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Abstract. This paper proposes a comparison study of using Interval and Histo-
gram of Symbolic Representation (ISR and HSR) based One-Class classifiers,
namely OC-ISR and OC-HSR, respectively, applied to the offline signature ver-
ification. Usually, symbolic verification models are built straightforward from
the feature space. The proposed work explores an alternative approach based on
the use of feature-dissimilarities generated from Curvelet Transform (CT) for
building the OC-ISR and the OC-HSR classifier. For the OC-ISR classifier, a
new weighted membership function is proposed for computing the similarity val-
ues between a dissimilarity query vector and a targeted ISR model. The experi-
mental evaluation performed on the well-known public datasets GPDS, CEDAR,
and MCYT, reveals the proposed OC-ISR's superiority over the OC-HSR classi-
fier. Moreover, the proposed verification model based on the OC-ISR classifier
outperforms the last similar work reported in the literature on the GPDS-160 da-
taset by 0.99%, 0.8%, and 0.35% of Average Error Rate (AER) for 5, 8, and 12
reference signatures, respectively.

Keywords: SDA, histogram, interval, one-class classification, dissimilarity,
signature verification.

1 Introduction

Automating biometric recognition systems using offline handwritten signatures can of-
fer two distinct applications which are signature identification and signature verifica-
tion. The former aims to attribute an identity to a query signature belonging to a writer
enrolled in a database. While the latter aims to verify the authenticity of a query signa-
ture allegedly belonging to a writer, whether it is a genuine or a forgery. Nevertheless,
signature verification is a more challenging problem for researchers according to the
state-of-the-art performances achieved during the last two decades, and therefore rep-
resents the focus of the present paper. Generally, an Offline Handwritten Signature
Verification System (OHSVS) is composed of three main modules which are prepro-
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cessing, feature generation, and classification. Since the main contribution of the pre-
sent paper concerns the classification module, the present paper focuses only on at-
tempting to develop this module. Hence, the classification methods proposed in the
literature for OHSVSs can be divided into two categories: Multi-Class Classifiers
(MCCs) and One-Class Classifiers (OCCs). OCCs represents an alternative of MCCs
when negative examples are not available during the training step. Hence, the OCC
concept is desirable for signature verification cases, since only genuine signatures (pos-
itive class) contained in a bank database, for example, are available for training the
OHSVS.

The classifiers proposed in the literature for OHSVSs are built following one of the
two approaches: Writer Dependent (WD) and Writer Independent (WI). The WD con-
sists of building a model for each writer using its genuine signatures. On the other hand,
the W1 approach is based on building one single model for all writers involved in the
database. This later uses the dissimilarity concept where the pattern recognition prob-
lem becomes a bi-class problem namely target and reject class [1]. Several MCCs have
been explored for building OHSVSs such as Hidden Markov Models (HMMs), Support
Vector Machines (SVMs), Neural Networks, and Deep Learning or an ensemble of
combined classifiers [1-2]. On the other hand, few authors have explored the use of
OCC such as the OC-SVM [2].

Recently, a new OCC based on Symbolic Data Analysis (OC — SDA classifier)
method has been introduced for OHSV. Generally, the symbolic models are constructed
either via intervals (ISR) or histograms (HSR) [3] using exclusively straightforward
features such as Curvelet Features and Local Binary Patterns (LBP) features [4]. In this
investigation work, a comparative evaluation is proposed using the 0C — SDA classi-
fier through its two models namely the OC — ISR and OC — HSR model, for offline
signature verification. The symbolic verification models proposed in this work are con-
structed on the feature-dissimilarity space. Dissimilarities are generated from the
Curvelet Transform (CT) feature space [5]. Moreover, a new membership function is
proposed for computing the similarity values between a dissimilarity of the feature vec-
tor and the model. The proposed system is based on WI parameters where the same
configuration parameters are set for all writers evolved into the database.

The remainder of this paper is organized as follows. Section |1 presents a brief review
of Symbolic Data Representation (SDR) and its extension for classification. Next, a
detailed description of the proposed system is presented in section I1l. To evaluate the
performance of the proposed system, various experiments performed on three offline
signature datasets: GPDS-300, CEDAR, and MCYT datasets, are presented in section
IV. Finally, a conclusion and perspective work is provided in the last section.

2 Brief Review of Symbolic Data Representation

Usually, the classes are represented by a simple sample mean (or median or the like).
However, such a representation of classes doesn’t provide a real description of intra-
class variability. Thus, an alternative approach for representing the aggregation obser-
vation (i.e. samples) of the same class can be performed through the SDR concept either
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via intervals (ISR) or histograms (HSR). In the beginning, this concept has been pro-
posed for analyzing (SDA) and clustering complex data [3]. Later, the SDA applicability
has been extended for reducing large datasets and for one-class classification problems
[4] namely the OC — SDA classifier.

The base idea of symbolic representation models consists of representing symboli-
cally each feature component by either a set of intervals (ISR) or histograms (HSR).
Hence, the symbolic model according to the ISR concept can be described as follows:

ISR = {If},If5, ..., Ifp} 1)

where If; represents the feature interval associated to the k" feature component such
that k = {1,2, ..., P}, and P represents the size of the feature vectors. For generating the
inferior and superior bounds of the feature intervals (If;), different statistical metrics
can be used such as mean and standard deviation [4].

On the other hand, a writer can be described symbolically using the HSR concept as
follows:

HSR = {(ff ,mi); (fy,m5); .. Ufs . mp)} )

where If; represents the tt" feature subinterval of the k" feature component such that
t ={1,2,..,Nyns}, and Np;,s is the number of subintervals tuned experimentally.
While m}, is the frequency probability attributed to the t*" bin of the histogram HSR,,
associated to the k" feature interval (If;), such that:

N
T =~k ®)

where N is the number of reference signatures, and N, is the number of features found
within the t** subinterval belonging to I ;.

3 Proposed System

The proposed verification scheme is presented in Fig. 1, and the details of each step are
described in next sections.

Reference signatures Query signature
v
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Fig. 1. Scheme of the proposed offline verification system.
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3.1 Preprocessing

For this step, an efficient binarization method is specifically performed on the signature
image using Local Iterative Method (LIM), followed by a simple signature extraction.
LIM is performed through an iterative process for finding the binarization threshold in
a sliding window using the mean and the standard deviation [6].

3.2  Generation of Features

For generating features, the Curvelet Transform (CT) is considered in this paper for its
efficiency in extracting edges and other singularities along curves. Contrary to the
wavelet transform, CT has a high degree of directional specificity elements contained
into the curvelet pyramid [7]. Aiming to capture more effectively the local information,
the signature image is subdivided into an equi-space grid images before applying the
CT. Fig. 2 depicts an example of generating a grid of 3 x 3.

]

Fig. 2. Example of an equi-space grid image with 3 x 3.

Hence, a wrapping CT is performed on each grid at the scale j and orientation k, which
allows generating curvelet coefficients namely C; .. Next, the energy E is calculated at
each scale j and orientation k such as:

EG k) = T, 2, |Gt )] (4)

Finally, the feature vector is constructed by concatenating all energy components issued
from all grid images.

3.3 Generation of Feature-Dissimilarities (GFD)

Usually, the building of symbolic verification models is based on using straightforward
features. In this investigation work, an alternative approach is proposed using the fea-
ture-dissimilarities. It consists of performing an absolute difference between each pair
of N reference feature vectors of size P namely F;, and F;, such that i (andl) =
{1,2, ..., N} without redundancy i.e. i # [, such as D,, = |F; — F;|, whereu = {1, ..., U}
and U is the total number of intra-class feature-dissimilarity vectors issued from N
reference signatures. Each vector D, of size P can be described as
D,, ={d1y, d2u, ---, dpy}, Where each feature-dissimilarity component d,,, is generated
with the respect of its position such as: dy, = |fxi — ful, where k = {1,2, ..., P}. Fi-
nally, a matrix namely Matrix of Feature Dissimilarities (MFD) of size P x U is built
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for each writer containing all feature-dissimilarity components taking the following
form:

0={d;k=1,..,P;u=1,..,U} (5)

MFD is then handled for creating the writer’s model as described in the next section.

3.4  Building the 0C — SDA classifier

Basically, two steps are required for building the OC — SDA classifier: Creating the
symbolic model and computing the similarity values which is described in the next
section (verification process). In this work, two types of Symbolic Representation mod-
els (SRM) are considered namely the ISR and HSR models.

Creating the ISR model. The first step consists of creating an interval of feature dis-
similarities (instead of features) namely ID,, for each k" feature-dissimilarity compo-
nent. More precisely, the inferior and superior bounds of 1D, are calculated for each
k" column of the matrix © using simply the minimum and the maximum metric, such
as:

ID, = [dy,d;] (6)

Then, each 1D, is symbolically represented by an adaptive weighted distribution func-
tion namely 9, inspired from the real distribution of training feature-dissimilarities. Its
mathematic formula is described as follows:

1 if di <duy< py
O =qe 4 duk if o <dy < df )
0 otherwise

where A is a unique control parameter tuned experimentally during the design step, and
Uy is the mean value computed for each ID,. Hence, the writing style of a writer ac-
cording to the proposed ISR model is then defined as follows:

ISR = {191, 192, ...,191:} (8)

Creating the HSR model. Genuinely, the same interval of feature-dissimilarities 1D,
provided in eg. (6) is considered for this symbolic model, and modulated by symbolic
histograms, as described in section 2. Hence, the writing style of a writer is defined by
a set P of symbolic feature-dissimilarity histograms namely HSR,, such that k =
1,..,P.

3.5  Verification process

To verify the authenticity of a query signature represented by a query feature vector of
size P namely F, the first step is to perform a straightforward absolute difference be-
tween F and the N reference feature vectors F; suchthat i = {1,2, ..., N}, which belongs
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to the claimed writer. This step allows providing N query vectors of feature-dissimilar-
ities having P components namely D,; = {dqli,qui,dq3i, ...,dqpl-}. Next, a specific
similarity measure between all D,; and the generated symbolic model of the claimed
writer is performed such as:

Sim(Dgi, ISR) = 5 ( ey i) ©)
or.
Sim(Dgi, HSR) = 5 ( Xy Tobins ) (10)

Consequently, N output scores ranged between 0 and 1 are then generated namely S, =
{Sq1, Sq2- Sqa» - » Sqn}- In the sequel, a selection rule based on the maximum metric is
performed for selecting only one representative output score namely s,q- Finally, the
selected score (s4s) is compared to a threshold 6 for accepting or rejecting (i.e. genuine
or forgery) the query signature (Sig,) according to the following rule:

accepted if Sgmax > 6

: 11
rejected otherwise a

Sig, € {
The threshold 6 is tuned during the design step using the reference signatures for each
writer.

4 Experimental Results

4.1  Dataset Description and Evaluation Criteria

Three offline handwritten signature datasets are used for evaluating the proposed sys-
tem: GPDS, CEDAR, and MCYT. The GPDS signature dataset [8] contains 300 writ-
ers, each one has 24 Genuine Signatures and 30 Forgery Signatures designated as GS
and FS, respectively. The CEDAR signature dataset [9], contains 55 writers where each
one has 24 GS and 24 FS. While the MCYT dataset [10] which represents genuinely a
part of a bimodal database is composed of 75 writers where each one has 15 GS and 15
FS. For the evaluation step, four well-known metrics are used which are “False Rejec-
tion Rate” (FRR), “False Acceptance Rate” (FAR), “Average Error Rate” (AER), and
the Equal Error Rate (EER).

4.2  Experimental Setup

For designing the proposed system, a small set of M writers is selected randomly from
the GPDS-300 dataset (M = 30). Next, among the 24 GS of each writer, only 5 GS
(N = 5) are selected as reference signatures and used for building the symbolic model.
The 19 remaining GS are used for finding the optimum configuration parameters by
minimizing the AER. On the other hand, three signature datasets namely GPDS,
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CEDAR, and MCYT datasets, are considered during the testing phase for evaluating
the proposed system.

After the preprocessing step, two parameters should be found during the design step
namely N, and N,,, which represents the number of image partitions performed per line
and per column, respectively. Hence, the best configuration found during the design
stepis N, = 3 and N, = 3. For the classifier parameters, the optimal number of N,
is required when using the OC — HSR classifier. Thus, Table 1 shows the evolution of
the AER and EER versus N, values using five reference signatures (N = 5). For
better convenience, the obtained AER using the Global Threshold (GT) and Local
Threshold (LT) are designated as AER;; and AER, -, respectively.

Table 1. Training results achieved by the 0C — HSR classifier for various number of bins.

Npins 3 4 5 6 7
AERgr (%) 1351 1629 2070 2298 24.14
AER 7 (%) 1213 158 19.05 216 23.05
EER (%) 1149 1479 1684 188  21.19

As can be seen, performances decrease gradually as long as N, increase. Hence, the
best performances are obtained for Ny;,,s = 3. Actually, the use of feature-dissimilari-
ties justifies this result, since the range of feature-dissimilarity values of each compo-
nent is small. Consequently, there is no need to subdivide again its value greater than
3. In the other hand, the optimal value of A parameter is required for building the pro-
posed OC — ISR classifier. For better observing the effect of A values, A is taken within
the interval [0.0001, 5]. Hence, Table 2 shows the evolution of the AER and EER versus
A values using five reference signatures (N = 5). For better convenience, only repre-
sentative results are reported in the table.

Table 2. Training results achieved by the OC — ISR classifier for various value of 1.

A 0.0001 0.001 0.005 001 005 01 05 1 2 3 5
AERgr (%) 11.21 1155 11.43 10.38 10.12 9.85 8.69 9.54 10.04 10.28 10.64
AER;r (%) 10.02 10.61 10.52 9.85 9.41 8.97 757 843 9.12 961 9.90
EER (%) 854 882 871 787 661 6.02 542 590 651 7.05 8.01

As clearly seen, the optimal value of A is 0.5 corresponding to the best training verifi-
cation performance offering 8.69%, 7.57% and 5.42% for AER;;, AER,; and EER, re-
spectively. For better understanding the effect of 1 in the verification process, Fig. 3
illustrates the real distribution of training feature-dissimilarities superimposed with the
proposed weighted distribution function (9,) for different value of A.
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Fig. 3. The probability distribution of training feature dissimilarities superimposed with the pro-
posed weighted membership function 9, for three values of A (low, optimal and high).

As can be clearly seen, when A parameter takes small values, the width of 9, shape is
large (i.e. red color). While, when A parameter takes high values, the width of 9, shape
is narrow (i.e. blue color). In contrast, almost the same shape of the real dissimilarity
distribution is obtained for A = 0.5 which corresponds exactly to the optimal 2 value
reported in Table 2.

4.3  Experimental Evaluation

In this section, the results achieved on the GPDS-300 and GPDS-160 dataset are pre-
sented. Adding to that, a blind test is performed on the two signature datasets namely
CEDAR and MCYT datasets using five reference signatures (N = 5).

Table 3. Verification performances achieved for both 0C — HSR and the OC — ISR classifiers.

Dataset GPDS-300 | GPDS-160 | CEDAR MCYT
Method | HSR | ISR | HSR | ISR | HSR | ISR | HSR | ISR
AERgr (%) | 23.16 | 19.14 | 22.45 | 18.09 | 19.23 | 15.25 | 14.28 | 9.44
AER.r (%) | 21.04 | 17.06 | 19.57 | 16.62 | 17.53 | 12.87 | 12.41 | 7.97
EER (%) |19.15[15.34|17.69 |12.48 |14.71|10.84 | 9.38 |5.54

It is clearly shown that the OC — ISR classifier allows obtaining the best performances
on all used datasets. Indeed, 15.34% 12.48% 10.84% and 5.54% of EER are obtained
for GPDS-300, GPDS-160 and CEDAR and MCYT dataset, respectively. Besides, the
signature verification scheme using the local decision threshold allows getting as ex-
pected a better performance. The obtained performance on blind datasets especially on
MCYT dataset, demonstrates the robustness and the flexibility of the proposed system
even when few reference signatures are available.
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4.4 Comparative Analysis

For better evaluating the performance of the proposed verification system based on the
0C — ISR classifier against the last similar work [4], Table 4 depicts the comparison of
cross-validation results achieved on the GPDS-160 dataset using 5, 8, and 12 reference
signatures.

Table 4. Comparative analysis from the last similar work on the GPDS-160 dataset.

Work Descriptor Classifier Weighted function N AER;+(%) o(%)
Alaei etal. [4] LBP features OC — ISR Trapezium 5 1761 0.9
- - - 8 13.85 1.69
- - - 12 11.47 1.99
Proposed CT dissimilarities OC — ISR Exponential 5 16.62 0.85
- - - 8 13.05 0.93
- - - 12 1112 157

As highlighted in Table 4, the best performances are achieved by the proposed system
on the GPDS-160 dataset for different reference signatures. Indeed, an improvement of
0.99%, 0.8% and 0.35% in AER,; is reported for 5, 8 and 12 reference signatures, re-
spectively. Moreover, the stability of the proposed system is better, according to the
standard deviation values. Furthermore, the proposed system requires adjusting the only
OC-SDA classifier parameter which is set for all writers. In contrast, Alaei et al. [4]
adjust the classifier parameter for each writer which requires more computations.
Hence, these results show the effectiveness of the proposed suitable exponential
weighted distribution function used for building the OC — ISR classifier against the
trapezium weighted function proposed in [4]. Adding to that, the use of dissimilarities
seems more suitable for designing symbolic verification models than straightforward
features. Indeed, it allows better defining the intra-class variability via only a few ref-
erence signatures.

5 Conclusion

This paper aimed to investigate the use of the OC — SDA for handwritten signature
verification. Usually, the symbolic verification models are built straightforward from
features. For better capturing the intra-class variability, the dissimilarities generated
from the curvelet transform are proposed for building the 0C — SDA classifier. Hence,
two types of the OC — SDA classifier are proposed in this work which are the 0C —
ISR and the OC — HSR classifiers. For the OC — ISR classifier, a new weighted func-
tion based on decreasing exponential distribution is proposed, which is genuinely in-
spired from the real distribution of training dissimilarities. The experimental evaluation
conducted on the three datasets namely GPDS, CEDAR and MCYT dataset, have
shown an encouraging improvement offered by the proposed OC — ISR over the 0C —
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HSR classifier. In addition, the proposed verification model based on the OC — ISR
classifier outperforms the symbolic verification model proposed in the last similar
work. For future work, an interesting work is to use the deep learning for generating
features to improve the verification process when using the OC — ISR classifier.
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