafa et al.
[28] utilized two-channel CNN as a feature extractor, where
the two channels represent reference and query signatures,
respectively. Similar work was extended in Ref. [29], Lin et
al proposed a 2-channel-2-logit network, which uses logits as
the output of convolutional layers to measure the similarity
between reference and query signatures.

The stroke information is sparse in signature images, and
the most of pixels are background pixels. Attention mech-
anism makes networks enhance weak information from the
input data which is significantly relevant to the output. Up to
now, many successful approaches have been reported. Wang
etal. [30] proposed a residual attention network that captures
mixed attention. Hu et al. [31] introduced a squeeze-and-
excitation block by modeling the interdependencies between
the channels of convolutional layers. Ren et al. [52] employed
a transformer-based method called 2C2S for signature verifi-
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cation. This approach processes original and central-cropped
signature pairs using two streams, with the incorporation
of a squeeze-and-excitation operation and an upsampling
enhancement module. The 2C2S model attains high verifica-
tion accuracy across various datasets, showcasing its efficacy
in the field of signature verification. Chen et al. [32] proposed
a reverse attention block which guides the whole network
sequentially discover complement object regions and details.
Woo et al. [33] combined both channel and spatial atten-
tion modules for attention-based feature refinement. Except
for attention mechanism, feature reuse also improves the
verification performance. Huang et al. [34] proposed dense
convolutional networks, which connect each layer to other
layers and strengthen feature representation. Motivated by
the above ideas, attention-based multiple siamese networks
with primary representation guiding are proposed to capture
the discriminative stroke information between signatures.

3 The proposed method

The architecture of our proposed attention-based multiple
siamese networks with primary representation guiding is
illustrated in Fig.2, and the parameters of each branch of
the proposed method are listed in Table 1.

At first, the signature images are passed through sev-
eral preprocessings to remove extraneous information. Then,
the proposed multiple siamese networks take these images
(i.e., original signature images with white backgrounds and
inverse signature images with black backgrounds) as inputs,
which leads the model to highlight the stroke information
instead of the background pixels. Note that the foregrounds
of all signatures maintain grayscale strokes. These signature
images are delivered to four weight-shared branches with the
same structure. The two branches which receive original sig-
nature images are named as original branches, while the other
two branches receiving inverse images are named as inverse
branches. In every single branch, there are four convolutional
modules, and each module consists of two convolutional lay-
ers followed by Rectified Linear Units (ReL.U) function and
a pooling layer. The channel number of four convolutional
modules in each branch is 32, 64, 96 and 128, respectively.

The micro but significant stroke deformation information
is easily lost in the pooling operation. In order to deal with
this problem, primary representation guiding is proposed. For
original branches, feature maps of the first layer in the first
convolutional module are extracted. They are then added to
the output of each other convolutional modules and are used
as the input of following convolutional modules. In con-
sideration of the mismatching problem of feature size and
dimension during the addition operation, a transformation
module composed of the nearest neighbor algorithm and 1x 1
convolution layer is utilized to address this issue. As shown in
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Fig.2 Architecture of the proposed multiple siamese networks with primary representation guiding

Fig. 2, there are eight mutual attention modules in MSN. Each
of them receives the output both from convolutional modules
in the original branch and the first convolutional layer in the
inverse branch. Then, feature maps are passed to the sec-
ond layer of the convolutional module in the inverse branch
via the attention module. It contributes to ensuring the net-
works focus on discriminative stroke information between
original and inverse branches. The last feature maps from
four branches are concatenated with each other and grouped
into four contrastive pairs. With the help of global average
pooling, these pairs are fed into fully connected layers and
make independent preliminary decisions. The final results are
generated from these decisions using a voting mechanism.

3.1 Pre-processing

Before the signature images are fed into the proposed MSN,
it is necessary to enhance the quality of signature images.
The following measures are adopted.

Remove the noise. In order to make the networks learn
as many characteristic attributes of signatures as possible,
we attempt to remove noise and keep foreground informa-
tion about the signature itself. First, OTSU algorithm [35]
is utilized to separate the foreground and background area
and to obtain the binarized image. Second, for the binarized
signature image, if the pixel value X;; is not 0, it is reset to
1.
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Table 1 Summary of the Parameters of Each Branch in MSN

Layer Size Other parameters

Input 1 x 155 x 220 -

Convolution 32x3x3 Stride = 1, pad = 1

Pooling 32x2x2 Stride = 2

Convolution 64 x3x3 Stride = 1, pad = 1

Pooling 64 x2x2 Stride = 2

Convolution 96 x3x3 Stride = 1, pad = 1

Pooling 96 x 2 x 2 Stride = 2

Convolution 128 x 3 x 3 Stride = 1, pad = 1

Pooling 128 x2 x 2 Stride = 2

GAP - -

Fully Connected 512 -

Fully Connected 1 -

Xu={?§”:0 (1)
ij #0

Third, the original grayscale image ,y;ginq is dot-multiplied
with the mask X to obtain the signature grayscale image /.

I = Iariginul * X (2)

However, there may still exist useless saturated noisy pixels at
the image edges. The cropping of these borders contributes to
reducing unnecessary calculations. The algorithm is imple-
mented as follows:

saved, S¢c>m
removed, Sc.c <m

cc:{ 3)

The first step is to find all Connected Components (CC) in
the image and count the size S, of them. Then, a threshold
m is defined to remove these components. In this way, the
remaining noisy pixels are removed.

Resize the images. Signature images have different sizes.
Asatypical CNN, the input size of our proposed MSN should
be fixed. Thus, all images need to be resized into 155 x 220
using the linear interpolation.

Invert the images. All original signature images are
inverted to generated inverted signature images. More specif-
ically, the pixel lipyered Of the image is calculated as:

Linverted (X, y) =255 — I(x,y) 4

Figure 3 shows the pre-processing results of the signature
images.
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(a) Original image (b) Pre-processed image

Fig.3 Pre-processing results of signature images

3.2 Primary representation guiding

Downsampling reduces the number of parameters and model
complexity, and it is a commonly used operation in CNN. For
personal authentication, the crucial information is attached
to the strokes of handwritten signatures. However, the micro
but meaningful deformations of signatures are illegible after
downsampling. To further enhance the information flow
between convolutional modules and ensure the networks
focus on low-level stroke features, direct connection of fea-
ture maps from the first convolutional layer to subsequent
layers is employed. To reduce the calculation complexity,
the features are not combined together through concatena-
tion before they are fed into following layers; instead, they
are combined to a single tensor using element-wise addition.
In view of the mismatch problem of size and feature channel
numbers, a downsampling operation and 1 x 1 convolutional
layers are applied in our architecture. Figure 4 shows the
layout of the proposed method schematically. The input of
(I+1)-th (I =1, 2, 3) convolutional module is described as:

xi+1 =17 (x1) + H; (x1) ©)

where x; refers to the output of first layer in the first con-
volutional module. x;41 denotes the input of (I + 1)-th
convolutional module. 7; is a composite function of size and
channel transform operation. H; can be regarded as another
composite function of operations such as convolution layer,
rectified linear unit and pooling layer.

[l Convolutional layer
I Max-pooling layer
O Convolutional module

@ Size and channel transform

Fig.4 Illustration of the primary representation guiding
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3.3 Mutual attention module

Inspired by previous attention mechanisms [30-33], we
present an efficient mutual attention module to make the
networks capture discriminative stroke features between
original and inverse signature images. By transferring infor-
mation from original images to inverse images, the networks
are capable of focusing on mutual details of signature images,
thus improving the model performance. There are eight
attention modules in MSN. In shallow layers, the attention
modules enhance the representations of low-level features.
In deep layers, the obtained high-level features have a more
essential description of the semantic information, which is
also conducive to verification. Figure 5 shows the structure
of the proposed mutual attention module. In order to opti-
mize the training process, residual connections are employed.
Note that both spatial and channel attention are adopted in
our work.

Spatial attention aims to discover which area of the sig-
nature image is informative. The output features of original
branches are defined as R. These features are fed into convo-
lutional layers through upsampling operation with the nearest
neighbor algorithm. Then a sigmoid activation function is
used to transform features and obtain pixel-level attention
scores. S indicates the output after the activation function,
and O represents the output after the first convolutional layer
of convolutional modules in inverse branches. The feature S
is multiplied by O to generate weight distribution and added
to O which can be expressed as S - O + O, and thus restrain
unimportant information and enhance crucial features of sig-
natures.

Channel attention is utilized to exploit the relationship
among channel features. Global Average Pooling (GAP) and
Global Max Pooling (GMP) layers receive the output fea-
tures of spatial attention, respectively. GAP layers are able to
collect global information of feature maps and avoid overfit-
ting. GMP layers lead the model to capture more identifiable
stroke features. The output features from GAP and GMP

Spatial attention

___________________________________________

R 1 1

|

a.B ) o009

; Upsampling s 5o so010
{

______________ Cor "_vo_l"ﬁ“_"_________________]l____,'
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@) sigmoid function (©) clement-wise multiplication
@ element-wise addition ® multipling channels with weights

Fig.5 Architecture of the proposed mutual attention module

Signatures [~ ~

(1)

(2)

(3)

Fig.6 Heatmap visualization from attention modules of Ref. [27] (left)
and ours (right)

layers are then fed into FC layers. After the summation
over output feature maps of FC layers, a weight vector C is
produced through sigmoid activation. The channel attention
mechanism is described as:

W, = o (FC(GAP(S - O + 0))

+FC(GMP(S - O + 0))) &
where o represents the sigmoid function, and W; denotes
the attention weights of ¢-th channel. In the end, an attention
mask (5§-O+ ) xC is generated through element-wise mul-
tiplication and is fed into the second layer of convolutional
modules in inverse branches.

The mutual attention module makes MSN possible to
discover prominent stroke features from both original and
inverse branches. Figure 6 shows some feature maps output
from attention modules. Row 1 denotes the signature sam-
ples after pre-processing, and the remaining rows represent
visualization results of the output from different-level atten-
tion modules. In order to demonstrate the effectiveness and
efficiency of our attention module, the visualization results
of proposed mutual attention module are compared with that
of Ref. [27]. The red region corresponds high attention to
strokes, while the dark blue region represents the model is
indifferent to the background. Column 1 denotes the visu-
alization results of Ref. [27], while column 2 represents the
results of our proposed attention module. From the compar-
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ison between the red box and the yellow box in Fig. 6, it
indicates that the our proposed attention module gives more
concerns to the stroke features, which contributes to discov-
ering more prominent strokes from both original and inverse
branches.

3.4 Contrastive pairs

MSN contain four weight-shared branches and needs fur-
ther processing to obtain the final result. It is meaningful
to learn useful differentiated information by comparing ref-
erence samples with query samples. Therefore, combining
reference and query features in an ordered way is con-
sidered. More specifically, the feature maps output from
four branches are concatenated to four contrastive pairs.
The four reference-query pairs are inverse reference-original
query signatures, original reference-original query signa-
tures, original reference-inverse query signatures and inverse
reference-inverse query signature, respectively. The feature
maps of each contrastive pair are spatially pooled using GAP
which is possible to enforce correspondences between fea-
ture maps and categories. Then, the features are fed into FC
layers to produce the class predictions. The value of c-th
channel z. after GAP layer can be calculated from c-th fea-
ture map p.. The formula is defined as:

1 H W
te= s 2> pelis ) (7

i=1 j=1

where H and W are height and width of the feature map.

Each contrastive pair is capable of determining whether
the input pair is genuine-genuine or genuine-forgery inde-
pendently. MSN should make the same decision for all
contrastive pairs no matter if the signature is inverted or not.
In order to measure the difference between different pairs, a
binary cross-entropy-based loss function is utilized:

4
Loss (X, Yi) ==Y _wilyilogx; + (1—y;) log (1 — x,)]
i=1

®)

where y; is the binary ground truth label, denoting whether
the reference and query samples belong to the same writer
or not. x; denotes prediction probability which ranges from
[0,1].

There are four decision results according to the structure of
MSN. It is necessary to produce the final prediction results.
Thus a voting mechanism is put forward here to solve the
problem which can be calculated as follows:

_J1, N, =3
Pre—{o’ Ny, <3 ©)]
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where N, is the number of contrastive pairs being predicted
as genuine samples correctly. Pre indicates whether the two
signatures are from the same writer or not.

4 Experiments and discussions

In this section, we demonstrate several experiments that
reflect the various aspects of the proposed method for
establishing the authorship of offline writer-independent
handwritten signatures.

4.1 Datasets and experimental protocol

In order to evaluate the proposed method, we consider four
publicly available datasets: CEDAR [36], BHSig-B, BHSig-
H [37], and UTSig [38]. These datasets bring a unified
solution to compare various approaches and evaluate their
verification performance in a relative fair testing environ-
ment. Here is a brief description of the four datasets.

The CEDAR dataset is an English signature dataset that
contains 55 individuals’ samples [36]. Every writer is asked
to sign 24 genuine signatures. There are 24 skilled forg-
eries per writer which are collected from about 20 skillful
forgers. Therefore, the dataset comprises 24x55 = 1,320
genuine signatures and 1,320 forgeries. These signatures
are scanned at 300 dpi resolution in grayscale format and
stored as PNG images. The BHSig260 dataset [37] consists
of two parts: BHSig-B and BHSig-H Dataset. BHSig-B is
a Bengali dataset that contains 100 sets of offline handwrit-
ten signatures. For each writer, 24 genuine signatures and 30
skilled forgeries are available. This results in 24 x 100 = 2,400
genuine signatures and 30x 100 = 3,000 forgeries. BHSig-H
contains 160 individuals’ samples which are written in Hindi.
It consists of 24 genuine signatures and 30 forgeries for each
writer, resulting in 24 x 160 = 2,840 genuine signatures and
30x 160 = 4,800 skilled forgeries altogether. Both BHSig-
B and BHSig-H dataset are collected from individuals with
different educational backgrounds and ages. The signatures
are scanned in grayscale format with 300 dpi resolution and
stored as TIFF files. The UTSig dataset is a Persian language
signature database and contains 115 individuals’ signatures
[38]. For each writer, there are 27 genuine signatures and 45
forgeries. As a result, 27x 115 = 3,105 genuine signatures
and 45x 115 = 5,175 skilled forgeries are collected. The sig-
natures are scanned at 600 dpi resolution and stored as TIF
files.

Our proposed method is designed for writer-independent
signature verification. Thus, the datasets need to be divided
into training and testing samples independently. In columns
2 and 3 of Table 2, the number of writers used for train-
ing and testing is given. As an example, CEDAR dataset
contains 24 genuine signatures for each writer; thus, there
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Table 2 The Details of Experimental Protocol on Different Datasets

Dataset Train Test Positive pairs Negative pairs
CEDAR 50 5 276 276
BHSig-B 50 50 276 276
BHSig-H 100 60 276 276
UTSig 60 55 351 351

Table 3 Confusion Matrix for

) : True label Predicted label
the Classification Results N
0 TN FP
1 FN TP

are C%4 = 276 genuine-genuine signature pairs. By combin-
ing all the genuine-forgery signatures of each writer, there
are 24 x 24 = 576 negative pairs and 276 genuine-forgery
pairs are randomly selected from each writer to balance the
similar and dissimilar classes. Likewise, for BHSig-B and
BHSig-H datasets, there are C%4 = 276 genuine-genuine
and 276 genuine-forgery signature pairs for each writer.
For UTSig, there are C227 = 351 genuine-genuine and 351
genuine-forgery pairs per writer. Columns 4 and 5 in Table 2
give the number of positive and negative pairs of each writer
used from the four datasets.

A global threshold 7 is used to verify whether the refer-
ence and query samples are a genuine-genuine or genuine-
forgery pair. Table 3 provides the confusion matrix for the
verification results based on threshold 7. In Table 3, 0/1 rep-
resents the query signature is forged/genuine, respectively.
TP (True Positive) represents the number of genuine signa-
tures that have been predicted as genuine. TN (True Negative)
represents the number of forged signatures that have been
predicted as forgeries. FN (False Negative) represents the
number of genuine signatures that have been predicted as
forgeries. FP (False Positive) represents the number of forged
signatures that have been predicted as genuine signatures.

Several metrics are considered to evaluate our approach
according to Table 3. FAR (False Acceptance Rate) is defined
as the ratio of forgeries accepted as genuine samples by
the verification system, while FRR (False Rejection Rate)
is defined as the ratio of genuine signature rejected by the
system. EER (Equal Error Rate) and AER (Average Error
Rate) have also been used to measure the performance of the
proposed verification system. EER indicates the error rate
when FAR and FRR are equal, while AER is the average
value of both FAR and FRR. ACC (Accuracy) denotes the
ratio of correct predictions over all test signatures.

FP

FAR = ——
TN+ FP

(10)

Table 4 Verification Performance of Different Contrastive Pairs on
BHSig-B Dataset(%)

Number FAR FRR EER ACC
2 pairs 13.99 11.51 12.75 87.24
3 pairs 17.66 7.56 12.62 87.38
4 pairs 13.63 9.91 11.77 88.22
FN
FRR= —— (11)
FN+TP
FAR + FRR
AER = ——— (12)
TP+TN
ACC = (13)

TP+FP+TN+FN

4.2 Analysis of contrastive pairs for multiple
siamese networks

In order to investigate the effectiveness of the proposed mul-
tiple siamese networks, we begin investigating if the number
of contrastive pairs for multiple siamese networks can be
utilized. The input of multiple siamese networks is four sig-
nature images which two of them are original images and
the others are inverse images. A contrastive pair is com-
posed of two of those four parallel branches. The number
of contrastive pairs has an influence on the effectiveness
of multiple siamese networks. The local contrastive infor-
mation is cracked when the number of contrastive pairs
is too small. The more feature usually mean better prefer-
ence. There are four parallel branches mentioned in Sect. 3.
We choose 2, 3 and 4 contrastive pairs of them to obtain
the final verification results, respectively. Two contrastive
pairs consist of original reference-inverse query signatures
and inverse reference-original query signatures. Three con-
trastive pairs consist of original reference-inverse query
signatures, inverse reference-inverse query signatures and
inverse reference-original query signatures. The verification
results are summarized in Table 4. It can be seen that the
4 contrastive pairs of proposed method get the best experi-
mental performance, and the accuracy is 87.24%. It proves
that the proposed 4 contrastive pairs are capable of learning
effective feature representations by comparisons of reference
and query signatures. Note that the primary representation
guiding and mutual attention modules are removed in the
experiment.

4.3 Analysis of mutual attention module for
multiple siamese networks

The attention module plays a significant role in discovering

information from original branches and inverse branches. In
this subsection, we evaluate the performance of the proposed
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Table 5 Verification Performance of Attention Module on BHSig-B
Dataset(%)

Table7 Verification Performance of Different Deployments of Primary
Representation Guiding on BHSig-B Dataset(%)

Model FAR FRR EER ACC Model FAR FRR EER ACC
No attention module 11.54 11.89 11.71  88.28 Original branches 10.71 9.52 10.11 89.88
Attention module in Ref. [27] 1237 945 11.06  88.93 Inverse branches 11.31 9.05 10.18 89.81
Mutual attention module (ours) 1349 755 10.52 8947 Both 10.73 10.49 10.61 89.38

Table 6 Verification Performance of two strategies on attention module
on BHSig-B dataset(%)

Strategy FAR FRR EER ACC
I-to-O 15.05 4.53 9.11 90.20
O-to-1 8.07 8.14 8.11 91.88

mutual attention module. Our module is compared with that
of Ref. [27] to demonstrate that mutual attention focuses on
more prominent stroke features. Table 5 gives the perfor-
mance of the proposed mutual attention module on BHSig-B
Dataset. It can be seen that our attention module exceeds that
of Ref. [27]. Note that multiple siamese networks without
attention module achieve the lowest FAR, which means the
attention model increases the probability of false acceptance.

In our attention module, the output features from orig-
inal branches are element-wise multiplied with the feature
maps of the first layer from convolutional modules in inverse
branches. In other words, we employ the information of orig-
inal branches to energize the feature extraction of inverse
branches(O-to-I). Theoretical, the information of inverse
branches can be also used to energize the feature extraction
of original branches (I-to-O). Comparative experiments are
conducted on BHSig-B dataset to verify which strategy is
better. Table 6 shows the experimental results of two strate-
gies. The best verification performance is achieved by the
strategy of O-to-I.

4.4 Analysis of primary representation guiding for
multiple siamese networks

Primary representation guiding connects low-level features
with higher ones to make the model focus on low-level stroke
information. Three types of connections can be designed
according to the deployment of primary representation guid-
ing. In other words, primary representation guiding can be
deployed in the original branches, inverse branches or both
original and inverse branches. The performance results of
three types of connections are shown in Table 7. The accu-
racy of proposed primary representation guiding in original
branches is 0.07% percentage points higher than the inverse
branches, which means the low-level stroke features con-
tribute to the networks learning ability. However, when we
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deploy proposed primary representation guiding on both
original and inverse branches, the results perform not well as
expected, demonstrating that a simple stack of the primary
representation guiding method may cause the performance
reduction problem. In fact, there are only very small differ-
ences among the performance of three deployments.

4.5 Ablation analysis of the proposed method on
various datasets

There are three main contributions of the proposed method:
Contrastive Pair (CP), Mutual Attention (MA) and Primary
Representation Guiding (PRG). The ablation experiments are
conducted to discover the best combination of three con-
tributions in different ways. There are totally four modes
on the basis of baseline: CP+MA, CP+PRG, MA+PRG and
CP+MA+PRG (baseline means the initial multiple siamese
networks without mutual attention and primary represen-
tation guiding). Table 8 gives the verification results of
different combinations on BHSig-B dataset, respectively.
CP+MA+PRG achieves the best performance in ACC, FAR
and EER metrics. CP+MA-based mode gets the lowest FRR,
while its FAR is the highest among four combinations. To
sum up, we get performance improvements, an ACC of
4.64% on BHSig-B dataset than baseline.

In order to prove applicability of our proposed method
(CP+MA+PRG), it is also evaluated on other three datasets.
From Table 9, we can see that the proposed method achieves
performance improvements on the all three datasets. Com-
pared with the baseline, the accuracy increased most on
UTSig which is 7.73%, FAR decreased most on UTSig
dataset which is 4.14%, FRR decreased most on UTSig
dataset which is 11.12%, and EER decreased most on UTSig

Table 8 Verification Performance of Different Combinations on
BHSig-B dataset(%)

Model FAR FRR EER ACC
Baseline 13.99 11.51 12.75 87.24
CP+MA 10.42 6.44 8.43 91.56
CP+PRG 8.23 10.88 8.96 90.43
MA+PRG 8.89 8.72 8.80 91.19
CP+MA+PRG 8.07 8.14 8.11 91.88




Attention-based multiple siamese networks with primary representation...

205

Table9 Comparison With Baseline on CEDAR, BHSig-H and UTSig

Table 10 Comparison With Other Approaches on the BHSig-B
Dataset(%)

Dataset (%)
Dataset Method FAR FRR EER ACC Method Type FAR FRR ACC
CEDAR Baseline 1.30 6.66 3.98 96.01 Dey et al. [4] WI 13.89 13.89 86.11
MSN (ours) 0.72 2.17 1.12 98.56 Lin et al. [29] WI - - 88.08
BHSig-H Baseline 14.34 12.55 13.45 86.54 Pal et al. [37] WD 33.82 33.82 66.18
MSN (ours) 14.81 5.54 10.17 89.82 Jadhav et al. [39] WD - - 90.36
UTSig Baseline 21.31 30.31 25.81 74.18 Jain et al. [41] WI - - 76.03
MSN (ours) 16.90 19.19 18.08 81.91 Xiao et al. [50] WI 14.25 6.41 90.64
MSN (ours) WI 8.07 8.14 91.88

dataset which is 7.73%. The results on CEDAR achieve the
best performance than other datasets. The performance on
UTSig dataset only achieves 81.91%, and it is mainly because
UTSig dataset is a more challenging dataset.

It can be concluded from Table 9 that the performance of
the proposed method excels the baseline to varying degrees
on different datasets. Figure 7 shows the ROC curves of the
proposed method on the four datasets. For BHSig-B dataset,
more curves are displayed since the ablation experiments
are performed on it. The results prove the effectiveness and
strength of MSN. Moreover, the average of Genuine-Genuine
(G-G) and Genuine-Forgery (G-F) prediction probabilities
produced for each writer on the four datasets is illustrated in
Fig. 8. The prediction probabilities are expected to be kept
as larger as possible for G-F, while the probabilities are sup-
posed to be kept as smaller as possible for G-G. Nonetheless,
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it can be observed there remain probability values of G-G
and G-F for the writer with same index is in close proximity,
which reflects the forgeries are difficult to distinguish from
genuine ones in the existing system.

4.6 Performance comparison with the
state-of-the-art methods

We also compare the proposed method with other state-of-
the-art approaches on the four datasets. Table 10 shows the
comparative analysis on the BHSig-B dataset. It is clear that
the proposed method performs better than previous works
which consider handcrafted features or deep learning-based
approaches as feature extraction techniques.
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Fig.8 Average of Genuine-Genuine (G-G) and Genuine-Forgery (G-F) prediction probabilities computed for each writer on the four datasets
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Table 11 Comparison With Other Approaches on the CEDAR Dataset
(%)

Model Type FAR FRR EER AER
Hafemann [5] WD - - 4.63 -
Wei et al. [27] WI 5.87 2.17 3.62 4.02
Kumar et al. [42] WI 8.33 8.33 - 8.33
Bhunia et al. [43] WD - - - 1.64
Sharif et al. [44] WD 4.67 4.67 - 4.67
Dey et al. [4] WI 0 0 0 0
Dutta et al. [40] WI 0 0 0 0
Jagtap et al. [51] WI 0 0 0 0
Xiao et al. [50] WI 6.78 4.20 - -
MSN (ours) WI 0.72 2.17 1.12 1.44

Table 12 Comparison With Other Approaches on the BHSig-H Dataset
(%)

Method Type FAR FRR EER ACC
Dey et al. [4] WD 15.36 15.36 - 84.64
Lin et al. [29] WI - - 13.34 86.66
Pal et al. [37] WD 24.47 24.47 24.47 75.53
Dutta et al. [40] WI 13.10 15.09 - 85.90
Jain et al. [41] WI - - - 83.50
Xiao et al. [50] WI 12.29 9.60 - 88.98
MSN (ours) WI 14.81 5.54 10.17 89.82

Table 13 Comparison With Other Approaches on the UTSig Dataset
(%)

Method Type FAR FRR  AER  ACC
Soleimani et al. [38] WD 21.29 39.27 30.28 -
Soleimani et al. [45] WD 9.09 3242 2028 -
Rezaei et al. [46] WD 27.47 15.72 21.60 76.71
Mohapatra et al. [47] WI 23.34 14.01 - 80.44
Maergner et al. [48] WD 29.49 7.88 18.69 -
MSN (ours) WI 16.90 19.19 18.05 8191

Table 11 gives the evidence that the proposed method out-
performs other approaches on CEDAR dataset. A possible
reason for the higher performance on this dataset is the large
number of signature samples for training. It can be observed
from Table 11 that MSN achieve lower error rate in compar-
ing with other approaches.

Tables 12 and 13 depict the comparison results on BHSig-
H and UTSig dataset. The accuracies on the two datasets are
89.82% and 81.91%, respectively. Compared with previous
work, the proposed MSN achieve better verification perfor-
mance and are capable of distinguishing reference and query
samples’ features effectively.
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4.7 Analysis of misclassified samples

In Fig. 9, we present signature samples from four distinct
signature datasets: CEDAR, BHSig-B, BHSig-H and UTSig.
Each sample consists of a reference signature and a query sig-
nature. Furthermore, we provide corresponding heatmaps for
the cases to enhance the understanding of our experimental
results.

For the CEDAR dataset, an instance is shown that our
method predicts the signatures are from different writers, but
it is actually created by the same person. The raw signa-
ture samples illustrate minor pen-stroke differences, leading
to the model’s erroneous prediction. This indicates that in
certain scenarios, our models may struggle to capture subtle
differences effectively. Similar to the first case, the scenario
in the BHSig-B dataset predicts the signatures are from dif-
ferent writers improperly. Consistent with the initial case, the
heatmap from BHSig-B reveals subtle differences alongside
similarities. The model’s predictions underscore the perfor-
mance of a model lacking attention in this scenario. This
emphasizes the challenge of traditional models in balancing
discriminative and similarity aspects.

Moving to the BHSig-H dataset, an instance is displayed
where the model predicts that the signatures are from the
same person, but it is actually created by different writers.
The signatures’ similarity in this case heightens the complex-
ity of authentication. Despite these similarities, the heatmap
from the model does not adequately capture sufficient feature
information for precise predictions. This instance under-
scores the limitations of the model when handling similar
signatures. Lastly, in the UTSig dataset, another case reveals
the model predicts that the signatures are from the same per-
son, but it is actually created by different writers. The high
similarity in the signature samples poses a challenge. The
model fails to recognize subtle differences between these
highly similar signatures, indicating an overemphasis on
identical regions. This emphasizes the difficulty the model
encounters in dealing with closely resembling signatures.

5 Conclusions

In this paper, we aim to solve the problem of writer-
independent offline signature verification. To this end, we
propose attention-based multiple siamese networks with
primary representation guiding. The discriminative informa-
tion can be learned through contrastive pairs by comparing
reference and query signatures. Mutual attention modules
are utilized to discover stroke details between original and
inverse signatures. We propose the primary representation
guiding which connects shallow features with deeper ones
to avoid spatial information lost problems. Our best EER on
CEDAR, BHSig-B, BHSig-H and UTSig datasets reaches
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Fig.9 Visualization of Reference
Misclassified Samples in
Different Signature Detests
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1.12%, 8.11%, 10.17% and 18.08%, respectively, which out-
performs other previous approaches. Experimental results
demonstrate that our proposed method is effective for writer-
independent offline signature verification.

While multiple siamese networks exhibit monotonic
improvement, it is an important direction for future work to
better understand the potential cause of the balance between
FAR and FRR when attention module is employed. On the
other hand, it would be interesting to explore the use of
primary representation guiding for other problems of hand-
written document analysis.
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