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Abstract: As technology advances, automated signature verification systems have become essential due to
the increasing use of digital signatures in various fields, such as banking, finance, legal document
verification, forensic departments, and industry. The main objective of these systems is to determine
whether a given signature of an individual is genuine or forged, thereby authenticating their identity.
This paper presents an approach for offline signature verification that uses writer-dependent features. In
this work, signature samples are analyzed using a combination of global and grid features. Writer-
dependent features are then selected using a filter-based feature selection technique. These features are
represented as Interval-oriented feature vectors, which effectively preserve intra-class variations.
Additionally, this representation scheme minimizes the number of reference feature vectors that need to
be stored in the knowledge base, thereby speeding up the matching process. A symbolic classifier is
adopted to enhance the efficiency of the signature verification process. Two sets of experiments are
carried out: first, using a common feature set and a global threshold across all writers, and second, using
writer-dependent characteristics. Extensive experiments are conducted on two benchmarking offline
signature datasets, CEDAR and MCYT, and the results demonstrate the effectiveness of the proposed
model.

Keywords: Decision-threshold, Interval-oriented feature vector, Offline signature, Symbolic classifier,
Writer-dependent features.
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I. INTRODUCTION

As technology advances, biometric authentication systems are becoming increasingly popular due to their
high reliability in authentication compared to traditional methods like PINs, passwords, or smart cards. These
systems utilize unique physiological or behavioural characteristics such as face, iris, hand geometry, fingerprint,
signature, voice, and gait to authenticate individuals. Among these, handwritten signatures are the most
commonly used behavioural biometric trait for authentication purposes. Automated signature verification
systems have become essential with the increasing use of digital signatures in various fields, such as banking,
finance, legal document verification, forensic departments, and industries [116]. The main goal of any signature
verification system is to determine whether a given signature of an individual is genuine or forged, thereby
authenticating their identity [40]. Hence, developing an efficient signature verification model suitable for real-
time applications is crucial.

Biometric sensors or high-resolution cameras are used to collect signatures through either online (dynamic) or
offline (static) modes. Offline signatures are captured using optical scanners or cameras, whereas online
signatures are recorded using tools such as digitizing tablets, intelligent pens, and personal digital assistants. In
the online mode, dynamic features of signatures, such as velocity, pressure, position, and acceleration, can be
recorded during the signature acquisition process [35][84]. Offline signature verification, however, is more
challenging than online verification due to the absence of dynamic features, the limited availability of signature
samples, and the higher susceptibility to forgery. As a result, automatic signature verification in biometrics
continues to be an active area of research [3].

This work explores the significance of writer-dependent characteristics for offline signature verification.
When verifying a signature manually, human experts typically identify unique characteristics for each writer and
apply different similarity thresholds to determine the genuineness of a signature. Verification requires distinct
features for each individual because signature styles vary widely. To address this, we propose an offline
signature verification approach based on writer-dependent characteristics, including features, feature dimensions,
and decision-thresholds. In our approach, global and grid features are used to represent each signature sample.
Writer-dependent features are then selected using a filter-based feature selection method. An Interval-oriented
representation scheme is employed, effectively preserving intra-class variations [29]. Finally, a symbolic
classifier is utilized to establish the authenticity of test signature samples during the verification process. To
demonstrate the effectiveness of writer-dependent traits, we conducted two sets of experiments: one using a
common feature set for all writers, and the other using writer-dependent characteristics. Our proposed model is
tested on two benchmark offline signature datasets: CEDAR and MCYT.

The remainder of the paper is organized as follows: Section 2 provides a brief literature review, followed by
Section 3, which explains the steps involved in the proposed model. Section 4 outlines the experimental setup,
datasets, and results, while Section 5 presents a comparative analysis of the proposed model. Section 6
highlights directions for future work, and Section 7 concludes with a summary of the proposed approach.

1. LITERATURE REVIEW
Over the past 50 years, researchers have explored various models for offline signature verification.

Signature verification is a multi-stage process that includes preprocessing, feature extraction, representation, and
verification [18].
. Preprocessing

The process typically begins with preprocessing techniques, which include binarization [26,37,71,104],
filtering [2,37,63,92], inversion [66,106], morphological operations [26,37], scaling [5,26,66,104], and cropping
[104].
. Feature extraction

Machine learning algorithms and deep convolutional neural networks (DCNNs) are commonly used to derive
features from signature images [35]. Handcrafted features are extracted using machine learning algorithms,
which include local features [5,26,48,89,94,111,117] or global features [10,21,42,76,89,92,112]. Researchers
have applied various mathematical transformations to extract both local and global features from signature
images, such as the Discrete Fourier Transform (DFT) [75,77], Discrete Radon Transform, Hough Transform
[88], Gabor Wavelet Transform [96], Fractal Transform [115], Curvelet Transform [28,30], and Contourlet
Transform [77]. Deep features, on the other hand, are extracted through deep convolutional neural networks.
Various deep architectures have been used in the literature to extract these features from signature images,
including VGG-16 [6,19], ResNet-50 [19], Deep Convolutional Generative Adversarial Networks (DCGANS)
[110], one-class convolutional neural networks [91], Siamese Neural Networks (SNN) [17,41], Capsule Neural
Networks [74], Signet [31], and architectures like VGG-16, Inception-v3, ResNet-50, and Xception [27].
. Representation

The feature extraction step generates a feature vector from the training sample signatures. However, a large
number of features describing a signature can result in high computational costs for classification and proximity
measurements. To address this issue, researchers have proposed various representation schemes for offline
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signatures, including interval-valued representations [3,72,78], bag-of-visual-words (BoVW) [67,68], cluster-
based [73], graph-based [57], sparse-based [113], and Histogram of Templates (HOT) [90]. For offline
signatures, an effective representation scheme should account for intra-class variations to minimize
computational complexity.

Verification

The verification process confirms the authenticity of a test signature sample after matching. Pattern
recognition techniques are employed in the matching process to authenticate a signature [18]. During matching,
the features of a test signature are compared with those of the reference signatures of the claimed writer stored
in a knowledge base. Researchers have proposed various matching techniques for offline signature
authentication, including distance-based classifiers [7,34,103], nearest neighbor classifiers [9,50,65], Support
Vector Machines (SVMs) [10,11,26,28], neural networks [1,46,47,95,99], and Hidden Markov Models (HMMs)
[16,43,44,103]. More recently, deep convolutional neural networks (DCNNSs) have been widely explored for
verification [25,39,54,55,64,84].

Approaches

Various strategies have been proposed in the literature to improve system reliability and reduce error rates. In
the literature, two main approaches are commonly used for offline signature verification: writer-independent
(WI) and writer-dependent (WD) methods [13,25,28]. In the writer-independent approach, the system is trained
once using a common set of features, a common decision threshold, and a shared classifier for all writers. This
approach offers advantages such as reduced training time and no impact on system performance when writers
are added or removed [17,28, 51,55,74,85,93,112].

In contrast, the writer-dependent approach requires training the system individually for each writer using
writer-specific characteristics. While this method is more effective and closely resembles the verification
process performed by human experts, it necessitates retraining whenever a new writer is added [32]. A few WD
models for offline signature verification can be found in the literature. These models leverage writer dependency
at different levels, such as the feature level [12,114] and the classifier level [100]. However, in most cases, the
same set of features and classifiers are used for all writers, with writer dependency limited to the decision
threshold. Some researchers have also explored hybrid models that combine WI and WD approaches to enhance
offline signature verification [8,20,31,87]. Other approaches include fusion-based methods [12,23,80,107,109]
and fuzzy-based techniques [24,36,82]. Most of the works in the literature are based on fully supervised learning
approaches. However, self-supervised approaches have recently been introduced, which are capable of learning
representations from unlabeled datasets [15,60,61].

. Findings

The literature reveals that researchers have proposed both writer-independent (WI) and writer-dependent
(WD) models for offline signature verification. However, most offline signature verification models are WI,
employing the same set of features and classifiers for all writers. Conversely, WD models also use the same set
of features and classifiers but train the system separately for each writer. In contrast, human experts typically
identify different sets of features and apply distinct matching strategies for different writers. This makes WD
models more practical as they effectively reduce the risk of fraudulent activities, thereby creating a demand for
such systems.

To address these issues, this paper introduces a Interval-oriented feature modeling in writer-dependent of
offline signature verification, building on our earlier work [59], where symbolic data concepts were initially
employed to represent features. In our previous work [59], we used 150 features to represent a signature and
applied fuzzy-C means clustering to aggregate training samples for each writer into a compact representation. In
this work, we compute a new set of 70 features. In both studies, writer dependency is incorporated at the levels
of features, feature dimensions, and thresholds. Features are represented using an Interval-oriented
representation scheme, and verification is performed using a symbolic classifier.

The key contributions of this work include:

. Proposing an offline signature verification system leveraging writer-dependent characteristics.

. Exploring writer dependency at three levels: features, feature dimensions, and decision thresholds.

. Adopting an Interval-oriented representation scheme to effectively capture intra-class variations and
employing a symbolic classifier for the verification step.

111.PROPOSED METHOD
The six main stages of the proposed model are shown in Fig. 1.
Preprocessing
Extraction of features
Selection of writer-dependent features
Creation of an interval-oriented feature vector
Fixation of writer-dependent characteristics
Signature verification
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Fig. 1 Block diagram of the proposed model
A. Preprocessing
Preprocessing prepares the signature area for the feature extraction stage. The thresholding technique [71] is
applied to convert the input signature image into a binary format. Noise in the signature image is reduced using
a median filter [102] on the binarized image. Since variations in pen and ink thickness can affect the signature's
appearance, morphological operations are employed to minimize these differences. After geometric alignment,
the processed image is inverted to reduce computational complexity. The signature area is then cropped to
eliminate the surrounding background, and the image is resized to 256 x 256 pixels.
. Extraction of features
Feature extraction is performed after preprocessing the signature images. In this work, we extract both global
and grid features, computing a total of 70 features, out of which 25 are global and 45 are grid-based. The details
of the global features are provided in Table I. To extract grid features, we apply nine different 3x3 masks,
sliding them over the preprocessed image. For each mask, five global statistical features viz., standard deviation,
skewness, variance, contrast, and homogeneity are computed. This process results in the extraction of 45 (9 x 5)
grid features per signature sample. In total, 70 features are derived from each signature sample.

TABLE |

DETAILS OF GLOBAL FEATURES COMPUTED
Feature Feature
Signature area [46] Baseline shift [81]
Centre feature Variance of row vector [62]
Normalized area [49] Energy
Minor axis length Outline signature area [38]
Major axis plus minor axis length Horizontal centre of the signature [83]
Maximum horizontal projection plus Maximum vertical projection Vertical centre of the signature [83]
Diameter Convex area
Radii Total number of background pixels
Major axis length Perimeter
Number of edge-points [83] Equi-diameter
Global centroid Mean of row vector [62]
Homogeneity [101] Correlation [101]

Let {S1,55,S3, ..., Sy} be the set of n training signature samples of writer W; (j = 1,2,3,...,N), where N
denotes the number of writers. Let F; = {fi1, fiz, fizr > fim}, Where i = 1,2,3,...,n be the feature vector
representing the i*" training signature sample of a writer W; and m is the total number of features extracted.
Hence, feature dimension of each writer is n X m. Therefore, the feature dimension of the entire dataset will be
N Xn Xm.
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C. Selection of writer-dependent features

Once the features are extracted, a filter-based feature selection technique is applied to identify writer-
dependent features. In this work, we employ the Multi-Cluster Feature Selection (MCFS) [14] technique, which
is well-suited for multi-clustered data like signatures, where signatures naturally form clusters for each writer.
Additionally, MCFS is a simple and computationally efficient feature selection method. MCFS computes a
relevancy score for each feature based on its contribution to preserving the cluster structure of a writer. After
calculating these scores, the features are ranked in descending order. The top-ranked features are then selected
for verification, with the selected features varying for each writer. This results in the identification of writer-
dependent features. For instance, Tables 1l and Il show the indices of the top 10 most relevant features selected
by MCFS for the first ten writers in the CEDAR and MCYT datasets, using 50% of the training signature
samples. It is evident from these tables that the selected feature indices differ from writer to writer,
demonstrating the variability in writer-dependent feature selection.

Let {f1, f2, f3, -, fa}, d < m be the set of features selected for writer W; and d is the number of top-ranked
features selected with high relevancy scores. To represent each writer, we have recommended d number of
features. Therefore, after selecting the writer-dependent features, each writer is represented using a feature
matrix of dimension n X d, where n represents the number of training signature samples of the respective writer.
Finally, selection of writer-dependent features reduces the feature dimension of entire dataset from N x n X m
to N xnxd. The indices of the d features selected are different for different writer, thereby resulting in
selection of writer-dependent features.

TABLE I
THE INDICES OF THE TOP 10 FEATURES SELECTED FOR THE FIRST TEN WRITERS OF THE CEDAR DATASET

Writer # f1 f2 f3 fa fs fe f7 fs fo f10

1 8 2 46 36 16 57 14 20 15 31

2 8 14 3 57 31 26 21 46 15 40

3 6 26 14 60 31 16 57 40 3 8

4 3 40 26 8 53 10 31 46 16 20

5 2 40 26 46 6 36 14 3 8 31

6 8 3 26 53 40 2 16 57 31 20

7 5 3 57 16 26 40 2 11 6 14

8 60 15 19 14 31 20 16 40 18 26

9 6 3 15 60 14 40 57 5 16 20

10 15 14 8 20 26 40 16 3 6 31
TABLE 1l

THE INDICES OF THE TOP 10 FEATURES SELECTED FOR THE FIRST TEN WRITERS OF THE MCYT DATASET

Writer # f1 f2 f3 fa fs fe f7 fs fo f10
1 3 14 16 57 6 20 36 46 31 26
2 3 5 16 57 46 20 26 14 15 11
3 16 21 3 20 5 60 53 46 36 14
4 3 26 21 5 31 46 40 11 57 60
5 14 57 36 16 46 21 53 20 26
6 16 57 31 36 21 53 20 14 12 26
7 26 31 21 14 16 3 46 20 36 6
8 3 40 46 16 53 36 14 26 57 20
9 3 16 19 5 14 31 57 26 11 20
10 3 60 26 53 20 31 36 6 40 16

D. Creation of an Interval-oriented feature vector for selected writer-dependent features

Once the writer-dependent features are selected for all writers, each writer is represented using a
conventional feature matrix of dimension n x d. Signature databases typically contain samples from multiple
writers collected over time. The signatures of each writer form a distinct class, resulting in multiple classes with
significant intra-class variations. Interval-oriented representation is more effective in preserving intra-class
variations than conventional representation, where each feature is represented as a single crisp value [29].
Therefore, in this work, we adopt an Interval-oriented representation scheme to represent writer-dependent
features.

Let {fi1, fiz> fizs -o» fia}s i = 1,2,3, ...,m be the feature vector representing the i*" training signature sample
of writer W; and d is the number of features selected. Interval-oriented feature vector for a writer W; is created
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by computing mean and standard deviation of each of the d features selected for all the n training signature
samples of writer W;.

Let Mean(fj) ; k = 1,2,3,...,d be the mean of the k*" feature values obtained from all n training signature
samples of writer W;.

i.e., Mean (f,k) = %Z?ﬂ(fik) 1)

Similarly, let Stdev (fj;) ; k = 1,2,3, ..., d be the standard deviation of the k" feature values obtained from all
n training signature samples of writer W;.

. 1 2

ie., Stdev (f}k) = \/; i (ﬁk — Mean (f]k)) 2
Now, the k*" feature values of writer W is represented in the form of an interval £, fi%], where [f;] denotes
the lower limit of the k" feature values of writer W and it is computed as,

fix = Mean(fj;.) — Stdev(fy) (3)
Similarly, [f]-;] denotes the upper limit of the k" feature values of writer W; and it is computed as,
sz = Mean(fjk) + Stdev(fjk) 4)

This results in creation of an Interval-oriented feature vector for a writer W; and is given by,

F = {lfi. fil [fiz £i2) [f3 £3) - [ Sl (5)

In a conventional representation, we need to store the feature vectors of all the training signature samples of
each writer. Here, only one Interval-oriented feature vector needs to be stored for each writer instead of feature
vectors of all the training samples. This reduces the feature dimension of reference feature vectors to be stored
in the knowledgebase from N X n x d to N X d because of N writers, which helps to speed up the matching
process.

. Fixation of writer-dependent characteristics

In this work, we utilize writer-dependent characteristics, namely features, feature dimension, and decision
threshold. After generating a symbolic Interval-oriented feature vector for each writer, these vectors are stored
in the knowledge base along with the indices of selected features for each writer, eliminating the need for
feature selection during verification. The False Acceptance Rate (FAR) and False Rejection Rate (FRR) are
estimated for each writer by varying the feature dimension at different threshold values. Here, the threshold
represents the percentage of features in a test signature that must match the corresponding Interval-oriented
features of a reference signature from the claimed writer. After estimating the FAR and FRR for each writer at
different feature dimensions under varying thresholds, the Equal Error Rate (EER) is determined using the
Receiver Operating Characteristic (ROC) curve. To fix up the writer-dependent characteristics, the minimum
EER criterion is applied. Specifically, for each writer, we identify the feature dimension at which the EER is
lowest and designate it as the writer-dependent feature dimension. The corresponding threshold is then set as the
writer-dependent threshold. This process results in defining writer-dependent characteristics for each writer,
including features, feature dimension, and decision threshold. Once determined, these characteristics are stored
in the knowledge base for use during verification.

Signature Verification

To establish the authenticity of a given test signature, writer dependent characteristics fixed for the claimed
writer are retrieved from the knowledge base during verification. Then, the features of the test signature are
compared with the corresponding interval values of the features of the reference Interval-oriented feature vector
of a claimed writer by means of an Interval-oriented classifier. The genuineness of a test signature sample is
determined as follows.

Let T be a test signature, claimed to be of a writer W; and it is descrived by a feature
vector {fi1, fia, ftss -, frm}. During verification, the indices of d features selected for a writer W; are retrieved
from the knowledgebase. Then out of m features only those corresponding d features of test signature T are
compared with corresponding d Interval-oriented features of the reference signatures. To keep track of the
number of features of a test signature fall within the corresponding Interval-oriented features of the respective
reference signatures, we use a counter called acceptance count (A4,) [78] and it is defined as

d
Ac = C(fuclfiv fil) ©)
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Where,

— 4] — L if (fae 2 fjx and fa. < fir)
C(ftk ’ [f]k'f]k]) B { 0, otherwise %

Initially, A, is set to zero. If a feature of a test signature falls within the corresponding Interval-oriented
feature of a reference signature, then value of A, is incremented by one. After comparing all the features of a
test signature, the value of total acceptance count is compared to the predefined similarity threshold computed
for the corresponding writer. If it is greater than the predefined similarity threshold, the test signature is accepted
as genuine; otherwise, it is rejected as a forgery.

I\VV.EXPERIMENTATION DETAILS AND RESULTS
In this section, we discuss the dataset utilized for experimentation, training set, testing set details, and the
results obtained. The proposed model is evaluated on two benchmarking offline signature datasets: CEDAR [45],
and MCYT [70]. The brief description of these datasets are provided in Table IV. For experimentation, the
signature dataset is divided into two sets: training and testing.

TABLE IV
THE DESCRIPTION OF CEDAR AND MCYT DATASETS
Total No. of No. of genuine signatures per No. of skilled forgery | Total No. of
Dataset writers writer signatures per writer | signatures
CEDAR | 55 24 24 2640
MCYT 75 15 15 2250

The training set consists only genuine signatures, while the testing set includes all random and skilled
forgeries along with the remaining genuine signatures. We have used three performance metrics to evaluate the
performance of the proposed approach, viz., the FRR, the FAR, and the EER. Experimentation is conducted by
varying the percentage of training samples from 30% to 70%. Each time, the training samples are selected
randomly to effectively capture intra-class variations. Skilled forgeries refer to forgeries created by
professionals with extensive practice. Random forgeries are generated for each writer by selecting one genuine
signature from every other writer in the system for testing purposes. In this work, we performed two sets of
experiments. The first experiment is conducted without selecting writer-dependent features, using a common set
of features and a global threshold for all writers. The second experiment incorporates writer-dependent features.

In the first set of experiments, the training signature samples of each writer are represented using the same
number of features. These features are then transformed into an Interval-oriented vector, as explained in Section
3.4. For each writer, FAR and FRR are calculated by varying the percentage of training samples from 30% to 70%
and adjusting the decision threshold from 0.1 to 1.0. The EER is estimated for each percentage of training and
testing samples, and the threshold that results in the lowest EER is set as the global threshold for all writers.
Finally, the system's overall EER is determined by averaging the EER values of all writers. We conducted 10
trials using different training and testing samples. Table V presents the maximum, minimum, and average EER
obtained from these trials when a common set of features and a global threshold are used for all writers in the
CEDAR and MCYT datasets.

TABLE V
THE MAXIMUM, MINIMUM, AND AVERAGE VALUES OF EER OBTAINED USING A COMMON SET OF FEATURES AND GLOBAL THRESHOLDS ON
CEDAR, AND MCYT

With Random Forgeries,
With Skilled Forgeries, Threshold = 0.5 Threshold = 0.4
% of Training Min.
Dataset Samples Max. EER Min. EER Avg. EER Max. EER EER Avg. EER
30% 18.52 16.53 17.53 9.21 8.72 8.96
40% 17.41 15.29 16.35 8.45 7.11 7.78
50% 16.85 15.14 16.00 7.86 6.26 7.06
60% 14.77 13.97 14.37 6.18 5.24 5.71
CEDAR 70% 13.51 12.01 12.76 5.05 4.09 4.57
30% 19.49 18.03 18.76 9.11 8.12 8.61
40% 17.23 13.71 15.47 8.75 7.24 7.99
50% 15.32 12.65 13.99 7.86 6.26 7.06
60% 14.69 12.17 13.43 6.64 5.74 6.19
MCYT 70% 13.98 11.61 12.80 743 511 6.27

The minimum EER obtained using a common feature set and a global threshold for CEDAR, and MCYT
datasets are given in Table VI. The second set of experimentation is carried out using writer-dependent features
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instead of using the same number of features and a fixed threshold for all writers. For each writer, writer-
dependent features are selected by varying the feature dimensions from 5 to 50 in steps of 5 and threshold values
from 0.1 to 1.0 in steps of 0.1, using the MCFS feature selection technique, as discussed in Section 3.3. After
selecting the writer-dependent features, the training samples of each writer are represented as an Interval-
oriented feature vector, as explained in Subsection 3.4.

In the next step, we estimate the FAR and FRR for each writer at each feature dimension, with thresholds
ranging from 0.1 to 1.0. Then, the EER is estimated for each writer using the ROC curve at each feature
dimension. The feature dimension at which the EER is minimized is set as the writer-dependent feature
dimension, and the corresponding threshold is set as the writer-dependent threshold for the respective writer.
The writer-dependent characteristics viz., features, feature dimension, and decision threshold are then fixed, as

explained in Section 3.5.

MINIMUM EER OBTAINED USING A COMMON FEATURE S;’AENLlEA\G/II_OBAL THRESHOLD FOR CEDAR, AND MCYT DATASETS
Dataset CEDAR MCYT
% of With Skilled Forgeries With Random Forgeries With Skilled Forgeries With Random Forgeries
Training Samples | Threshold = 0.5 Threshold =0.4 Threshold =0.5 Threshold =0.4
30% 16.53 8.72 18.03 8.12
40% 15.29 7.11 13.71 7.24
50% 15.14 6.26 12.65 6.26
60% 13.97 5.24 12.17 5.74
70% 12.01 4.09 11.61 5.11

To determine the authenticity of a test signature, we use the acceptance count, which is calculated for each

writer, as explained in Section 3.6. The EER is determined for each writer based on their unique characteristics,
such as features, feature dimension, and threshold. Finally, we calculate the EER of the entire system by
averaging the EER of all writers. At the verification step, both skilled and random forgeries are tested.
Experimentation is repeated for ten trials with different training and testing samples, which are selected
randomly in each trial. Table VII shows the maximum, minimum, and average EER obtained from all ten trials
using writer-dependent features for the CEDAR and MCYT datasets. In this second set of experiments, the
threshold and feature dimensions vary from writer to writer. Hence, they are not shown in Table VII. The
minimum EER obtained for the CEDAR and MCYT datasets using writer-dependent characteristics is presented
in Table VIII.

TABLE VII
THE MAXIMUM, MINIMUM, AND AVERAGE VALUES OF EER OBTAINED USING WRITER DEPENDENT CHARACTERISTICS ON CEDAR, AND
MCYT DATASETS
With Skilled Forgeries With Random Forgeries
% of Training Min.
Dataset Samples Max. EER Min. EER Avg. EER | Max. EER EER Avg. EER
30% 14.72 13.3 14.01 6.86 5.61 6.23
40% 13.79 12.48 13.13 6.72 5.3 6.01
50% 12.23 11.05 11.64 5.48 4.98 5.23
60% 11.97 9.14 10.55 4.73 3.99 4.36
CEDAR 70% 10.17 8.56 09.36 4.24 3.32 3.78
30% 15.21 13.04 14.12 6.42 5.71 6.06
40% 14.84 12.36 13.60 5.74 4.02 4.88
50% 13.98 11.79 12.88 4.60 3.71 4.155
60% 12.68 11.06 11.87 3.45 2.39 2.92
MCYT 70% 10.76 9.25 10.05 3.21 2.02 2.61
TABLE VIII
MINIMUM EER OBTAINED USING WRITER DEPENDENT CHARACTERISTICS FOR CEDAR, AND MCYT DATASETS
Dataset CEDAR MCYT
% of With Skilled Forgeries . . With Skilled Forgeries . .
Training samples With Random Forgeries With Random Forgeries
30% 13.3 5.61 13.04 5.71
40% 12.48 5.3 12.36 4.02
50% 11.05 4.98 11.79 3.71
60% 9.14 3.99 11.06 2.39
70% 8.56 3.32 9.25 2.02
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To compare the performance of the model with and without writer-dependent characteristics, the minimum
EER obtained on the CEDAR and MCYT datasets is presented in Table IX. From Table IX, it can be observed
that the error rate decreases when the model is trained with a sufficient number of training samples. However, in
the case of an offline signature verification system, as the number of writers increases, the computational
complexity also increases. This is due to high intra-class variations and low inter-class variations. The graphical
representations of the results obtained with skilled forgeries on the CEDAR and MCYT datasets, as presented in
Table 1X, are shown in Fig. 2 and Fig. 3, respectively.

TABLE IX

THE EER OBTAINED BY USING WRITER DEPENDENT CHARACTERISTICS AND WITH USING A COMMON SET OF FEATURES AND THRESHOLDS FOR

CEDAR, AND MCYT DATASETS

Dataset CEDAR MCYT
. iy e With With .
Experiment % of Training With Skilled Rand Skilled With
Samples Forgeries andom Forgerie Random Forgeries
Forgeries s

30% 13.3 5.61 13.04 5.71
With 40% 12.48 5.3 12.36 4.02
Writer Dependent 50% 11.05 4.98 11.79 3.71
Characteristics 60% 9.14 3.99 11.06 2.39
70% 8.56 3.32 9.25 2.02
30% 16.53 8.72 18.03 8.12
With 40% 15.29 7.11 13.71 7.24
Common  Features and 50% 15.14 6.26 12.65 6.26
Threshold 60% 13.97 5.24 12.17 5.74
70% 12.01 4.09 11.61 5.11

From Table IX, it can be observed that the error rate decreases when the model is trained with a sufficient
number of training samples. However, in the case of an offline signature verification system, as the number of
writers increases, the computational complexity also rises. This is due to high intra-class variations and low
inter-class variations.

EER (%)

Minimum EER obtained with using writer dependent characteristics and with using common set of

features and threshold on CEDAR dataset

30% 40% 50%

Percentage of Training Samples

60%

= With WD Characteristics
m Without WD Characteristics

70%

Fig. 2 Minimum EER obtained with using writer-dependent characteristics and with using common set of features and threshold on CEDAR
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Minimum EER obtained with using writer dependent characteristics and with using

20 - common set of features and threshold on MCYT dataset, testing with skilled
forgeries

18 -

16 ®With WD Characteristics

B Without WD Characteristics

EER(%)

30% 40% 50% 60% T0%

Percentage of Training Samples

Fig. 3 Minimum EER obtained with using writer-dependent characteristics and with using common set of features and threshold on MCYT
dataset

From Figures 2 and 3, it is clear that the EER obtained using writer-dependent characteristics is lower than
the EER obtained with a common set of features and a global threshold across all splits of training and testing,
as well as for both skilled and random forgeries, across all three offline signature datasets. This demonstrates the
significance of writer-dependent features for offline signature verification systems.

V. COMPARATIVE ANALYSIS

In this section, we compare the performance of the proposed model with other state-of-the-art approaches
reported in the literature on the CEDAR and MCYT datasets. Comparing offline signature verification models is
challenging due to variations in feature extraction and classification techniques, differences in training and
testing sample sizes, performance measures, and other factors. Therefore, we limit our comparative study to
models that have been validated on the CEDAR and MCYT datasets.

The EER of various models tested on the CEDAR and MCYT datasets is presented in Table X and Table XI,
respectively. However, some entries in these tables are marked with a (-) because the authors did not report the
number of training samples used to obtain those results. Table X shows that, compared to the other models listed,
our proposed model achieves a lower EER than models [45,98] but a higher EER than the remaining models.
This is because our approach relies on conventional machine learning, utilizing handcrafted features and a
traditional classifier. In contrast, models [25,57,85,105] are based on convolutional neural networks, while
models [11,52,92] use high-dimensional feature vectors, which contribute to their improved performance.

TABLE X
COMPARISON OF THE PERFORMANCES OF VARIOUS APPROACHES ON THE CEDAR DATASET

Model No. of training EER/AER
samples

[98] 24 21.50
[45] - 21.90
[105] - 08.50
[53] 24 08.33
[33] 04 08.27
[11] 12 07.84
[85] - 06.75
[52] 16 06.02
[57] 10 05.91
[28] 12 05.60
[91] - 04.94
[25] - 04.69
[92] 12 04.67
Proposed 17 08.56
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TABLE XI
COMPARISON OF THE PERFORMANCES OF VARIOUS APPROACHES ON THE MCYT DATASET

Model No. of training samples EER/AER

[04] 10 22.13
[79] - 19.80
[78] - 17.61
[108] 12 1541
[97] 05 13.44
[33] 10 12.44
[58] 10 12.01
[41] - 11.51
[69] 10 09.87
[12] 10 09.26
[58] 10 09.15
[101] 10 07.08
[92] 10 05.96
[25] - 05.58
Proposed 10 9.25

Based on the results presented in Table XI, it is clear that our proposed model has a lower EER than the other
models presented in [04,12,33,58,69,78,79,97,108]. However, our model has a higher EER compared to models
[25,58], which are based on deep neural networks, and model [69], which is a hybrid approach utilizing
principal component analysis (PCA), discrete radon transform (DRT), and probabilistic neural network (PNN).
Additionally, models [33,92] employ high-dimensional feature vectors. Nevertheless, our model is conventional,
straightforward, and easy to use.

V1. FUTURE WORKS
In this work, we propose an offline signature verification system utilizing writer-dependent handcrafted
features. In the future, we aim to dynamically exploit writer-dependent characteristics using deep features.

VIl. CONCLUSION

This paper explores the applicability of writer-dependent characteristics for offline signature verification.
Writer dependency is utilized at three levels: features, feature dimensions, and decision-thresholds. Writer-
dependent features are selected using a filter-based feature selection technique. An Interval-oriented symbolic
representation is adopted to represent these features, effectively capturing intra-class variations. A symbolic
classifier is employed to establish the authenticity of a test signature. Extensive experiments are conducted on
two standard benchmarking offline signature datasets, CEDAR and MCYT. Two sets of experiments are
performed to demonstrate the effectiveness of writer-dependent characteristics. The first set uses a common
feature set and a global threshold, while the second set employs writer-dependent features, dimensions, and
decision thresholds. The experimental results highlight the effectiveness of writer-dependent characteristics in
offline signature verification.
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