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Abstract. Signature is a biometric trait that has piqued the interest of
researchers. This is due to its high rate of acceptability. Offline signature in
particular, has been around for a while and hence its suitability as a biometric
trait. This paper proposes an offline signature recognition system using a mul-
tiple algorithm approach. The system accepts handwritten signature, filters the
signature and crops the signature region. The Local Binary Pattern (LBP) of the
signature image is then obtained. After this, Grey Level Co-occurrence Matrix
(GLCM) is applied. Statistical features are then extracted. The difference in the
stored features and the extracted features was obtained. The output is compared
with a threshold for discrimination. This research aims at improving the per-
formance of offline signature recognition using its textural features. The
designed system gave an FRR and FAR of 8.6%, 4.6% respectively for MYCT
signature database and 8.8%, 5.2% for GPDS signature database.

Keywords: Offline signature - Local binary patter - Grey level co-occurrence
matrix - False acceptance ratio - False rejectance ratio

1 Introduction

Individual identification in the past used to be performed with the aid of password, PIN
(Personal Identification Number) and so on) [13]. However, issues arising from for-
getfulness, theft amongst others has led to the need for a better way of identification [9,
13]. Biometrics emerged to alleviate some of the challenges of the traditional identi-
fication methods. Biometrics is the use of an individual’s characteristics (Physical or
behavioural) for identification. There are several biometric traits, however, they are
generally grouped into three (3) categories [5]. These categories are Physiological,
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behavioural and Chemical [5, 8]. A Physical biometric trait uses a physical charac-
teristic of an individual for recognition, some examples include iris, palmprint, hand
geometry, and so on. Chemical biometrics uses a chemical characteristic for identifi-
cation, and an example is body odour. Behavioural characteristics uses an individual’s
behavioural characteristics for identification [17]. Amongst the behavioural biometrics
is the Signature. [6] defines signature as the legal mark of an individual. While sig-
nature’s biometric performance is low compared to some of its peers, its acceptance is
high [7, 8]. Its uses ranges from bank transactions to document validation [9]. Signature
can be replicated falsely by others and this is termed signature forgery. Signature
forgery can either be random (without prior knowledge of the signature), unskilled
(with less practice of the forged signature) and skilled (with proper practice of the
signature being forged). Random signature forgery is the easiest to identify while
skilled forgery is the most difficult to identify [18].

Signature recognition can either be online or offline. Online signature are individual
signatures obtained on digital tablets. Data are obtained as the user writes on the tablet.
Offline signatures are obtained from hardcopy scanned (or snapped) into the computer
[20, 22]. Online signature performs better than offline signatures because of the various
features extracted during the signing process (such as co-ordinates, pressure, pen angle
and others) [5, 20]. However, Offline signature is still more widely used than Online
signature [22]. Hence the need to improve this biometric method. Several approaches
have been proposed for offline signature; however, most approaches have been limited
to the co-ordinates, edges and curvature of the signature [5, 8, 9]. Recent trends in
offline signature is examining the use of textural features for signature recognition.
Hence, this paper presents a texture-based offline signature recognition system.

2 Related Work

Offline Signature recognition has been an area of interest for a while with researchers
exploring this biometric method so as to increase its accuracy. Researchers have
focused on the binarization of offline signatures so as to extract features from this
biometric. This section examines some of the approaches to signature recognition. [13]
examined both Offline and Online signature recognition respectively. For the Offline
signature, filtering was performed to reduce noise in the signature image. Binarization
and thinning were both done to make the signature image compact. For the Online
signature, preprocessing was not necessary as data were obtained as the user writes on
the digital tablet. The stroke co-ordinates were used as features for the Offline signature
while the co-ordinates, pressure of pen and time to complete signature were used as
features for Online signatures. The PCA was used to extract relevant features from the
feature set and Manhattan Distance (MD) was used for matching.

A classification method to detect forged signatures from the authentic signature was
presented [10]. In this approach, binarization was the first step performed. Smoothing is
performed to remove unconnected pixels from the signature image. To avoid variation
in image thickness, thinning was performed. The last step in the preprocessing stage
crops out the actual signature area. Global features, slant features and textural features
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were collected from the binary image. Fine random forest model was used for
classification.

An approach consisting of four major steps was proposed by [18]. These steps are:
preprocessing, features extraction, features selection and feature verification. Median
filter was used for noise removal. Otsu method and morphological operations were
used to segment the signature image. Global features (width, height and area of sig-
nature) and Local features (slope, signature centroid, angle and distance) were
extracted. Genetic algorithm was used for the feature selection, and the support vector
machine performs the verification.

[9] used Local Binary Pattern (LBP) and Binary Statistical Image Features (BSIF)
for Offline features extraction. Kernel Neural Network was used classification. In their
Offline signature verification system, the signature image is converted to its binary
representation before the LBP and BSIF is applied.

[6] examined Online signature verification using Dynamic Time Warping for
features extraction. Smoothing, rotation and normalization were performed as pre-
processing steps. Coordinate, pressure, altitude and azimuth were extracted during the
signature capture.

From the reviewed literature, LBP has been credited with its ability to extract image
features even under varying pixel intensities. Combining this trait with a statistical
function that has the ability to produce a global representation of the features extracted
would certainly improve the recognition rate of this biometric trait.

3 Proposed Method

The proposed method is examined in this section. The proposed method is made up of
the following steps: Acquisition, Preprocessing, Features extraction, Matching. The
system can undergo two stages and they are the Enrolment stage and Recognition
stage. The features extracted from an individual’s signature is saved as a template in the
enrolment stage while the recognition stage states whether a signature is genuine or not.
Figure 1 depicts the block diagram of the system.
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Fig. 1. Block diagram of the system
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The first step is the acquisition of signature image after which is preprocessing.
Preprocessing is the second step in this system and it is primarily aimed at preparing the
signature image for features extraction. The steps involved in preprocessing the sig-
nature image in this system are filtering, cropping and resizing.

3.1 Signature Image Filtering

Gaussian Filter was applied to remove noise from the signature images. The blurred
image is obtained from the original image using the Eq. 1 [13]:

I _(2am
G(a7b; 0') = 27-[626 ( 252 ) (l)

with a as the distance horizontally, b being the distance vertically and ¢ is the standard
deviation (62 the variance).

3.2 Signature Image Cropping

After the noise in the image is removed, cropping is performed so as to rid the image of
unwanted pixels (background) surrounding the signature. The algorithm used to crop
out the signature area is as follows:

Input: An array of the grey value of an image.

a. Start

b. Locate the coordinate of the first non-white pixel (x, y), moving from left to right,
beginning at the top.

c. Locate the coordinate of the first non-white pixel (x, y), moving from left to right,
beginning at the bottom.

d. Locate the coordinate of the first non-white pixel (x, y), moving from top to bottom,
beginning from the left.

e. Locate the coordinate of the first non-white pixel (X, y), moving from top to bottom,
beginning from the right.

f. Copy pixels within the boundary specified by the pixels obtained from step b, ¢, d
and e above.

g. end

3.3 Signature Image Resizing

The images are resized to 100 by 80. There are several methods for resizing. However,
bicubic interpolation was used in this system because it examines 16 data points in the
neighbourhood of the interpolation region. This improves its result because more pixels
are examined compared to cubic interpolation [13].

Bicubic interpolation uses an up-sampling distance Z to estimate pixels not known
for the interpolation process as shown in Fig. 2 [13].
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Fig. 2. Sample pixels of an image

At (i',j') in Fig. 2, the interpolated pixel is obtained with Eq. 2 below.
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where Z,=j —j,Z, =i —i and f;; means the pixel at (i,j). For weights

W_1(Z),Wo(Z), W1(Z), W1 (Z), they are given as

734272 -27
Woi(2) =———5——
373457 -2
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Wi(Z) = 3

4 Features Extraction

For features extraction, the local binary pattern and grey level co-occurrence matrix is
proposed. The local binary pattern is a grey image features extraction method that is
resistance to changes in intensity. This is proposed so as reduce the effect of the colour

of the pen used.
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4.1 Local Binary Pattern

Local binary pattern (LBP) is a textural feature extraction method that uses the grey
version of an image. It examines a pixel, uses it as threshold for categorizing its
neighbours as 1 or 0 and computes the decimal value of the binary representation of the
neighbouring pixels in a clockwise manner [11, 15]. This is shown in Fig. 3. If the
centre pixel is greater than any neighbouring pixel, the pixel is set to 0. If the center
pixel is less than or equal to the neighbouring pixel is set to 1.

200] 50 | 50 1Jo]o 150 %0 | 20
5 | % J1wol->] 0 1 |=] 3 |
160 | 70 | 210 1 o]
3x3 pixels Threshold Binary Decimal
90 10001101 141

Fig. 3. Figure showing the operation of LBP
Hence, the LBP of a given pixel is denoted as [16, 19]:
LBPA(ij) =3 s(gn — g.)2" (7)
A\LJ h=0 &h 8c
1k>0
st = {3420 (8)

Where i, j is the location of the pixel at the centre, A are the 8 neighbouring pixels,
gc is the grey value of the center pixel, g, is the grey value of the neighbouring pixel,
s(k) is a sign function of a sequence k defined in Eq. (8). The feature vector LBP, is a
histogram of 24 Local Binary Pattern of image pixels.

4.2 Grey Level Co-occurrence Matrix

Grey Level Co-occurrence Matrix (GLCM) is used for analyzing textural information
of an image [1]. It is a statistical technique that give detailed descriptions about spatial
relationship of pixels [1, 2]. It examines the relationship between two pixels at a time,
and is sometimes termed the reference and neighbour pixel. The separation is made by
the second order statistics [3, 4, 21]. Second order means they consider the relationship
between groups of two pixels in the original image. First order texture measures are
statistics calculated from the original source (image), like variance, and do not consider
relationship between pixels. It is computed using the displacement and orientation
between surrounding pixels [12, 17].

Let P be a normalized symmetric GLCM. Let p,, i, 6, and oy be the means and
standard deviations of P, and P, respectively, of the partial probability density func-
tions. Let P, ,(i) be the probability of co-occurrence matrix coordinates summing to
x+ . The features used in this research include [4, 17]:
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Contrast: This is also known as “sum of square variance” or “inertia”. It is obtained
using equation [1, 3]:

Contrast = ZZ]J;; Pij(i —j)2 ©)

Dissimilarity: Unlike contrast, dissimilarity weight increases linearly [1]

Dissimilarity = Zj\;:} Pij(i—)) (10)
Homogeneity:
Homogeneity = Zj\;:) Pij(i —)) (11)

Angular Second Moment:

AsM =37 p?

ij=0" i
Energy: This is the square root of the Angular Second Moment (ASM)
N-1
Energy = ZiFO P;; (13)
Entropy:
N-1
Entropy = Zu:o P;j(—logP;)) (14)

Correlation Texture Measure: This computes the linear dependency of a grey level
with those of its neighbors.

Entropy = Zj\;; P;; w (15)
(@) (?)

Where variance (1) and standard deviation ¢ is p; = "0 i(Py;).
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5 Matching

The system made use of Euclidean distance for matching. The Euclidean distance of
the GLCM features extracted from the enrolled signature image and the features
extracted for the verification process is used for matching. The obtained value is
compared with the stated threshold for verification. The Euclidean distance is expressed
in Eq. 16 [23, 24]:

dj = ik — ) (16)
k=1

For two samples X; = (X;1,Xp, . . .,X,-n)T and X; = (le,ij, .. .,Xjn)T.

6 Experimental Result

For evaluating the performance of the method suggested above, online database of
signatures and manually collected signatures were used. Repetitive collection was used
for the enrollment process. Repetitive collection here entails extracting the GLCM
features multiple times (5 times in this system) and averaging the results of each
GLCM feature. MYCT and GPDS offline signature database were used. For the
evaluation of the performance of the system, the False Acceptance Ration (FAR), False
Rejectance Ratio (FRR) and the Accuracy of the system were used. FAR is the ratio of
falsely accepted signature and the total false signature submitted. FRR is the ratio of
genuine signature rejected and the total genuine signature submitted. Both FAR and
FRR are usually represented in percentage. Accuracy is also used in some researches
because it is obtained from both the FAR and the FRR and it is given in Eq. 17 [13].

Figure 4 shows the Equal Error Rate (EER) of the system. It is a graph of the
thresholds against their FAR and FRR. It usually denotes the optimal threshold for
which both the FAR and the FRR are fairly represented. It is used in obtaining the
threshold for the system. The threshold at which the FAR and FRR crosses each other
is the threshold at which both are low (without one being extremely high and the other
very low).
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Fig. 4. Handwritten signature samples
FAR + FRR
Accuracy = 100 — % (17)

The prototype of the system was developed using Matblab R2015a on an intel core
i7 laptop with a processor of 2.20 GHz and a RAM of 4 GB.

6.1 MYCT Dataset

MYCT is a publicly available database of biometric images, that is widely used for
biometric system testing. Ministerio de Ciencia y Tecnologi’a, Spanish Ministry of
Science and Technology was partially responsible for funding the biometric image
collection from four academic institutions [14]. After testing this system, a FAR of
4.6% and an FRR of 8.6% was obtained.

6.2 GPDS Dataset

GPDS (Digital Signal Processing Group) is group at the University of las Palmas de
Gran Canaria that specializes in research related to biometrics, one- and two-
dimensional pattern recognition and behaviour characterization through audio and
video. They have available signature database for signature biometric system testing. It
consists of 4000 sets of signature images, each with 30 forged and 24 genuine. After
testing the system with randomly selected forged images and genuine images, a FAR of
5.8% and an FRR of 8.8%. Some Handwritten signature samples used are shown
Fig. 4:

Table 1 summarizes the FAR, FRR and accuracy of the system and Fig. 5 shows
the Equal Error Rate graph of the system.

A comparison of the obtained result with other relevant papers is shown in Table 2.

Table 1. Result obtained from testing the system.

Database | FAR (%) | FRR (%) | Accuracy
MYCT 4.6 8.6 93.3
GPDS |52 8.8 92.7
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Fig. 5. The Equal Error Rate (EER) graph of the system

Table 2. Comparison of result with existing results in the literature.

Paper FAR (%) | FRR (%) | Acc. (%)
Chandra and Maheshkar [25] | MYCT | 8.76 9.83 93.84
GPDS |7.36 8.84 90.56
Jadhav [27] GPDS [ 1.92 13.79 85.66
Pushpalatha et al. [26] GPDS |9.34 4.9 88.34
Proposed MYCT | 4.6 8.2 93.3
GPDS 5.2 8.8 92.7

7 Conclusion

This work presented the design of a textural features extraction method for signature
recognition using a multi-algorithmic approach. The signature used for testing were
obtained from MYCT handwritten signature databased and GPDS handwritten signa-
ture database. The obtained images were preprocessed by removing noises from them,
cropping out the actual signature area and resizing the signature image. Gaussian filter
was used for noise removal and resizing was performed using bicubic interpolation.
The Local Binary Pattern of the image was generated and the Grey Level Co-
occurrence Matrix was computed. A number of statistical properties of the Grey Level
Co-occurrence Matrix were computed. The Manhattan distance was applied to the
difference obtained from the test signature and the store template. The obtained result is
then compared with the system threshold so as to verify whether the signature is
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genuine or not. The results obtained after testing the system showed that the textural
feature extracted from signature images using the fusion LBP and the GLCM is better
than those obtained from using only LBP or GLCM. Hence, the use of a statistical
method for feature selection (GLCM) after applying LBP for features extraction gives a
better feature set than when LBP is used alone. For future research, a look at the fusion
of textural features, curvature features and stroke co-ordinates-based features to
improve the performance of this biometric trait is a viable direction.
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