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Abstract: This paper presents a novel approach for offline handwritten
signature verification using few-shot learning and symbolic data analysis. The
method effectively handles high intra-class variability and limited data
availability, common challenges in signature recognition. The model is trained
on dissimilarities from the Signet feature extractor, capturing subtle differences
within the same writer’s signatures. A new weighted membership function
measures similarity between query and reference signatures. The method
outperforms traditional approaches, achieving competitive equal error rates on
four public datasets (GPDS, CEDAR, MCYT, PUC-PR) using only five
genuine reference signatures. The system surpasses state-of-the-art results on
GPDS and PUC-PR datasets. This combination of few-shot learning and
symbolic data analysis offers robust and efficient signature verification, ideal
for real-world applications with scarce labelled data.
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1 Introduction

Offline handwritten signature verification (OHSV) system deployed in a real
environment (e.g., bank) should overcome three major issues. The first issue concerns the
reduced number of reference signatures requested from users (writers) during the
enrolment into the database (i.e. 3 to 5 reference signatures). Indeed, most signers possess
large intra-personal variability due to physical or emotional factors, and thus, few
reference samples are not enough for modelling the natural intra-personal variability and
building an accurate signature style for each writer. A second issue concerns the use of
only genuine signatures for designing the verification system, without employing any
forged signatures. The third issue occurs when a skilled forgery is presented to the
verification system. Unlike random forgery which occurs when a person tries to use his
own signature to impersonate another person, a skilled forgery is an imitated signature
drawn by a forged specialist, trying to claim a forged identity. By this fact, skilled
forgeries are the most difficult to be detected by verification systems, due to their high
similarities with genuine signatures.

Traditional approaches in signature verification heavily rely on large annotated
datasets, which are often difficult and expensive to acquire. However, the emergence of
few-shot learning (FSL) techniques has provided a promising solution to tackle this issue.
FSL aims to recognise and generalise patterns from a small number of labelled examples,
enabling robust classification even in scenarios with limited training data. By leveraging
prior knowledge from reference samples, FSL algorithms can adapt and generalise to
new, unseen instances efficiently.

Applying FSL to OHSV offers several advantages. First, it reduces the dependence on
a large amount of data, which is often impractical to obtain in real-world applications.
Secondly, it enables the model to handle intra-class variability by effectively capturing
the underlying structure of signatures within the same writer (class), enhancing the
discrimination between genuine and forged signatures. Finally, FSL techniques allow for
the incorporation of symbolic data representation, which complements the concept of
FSL by providing a symbolic representation of signatures that models essential features
and dissimilarities.

Several noteworthy works in handwritten recognition using FSL have been proposed.
For instance, Snell et al. (2017) introduced prototypical networks, which learn a metric
space for few-shot recognition tasks. However, their fixed reliance on a Euclidean
distance metric may lack robustness across diverse data distributions. Moreover,
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sensitivity to small support sets and limited exploration of hyperparameters, as well as
class imbalance in few-shot tasks have not been appropriately addressed.

Finn et al. (2017) presented model-agnostic meta-learning (MAML), a meta-learning
approach aiming to enable models to quickly adapt to new tasks with minimal data.
Although versatile, a limitation is that MAML may require a relatively large number of
iterations during meta-training, making it computationally expensive.

Sung et al. (2018) introduced relation networks for FSL, where the model learns to
compare images in the support set and the query set to make predictions. A limitation
could be the complexity of the learned relations, which may not generalise well to diverse
datasets.

Unlike previous works, exemplified by Snell et al. (2017), where prototypical
networks relied on a fixed Euclidean distance metric, the proposed work in this paper
introduces a weighted membership function, enhancing robustness across diverse data
distributions. Moreover, unlike cited works, which primarily focuses on specific
benchmark datasets, our approach demonstrates superior performance across four public
signature datasets (GPDS, CEDAR, MCYT, and PUC-PR). Moreover, the proposed
system combines the strengths of FSL with symbolic data representation, providing a
more versatile and effective solution. By utilising feature-dissimilarities extracted from
the Signet model (Hafemann et al., 2017), instead of entire straightforward feature
vectors, the proposed method ensures higher accuracy in discriminating skilled forgeries
from genuine signatures (inter-class) and capturing intra-personal variations (intra-class).
Indeed, each feature-dissimilarity component is modelled separately through a specific
statistical model inspired from its real probability distribution, unlike the traditional
approach, where the mean and standard deviation metrics are used for creating the
statistical model associated to each feature component (Alaei et al., 2017). The proposed
FSL verification system, built on intra-class feature-dissimilarities, outperforms
traditional OHSV features-based methods, offering a robust framework for OHSV.

Hence, for a fair comparison against the state-of-the-art, feature components are
extracted from SigNet model through the concept of transfer learning (Oquab et al., 2014;
Shaha and Pawar, 2018). The training of SigNet respects the important restriction
imposed in this work which is to use only genuine signatures during the design of the
OHSV system. Hence, a decision threshold is defined for accepting or rejecting a
signature, which consists of assigning for each writer his own tuned threshold computed
automatically via a specific formulation based on the leave-one-out concept.

The remaining of this paper is organised as follows. Section 2 presents the detailed
description of the proposed FSL system. To evaluate the performance of the proposed
FSL system, extensive experiments in different conditions performed on four public
offline signature datasets: GPDS-960, CEDAR, MCYT, and PUC-PR datasets, are
presented in Section 3. Finally, a conclusions and perspective of the proposed work are
provided in the last section.

2 Proposed FSL system

2.1 Overview of the proposed FSL system

The design of the proposed FSL system is composed of four main stages as depicted in
Figure 1. In the beginning, a query signature (Sig,) is presented to the FSL system’s
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input. Then, a feature vector () is generated through the SigNet feature extractor. At the
same time, an intra-class feature dissimilarity generation (FDG) is performed between
each pair of the N reference feature vectors F; {i = 1, ..., N}, which belongs to the
claimed writer. This step allows generating a feature dissimilarity matrix (FDM), which
is used for building thereafter the symbolic representation model (SRM). Next, a FDG is
performed between F, and all references (F;), which allows generating N query
feature-dissimilarity vectors (Dj). In the sequel, a fuzzy similarity measure is performed
between Dj, and the SRM (@), generating N output similarity scores (si;). Finally, a
selection rule is performed for selecting only one representative score (sqs), which is
compared in the sequel to a decision threshold in order to accept or reject the query
signature (Sigy).

Figure 1 Overall scheme of the proposed FSL system
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In the following sections, every single step is described more deeply for a better
understanding of the proposed FSL system.

2.2 Feature-dissimilarity generation and verification

2.2.1 Feature-dissimilarity generation

Considering the recent success of using a deep learning approach for extracting features
from images, a learned descriptor based on convolution neural network (CNN) is used in
this work for characterising the signature images. For a fair comparison with the
state-of-the-art, the features used in this work are extracted using the CNN model namely
SigNet, through the transfer-learning concept (Oquab et al., 2014; Shaha and Pawar,
2018). SigNet architecture is genuinely inspired by the well-known AlexNet architecture
proposed by Krizhevsky et al. (2012), used to resolve the ImageNet dataset classification.
The input signature image passes through successive transformations starting by
pre-processing (i.e., centring, removing background via the OTSU’s algorithm, inverting
greyscale, and resizing the image to the size 1 x 150 x 220), and then fed to
convolutional layers, max-pooling layers, and fully-connected layers. Note that the size
of the feature vector extracted from SigNet is 2,048, and only genuine signatures
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belonging to the first 531 writers of the GPDS-960 dataset (Vargas et al., 2007) are
employed to train SigNet.

To effectively capture the intra-class variability, the proposed FSL model is trained
using dissimilarities extracted from the SigNet features. The dissimilarity concept was
early introduced in the pattern recognition field by Pekalska and Duin (2002), and further
used in handwritten recognition by Cha and Srihari (2002). For OHSV, dissimilarities are
conventionally exploited in the writer-independent (WI) framework (Costa et al., 2020).
The literature reports some interesting WI-based OHSV systems addressing the
dissimilarity concept, using different engineered features such as contourlet transform
(Hamadene and Chibani, 2016), graphometric (Bertolini et al., 2010) and dichotomy
transformation features (Souza et al., 2020).

In this context, a new way of using intra-class feature-dissimilarities is investigated
in a writer dependent (WD) framework. The proposed feature-dissimilarity based-scheme
fits the problem of a reduced number of reference signatures framework, since it allows
generating more data for creating an accurate signature style model. This concept has
been used recently for signature identification (Djoudjai and Chibani, 2023), but has
never been explored for signature verification. Precisely, it consists of generating an
intra-class FDM by gathering the L intra-class feature-dissimilarity vectors. The
generated intra-class FDM represents the base element for building the proposed FSL
model based on the OC-SDA classifier, as described in the next section.

2.2.2 Building the FSL model

The proposed FSL model is built using the OC-SDA classifier which is performed
through two steps: Building the SRM, and computing similarity measures. Various SRMs
based ecither on ISR and HSR models have been developed for different pattern
recognition applications, such as character recognition (Vikram et al., 2008), document
analysis (Alaei et al., 2014), classification of medical X-ray images (Rajaei et al., 2015),
signature identification (Djoudjai and Chibani, 2023; Oquab et al., 2014; Shaha and
Pawar, 2018; Krizhevsky et al., 2012; Vargas et al., 2007; Pekalska and Duin, 2002; Cha
and Srihari, 2002; Costa et al., 2020; Hamadene and Chibani, 2016; Bertolini et al., 2010;
Souza et al., 2020; Vikram et al., 2008; Alaei et al., 2014; Rajaei et al., 2015; Djoudjai
et al., 2017), and verification (Prakash and Guru, 2010; Pal et al., 2015; Alaei et al.,
2017). Usually in feature-based approach, the variation range of each k™ base feature
interval is reduced via the mean, the standard deviation, as well as a control parameter o
for rejecting intruder samples (Alaei et al., 2017). In this proposed work, a new base
intra-class feature-dissimilarity interval (IDy) is defined for each i intra-class feature-
dissimilarity component: di, where k=1, ..., P and [ = 1, ..., L, by taking simply the
minimum and the maximum value within the L samples.

The idea behind the proposed formulation consists of modelling each kt intra-class
feature-dissimilarity component (dy) through a novel weighted membership
function, which takes into account the real probability distribution of intra-class
feature-dissimilarity components (dy;). For this purpose, a statistical analysis is performed
on intra-class FDM components (i.e., di), issued from some samples of training writers,
aiming to observe the probability distribution shape that takes the training intra-class
feature-dissimilarities (di). The obtained curves demonstrates that the variation range
of intra-personal variability of handwritten signatures, expressed with intra-class
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feature-dissimilarities, is approximately the same and take nearly the shape of
half-Gaussian distribution.

In a similar context, Alaei et al. (2017) argued that Gaussian models are not suitable
for OHSV in a feature-based approach, since it provides a probability very close to zero
for samples that deviate much from the mean, especially when genuine signatures vary
from other genuine signatures. However, in the proposed work, the Gaussian model
seems being suitable for modelling intra-class feature-dissimilarities rather than
straightforward features, since absolute differences issued from an intra-class matching
of genuine signatures produce low values.

Thus, a control-parameter is introduced namely A in the proposed model function, for
adjusting the Gaussian width such that it matches the same shape of the intra-class
feature-dissimilarity distribution, by analogy to « parameter commonly used for building
SRMs in feature-based approach (Alaei et al., 2017) [equation (1)].

Hence, each " base feature-dissimilarity interval (IDy) is then modelled through the
novel weighted membership function, defined as follows:

1 if dk_ < dkl <u
2
du - .
o = e%(";T“kj if u<dy<dy. (1)
k
0 else

where i and oy are the respective mean and the standard deviation values computed for
each ID;. In contrast, 4 is a global mean value computed for all intra-class FDM
components, such that:

Y S g

while 4 is a unique control parameter of the Gaussian distribution which is tuned
experimentally during the design step.

The proposed membership function, defined for each k" intra-class
feature-dissimilarity component (@), contains three terms which refer to three different
cases. Initially, the x value is set as a maximum limit (confidence value) of possible
intra-class similarity (i.e., internal variability). Indeed, the statistical analysis, shows that
the highest probability frequencies are located in the interval [dj, #]. For this reason, the

proposed ¢ enhances the weight of feature dissimilarities when they are located within
the interval [d, u[, by assigning the maximum probability value 1.

The second term (of @) is similar to the Gaussian distribution when 4 = 1. In contrast,
when A parameter takes other values (i.e., 4 # 1), it allows modulating the Gaussian
width. In other words, ¢ becomes restrictive due to the narrow width, resulted from low
A values. In contrast, ¢ is permissive when A takes high values (i.e., large width of @i
shape). For instance, when query feature-dissimilarity values are large (in case of random
forgeries and skilled forgeries), low probability values are provided.

As a result, the SRM is then defined by considering the all P symbolic weighted
membership functions (gx), such as:

qD:{(ﬂl,(ﬂQ,...,(ﬂp}. 3)
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@ represents symbolically the signature style of a writer. Its building depends on both
means (i and ), the standard deviation (ox) of intra-class feature-dissimilarities, and a
unique parameter A (tuned experimentally). Figure 2 depicts the overall scheme followed
for building a SRM (®) of a given writer.

Figure 2 Overall scheme for constructing the SRM (®) of a given writer
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2.2.3 Verification process

To verify the authenticity of a query signature (Sig,), represented by the query feature
vector of size P: Fy = {fi4, f24> 3> »---» fPq}, the first step is to perform a straightforward
absolute difference between F, and the N reference feature vectors: F; = {fi;, fai, f3is ---»
frit,i=1,2, ..., N, belonging to the claimed writer. Thus, N feature-dissimilarity vectors
are produced: Dj, = {diiy, doig, d3ig, ..., dprig}. The second step is to perform a fuzzy
similarity measure between each feature-dissimilarity vector (Dj,) and the generated SRM
(®) of the claimed writer, producing N scores (s4i), such as:

1 P
i =Sim(D,.q,q>):;(zk=1¢k). @)
Consequently, N output scores ranged between 0 and 1 are then generated. In the sequel,
a selection rule is performed for selecting only one representative score (sq), via the
maximum metric.

As a last step, the selected score (sys) is submitted to a decision threshold (), in order
to accept or reject the query signature (Sig,), according to the following rule:

accepted if sy >0

Sig, € { (5)

rejected  Otherwise
The optimal decision threshold (8) value is tuned in the range [0, 1] during the design
step.

Usually in feature-based SDA approaches applied for OHSV, a user threshold is
required for accepting or rejecting query signatures. Hence, the common formulation for
defining an acceptance user threshold (6) is given as follows (Alaei et al., 2017):

0= +Bxa, ©)

where y, and o, are the mean and the standard deviation of Sim(F;, ®), i = 1, ..., N,
respectively. While £ is a control-parameter tuned during the training step. However, this
formulation is not appropriate in feature-dissimilarity based approach. Alternatively, this
work proposes a new technique for adjusting the decision threshold (6), based on the
leave-one-out concept. Genuinely, this technique is proposed for handling the small
number of reference signatures imposed in this work. Indeed, it allows obtaining a set of



318 M.A. Djoudjai et al.

N(N - 1) intra-class similarity scores from an initial set of N reference signatures. The
idea behind this proposed formulation illustrated in Figure 3, is to extend the confidence
margin of intra-class variation, in order to handle the case of genuine samples little
resembling reference signatures. Thus, it justifies why the minimum metric is used for
selecting the local threshold () (i.e., a minimum requirement of similarity).

Figure 3 Proposed scheme for generating the local threshold (6.7) using N reference signatures
provided by a writer (see online version for colours)
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3 Experiments and results discussion

3.1 Dataset description and evaluation criteria

Four public signature datasets are used to evaluate the proposed FSL system: GPDS-960,
MCYT, CEDAR, and Brazilian PUC-PR datasets. All images belonging to the fourth
used datasets are acquired initially in a greyscale mode, without any further
preprocessing step. Since the access to PUC-PR dataset is not possible, the PUC-PR
features made publically available by Hafemann et al. (2017) are straightforward used for
evaluating the proposed work.

3.2 Experimental protocol

A small development set (®) containing W writers (W = 30), is randomly selected from

the development set considered by Hafemann et al. (2017), for finding the unique FSL
system parameter, which is the OC-SDA classifier parameter via minimising the AER.

For the evaluation step (testing phase), a standard 10 cross-validation protocol is first
performed on GPDS-300 dataset by computing the mean and standard deviation values
AER/EER. In the second step, a ten blind cross-validation protocol is performed on
CEDAR, MCYT, and PUC-PR datasets, without any training of their respective
signatures. In this case, features are generated using the GPDS model for extracting
features of three datasets. Table 1 reports briefly the experimental protocol used during
the design and evaluation step.
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Besides, it has been decided in all experiments to use only five reference signatures
(N = 5) as a maximum, in order to respect practical conditions of real environment. In
addition to AER criteria, the equal error rate (EER) is also used during the evaluation
step, for a fair comparison against the state-of the-art.

Table 1 Proposed experimental protocol
Design step Evaluation step
Dataset i
Writers ~ References Writers References Genuine Skzlled
forgeries
GPDS-300 30 5 300/160 3t05 19 30
CEDAR - - 55 3to5 19 24
MCYT - - 75 3t05 10 15
PUC-PR - - 100 3t05 35 20

3.3  Experimental design

The proposed FSL system requires adjusting only one parameter during the design step,
which is the OC-SDA classifier parameter (4). For finding the optimal parameter, the
AER is computed according to the decision threshold based-scenario for each 1 value
within the interval [0.1, 5] with a step 0.1, as shown in Figure 4. The defined range of 4
values is set considering experimental observations which reveal that beyond A = 5, no
significant changes are reported.

As can be seen, the AER curve reveals clearly the effect of the OC-SDA classifier
parameter. As already mentioned in Section 2.2.2, the proposed weighted membership
functions (¢x) becomes restrictive when A takes low values, which explains the reject of
random forgeries. Nevertheless, ¢r seem rejecting also some genuine samples (i.e.,
among the M signatures) which could be a little dissimilar with reference signatures. The
optimal parameter is obtained when the AER reaches the first minimum value of around
3.15%, corresponding to three different values of A = {2.1, 2.2, 2.3}. Hence, the optimal 1
value is selected once the AER has reached its first minimum value, i.e., Aoy = 2.1.

Figure 4 AER (%) versus 4 parameter performed for 30 writers during the design step (see online
version for colours)
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3.4  Experimental evaluation

Various experiments are conducted for evaluating the proposed FSL system, in front of
different signature types, and in different experimental conditions. As a first step,
verification results achieved on GPDS are presented. Then, a ten blind cross-validation
protocol is performed on CEDAR, MCYT, and PUC-PR datasets, without any training of
their respective signatures. Additionally, to prove the superiority of feature-dissimilarity
based model (FDBM) against traditional feature-based model (FBM), the same
experimental protocol followed for designing FDMB is reproduced for FBM.
Furthermore, for more advantageous conditions, the number of reference signatures is
increased for FBM (i.e., N = {10, 12}), while a maximum of five reference signatures are
allowed to use for FDBM. Table 2 summarises the obtained verification results for
various numbers of reference signatures (N) performed on GPDS-300, CEDAR, MCYT,
and PUC-PR datasets.

Table 2 EER results achieved by FDBM and FBM on GPDS-300, CEDAR, MCYT, and
PUC-PR datasets for various numbers of reference signatures (V)

GPDS-300 CEDAR MCYT PUC-PR
N FBM FDBM FBM  FDBM FBM  FDBM FBM  FDBM
3 6.76 £ 1.32+ 743+ 740+ 897+ 485+ 578+ 145+
0.46 0.27 0.73 0.79 0.46 0.32 0.37 0.56
4 5.95 0.75 + 691+ 540+ 781+ 478+ 451+ 134+
+0.37 0.18 0.65 0.76 0.42 0.45 0.34 0.51
5 578 0.65 + 6.16+ 523+ 713+ 412+ 375+  1.23+
0.25 0.16 0.48 0.75 0.32 0.52 0.21 0.59
10 4.72 + - 533+ - 541+ - 3.56+ -
0.44 0.47 0.46 0.22
12 4.58 + - 505+ - 421+ - 3.17+ -
0.39 0.23 0.74 0.17

High competitive result are obtained when N =5 on GPDS dataset. Performances remain
stables even when reducing the number of reference signatures. Moreover, the achieved
low standard deviation values show the stability of the proposed FSL system even when
reducing the number of reference signatures. Competitive performances are also obtained
on the three blind signature datasets. For instance, 4.52%, 4.23% and 1.23% of EERs are
achieved when N =5, for CEDAR, MCYT, and PUC-PR datasets, respectively.

On the other hand, experiments reveals clearly the superiority of the proposed
verification model based on feature-dissimilarity (FDBM), over the FBM. For instance,
EERs achieved via FDBM on GPDS dataset outperform the FBM performances by
4.25%, 8.67%, and 12.22%, for N = 3, 4, 5, respectively. Hence, this study demonstrates
that using straightforward features do not provide an accurate discrimination between
patterns (signature samples) for one-class classifiers, even increasing the number of
reference signatures. In contrast, the use of a reduced number of reference signatures in a
feature-dissimilarity space has not affected the accuracy of the signature style model,
thanks to the proposed solutions for handling hard conditions and the scheme for
generating local thresholds. Consequently, this leads to conclude that the one-class
classification based on SDA approach can fit OHSV if each target class (writer) is
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well-represented by intra-class feature-dissimilarities, and each component is well-
modelled by a suitable weighted membership function (¢x).

Figure 5 Distribution of output similarity scores generated by the FSL system when query
signatures are genuine or forged for: (a) GPDS, (b) CEDAR, (¢c) MCYT, and
(d) PUC-PR datasets, using five reference signatures (N = 5) (see online version
for colours)
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For completing the result analysis, scatter graphs are displayed in Figure 5 to observe the
distribution of similarity scores issued from the four signature datasets: GPDS, CEDAR,
MCYT, and PUC-PR datasets. The similarity scores computed between genuine
references against both genuine and forgeries are designated as G-G and G-F,
respectively. Hence, the scatter graphs demonstrate the effective adjustment of the
decision threshold for each writer to get high performances.

3.5 Comparative analysis against the state-of-the-art

For evaluating the proposed FSL system against similar works in the literature, a
comparative analysis is performed against existing WD-based OHSV systems.
Meanwhile, a specific performance comparison is achieved versus the similar work
proposed in Hafemann et al. (2017), where the same feature extraction method is used
(i.e., SigNet). Hence, Tables 3 and 4 summarise EERs obtained by the last state-of-the-art
works on GPDS, CEDAR, MCYT, and PUC-PR datasets, for different number of
reference signatures (). Note that GS and FS mean genuine signature and forged
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signature, respectively, involved during the training step while SigNet-D means the
SigNet features associated with the dissimilarity concept.
Table 3 Comparative analysis of the proposed FSL system against the state-of-the-art results

performed on GPDS dataset, according only to the WD-based approach, for different
number of reference signatures (V)

. Training AER/EER
Dataset Reference Features Classifier signatures %)
GPDS-150 Huand Chen  LBP, GLCM, SVM+GRA GS 10 7.66
(2013) HOG
Alaei et al. (2017) LBP OC-ISR GS 4 21.22
- - - - 12 11.74
Yilmaz and LBP, HOG, Combined GS 12 6.97
Yanikoglu (2016) SIFT SVMs
Yilmaz and CNN Combined GS 12 4.13
Oztiirk (2018) SVMs
GPDS-160 Hafemann et al. SigNet SVMs GS 5 3.28+0.36
(2017)
- - - - 12 2.63+0.36
Proposed work SigNet-D OC-SDA GS 3 1.06+0.17
- - - - 4 0.70+0.19
- - - - 5 0.60+0.17
Guerbai et al. Curvelet OC-SVM GS 4 16.92
(2015) transform
- - - - 12 15.07
Serdouk et al. HOT AIRSV GS 10 9.30
(2017)
Bhunia et al. LPQ OC-SVM GS+FS 12 8.03
(2019)
Hafemann et al. SigNet SVMs GS 5 392+0.18
(2017)
- - - - 12 3.15+0.18
- SigNet-F SVMs GS +FS 5 241+0.12
GPDS-300 - - - - 12 1.69+0.18
Hafemann et al.  SigNet-SPP-F SVMs GS+FS 12 0.41+0.05
(2018)
Maergner et al. MAML oC GS+FS 5 439+0.18
(2019)
- - - - 12 2.68+0.17
Zois et al. (2019) K-SVD/OMP SVMs GS 5 1.50
- - - - 12 0.70
Maruyama et al. SigNet-F SVMs GS+FS 22 1.04
(2020)
Proposed work SigNet-D OC-SDA GS 3 1.23+0.27
- - - - 4 0.75+0.18

- - - - 5 0.65+0.16
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Comparative analysis against the state-of-the-art results on CEDAR, MCYT and

PUC-PR datasets

Table 4
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Comparative analysis against the state-of-the-art results on CEDAR, MCYT and

PUC-PR datasets (continued)

Table 4
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As reported in the Table 3, the proposed FSL system achieves an outstanding EER of
1.06% on the GPDS-160 dataset, for only three reference signatures, while the second
best EER is 2.63% achieved by Hafemann et al. (2017) using 12 reference signatures.
Moreover, the proposed SRM outperforms that proposed by Alaei et al. (2017).

For the GPDS-300 dataset, the proposed system achieves 0.65%, 0.75%, and 1.23%
of EERs, for 5, 4 and 3 reference signatures, respectively. In contrast, Hafemann et al.
(2017) and Zois et al. (2019) achieve almost the same performance corresponding to
0.41% and 0.70% of EERs, but using numerous reference signatures (N = 12). For getting
these outstanding results, Hafemann et al. (2017) employed a CNN model which is
trained with forgeries namely SigNet-SPP-F. In contrast, they obtained an EER of 3.15%
with SigNet, which is trained with only genuine signatures. Authors in Zois et al. (2018)
and Liu et al. (2021), achieve the outstanding 0.70% and 1.50% of EER when N =5
and N = 12, respectively. However, their proposed OHSV system requires several
preprocessing steps, as well as a lot of parameter adjustments related to their method for
extracting features, making their proposed verification system more complex and heavier.
In contrast, the proposed FSL system requires the adjustment of only one parameter
during the design step, related to the OC-SDA classifier (1) for achieving a better EER
(0.65%), using a smaller number of reference signatures (N = 5).

For CEDAR and MCYT, the proposed FSL system achieves 4.12% and 5.23% of
EERs for five reference signatures (N = 5), respectively. Following the same
experimental protocol, and using the same feature extractor (SigNef), Hafemann et al.
(2017) achieve a slightly better performance on CEDAR (3.92%) but slightly worse on
MCYT (5.58%). In the other hand, Liu et al. (2021) achieve on CEDAR an EER of
2.17% using four reference signatures, but they introduced forged signatures for training
their MSDN model. While Zois et al. (2018) achieve 2.78% and 3.67% of EERs on
CEDAR and MCYT datasets, respectively, for five reference signatures. In contrast, a
perfect verification result is achieved on CEDAR by Avola et al. (2021) for 12 reference
signatures. However, they trained their verification system with forged signatures which
are not available in real applications as for instance in a bank. Also, Roy et al. (2023)
achieved an EER of 0.02% on CEDAR but using forged signatures during the training
process of their system.

The same observation is reported for Maruyama et al. (2020), they obtained an
outstanding EER of 0.72% on MCYT dataset. However, they retrained their verification
model on MCYT dataset (i.e., not as blind test) using numerous reference signatures
(N = 22), and also, they have introduced forged signatures for training their verification
system.

For PUC-PR dataset, the proposed FSL system improves the-state-of-the-art
performances using only few reference signatures, as highlighted in Table 4. Indeed,
1.23% of EER is obtained for only five reference signatures, while 1.33% is obtained by
Hafemann et al. (2018) for a great number of reference signatures (N = 15). It is worthy
to recall that the number of reference signatures is fixed in this work to five at maximum
(N=15), in order to respect real environment constraints.

4 Conclusions

This paper aimed to propose an efficient OHSV model based on the one-class symbolic
data analysis (OC-SDA) classifier, using only few genuine reference signatures. In
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feature generation step, Intra-class dissimilarities generated from learned features are
introduced in writer-dependent framework, for better representing the intra-personnel
variability of handwritten signatures. The proposed verification scheme proposes to
model each feature-dissimilarity component by a suitable SRM, which is inspired from
the real probability of intra-class feature dissimilarities. Hence, the proposed OC-SDA
model can be assumed as a combination of the well-known interval and histogram of
symbolic representation (ISR and HSR) models, adapted for a reduced number of
reference signatures.

Experimental results demonstrated that using straightforward features do not provide
an accurate discrimination between patterns (signature samples) for OCCs, even when
increasing the number of reference signatures. In contrast, the use of a reduced number of
reference signatures in a feature-dissimilarity space has not affected the accuracy of the
writing style through the proposed OC-SDA model. Besides, scatter graphs depicted
during the evaluation step reveals the importance of introducing intra-class feature-
dissimilarities for generating approximately a uniform distribution of similarity scores
even on blind signature datasets. In addition to the high performances obtained in blind
datasets, the use of the OC-SDA classifier offers the advantage of adding a new writer
without the need to retrain a second time the whole verification system. Indeed, it
consists of assigning only one parameter to design the OC-SDA classifier for the new
writer. Hence, the proposed OHSV system is assumed as a WI parameter’ system.

An interesting perspective of work is to address conjointly signature
identification/verification in the framework of an efficient hybrid behavioural biometric
system.
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