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ABSTRACT

Signatures are extensively used as a means of personal
verification. Manual signature-based authentication of a large
number of documents is a very difficult and time consuming
task. Consequently for many years, in the field of protected
communication and financial applications, we have observed
an explosive growth in biometric personal authentication
systems that are closely connected with measurable physical
unique characteristics (hand geometry, iris scan, finger prints
or DNA) or behavioural features. Human signatures provide
secure means for confirmation and authorization in legal
documents. So nowadays, automatic signature verification
becomes an essential component. In order to convey the state-
of-the-art in the field to researchers, in this paper we present a
survey of off-line signature verification systems.

Categories and Subject Descriptors
1.4 Image Processing and Computer Vision

General Terms: Systems, Forgeries, Methods, Skilled,
Performance.

Keywords: Off-line  Signature verification, on-line
signature verification, biometrics, authentication systems.

1. INTRODUCTION

Signature verification is not only a popular research area in the
field of image processing and pattern recognition, but also
plays an important role in many applications such as security,
access control, contractual matters etc. The recognition of
signatures is significantly concerned with the improvement of
the interface between human-beings and computers [1, 2].
Research into signature verification has been vigorously
pursued for a numbers of years and it is being explored
specially in the off-line mode [3, 4]. A signature verification
system and the associated techniques used to solve the inherent
problems of authentication can be divided into two classes [5,
6]: (a) on-line method [7, 8] to measure the sequential data
such as order of stroke, writing speed, writing time, pen
pressure by utilizing intelligent machine algorithms [9, 10] and
(b) off-line method [11, 12] that uses an optical scanner to
obtain handwriting data written on paper. Off-line Signature
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verification deals with the verification of signatures, which are
in a static format [13]. On-line signature verification has been
shown to achieve much higher verification rates than off-line
verification [11] as a lot of dynamic information is lost in the
off-line mode. Hence, on-line signature verification is
generally more successful. Signatures represent a particular
writing style and are not considered as a collection of letters
and words [14]. A person’s signature often changes depending
on some elements such as mood, fatigue, time etc. Great
inconsistency can even be observed in signatures according to
country, habits, psychological or mental state, physical and
practical conditions [15].

This paper is organised as follows: Section 2 discusses the
signature verification concept, Section 3 introduces different
types of forgeries, Section 4 introduces different methods of
signature verification systems, Section 5 deals with non-
English signature verification, Section 6 introduces a
comparison of different approaches, Section 7 introduces our
realization and future aspects. Finally, Section 8 concludes the

paper.

2. SIGNATURE VERIFICATION CONCE-
PT

Signature verification (SV) systems seek to authenticate the
identity of an individual, based on an analysis of his/her
signature, through a process that discriminates a genuine
signature from a forgery [16].

In general to deal with the problem of off-line signature
verification, researchers have investigated a commonly used
approach which is based on two different patterns of classes,
classl and class2: Classl represents the genuine signature set,
and Class 2 represents the forged signatures set. For
performance calculation usually two types of errors are
considered. The False Rejection, which is called a Type-1 error
and the False Acceptance which is called a Type-2 error. So
there are two types of error rates: False Rejection Rate (FRR)
which is the percentage of genuine signatures treated as
forgeries, and False Acceptance Rate (FAR) which is the
percentage of forged signatures treated as genuine. When we
deal with the experiments of a signature verification system,
we consider FRR and FAR.

3. TYPES OF FORGERIES

There are usually three different types of forgeries to take into
account. The first one is a random forgery which is written by
the person who doesn’t know the shape of the original
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signature. The second, called simple forgery which is
represented by a signature sample, written by the person who
knows the shape of the original signature without much
practice. The third type is a skilled forgery, represented by a
suitable imitation of the genuine signature model. But based on
the various skilled levels of the forgeries, it can also be divided
into six different subsets: (a) Random Forgery [17], (b) Casual
Forgery [18], (c) Simulated Forgery [17], (d) Unskilled [19],
(e) Targeted Forgery [20, 21] and (f) Skilled Forgery [19]. For
details of these forgery types see [22].

4. DIFFERENT METHODS FOR OFF-
LINE SIGNATURE VERIFICATION
SYSTEMS

Many techniques have been developed in the field of off-line
signature verification. Some convenient approaches and
optimised schemes are discussed below:

Ismail et al. [23] developed an off-line signature
identification method. A data base of 2400 signature images is
considered. Chain code feature extraction is used to represent a
boundary by a connected sequence of straight-line segments of
specified length and direction. Seven different types of
distance measure were used based on feature vectors derived
from eigen-signatures. The highest accuracy of 96.2% is
obtained with the Manhattan distance measure.

Justino et al. [24] proposed an off-line signature verification
system based on Hidden Markov Models (HMMs) to detect
random, casual, and skilled forgeries. Three features: a pixel
density feature, a pixel distribution feature and an axial slant
feature are extracted from a grid segmentation scheme. A
database of 1600 genuine signatures is used to determine the
optimal codebook size for detecting random forgeries.
Signatures of 60 writers with 40 training signatures, 10
genuine test signatures, 10 casual forgeries, and 10 skilled
forgeries per writer is used in another data set for
experimentation. A False Acceptance rate of 2.83% is obtained
and a False Rejection rate of 1.44%, 2.50%, and 22.67% are
obtained for random, casual, and skilled forgeries, respectively.
Some techniques involving off-line signature verification based
on HMM are described in [25-32].

Armand et al. [33] presented a system based on the Modified
Direction Feature. The feature extraction technique employs a
hybrid of two other feature extraction techniques: Direction
Feature (DF) and Transition Feature (TF). DF extracts the
direction transitions based on the replacement of foreground
pixels by their direction values. TF records the locations of the
transitions between 1s and Os in a binary image. A centroid
feature and a trisurface feature are also used for enhancing the
accuracy of the result. Two Neural Network classifiers are used
to classify the signatures. A database totalling 2106 signatures
is used and the highest accuracy obtained was 91.12%. Senol
and Yildirim [34] presented an off-line signature verification
system based on Neural Network. C. Oz [35] introduced an
off-line signature verification system based on Artificial
Neural Network. Techniques regarding off-line signature
verification based on Neural Network are described in [36- 38].

Oliveira et al. [39] developed an off-line signature
verification system based on the Writer-Independent approach.
Receiver Operating Characteristic (ROC) curves is used to
improve the performance of the system. ROC graphs are two
dimensional graphs in which true positive rate (TPR) and false

positive rate (FPR) are plotted on the Y and X axis
respectively. They used a two-fold technique. At first,
different fusion strategies are analysed based on the ROC.
Next, the result of the first stage is further improved by
combining the classifiers without the need of joint training.
They used two sets of data (160 genuine signatures, 40 forgery
signatures and 1200 genuine, 300 forgery signatures). Support
Vector Machine is used as a classifier and they obtained
91.80% as the highest recognition rate.

Ozgunduz et al. [40] used Support Vector Machines in order
to detect random and skilled forgeries. To represent the
signatures, they extracted global geometric features, direction
features and grid features. In the experiments, a comparison
between SVM and ANN is performed. Using a SVM with RBF
kernel, an FRR of 0.02% and an FAR of 0.11% are obtained.
Whereas the ANN, trained with the Back propagation
algorithm, provided an FRR of 0.22% and an FAR of %0.16.
In both experiments, skilled forgeries are used to train the
classifier.

Nguyen et al. [41] presented an off-line signature
verification system based on global features. In their paper, the
combination of the Modified Direction Feature (MDF) with
three global features: Feature from Energy Information,
Maxima Feature, and Ratio Feature is reported. MDF feature
extraction technique employs the location of transitions from
background to foreground pixels and the direction at transitions
in the vertical and horizontal directions of the boundary
representation of an object. At each transition, the Location of
the Transition (LT) and the Direction Transition (DT) values
are recorded. A database of 12 genuine specimens and 400
random forgeries are taken from a publicly available database.
The Support Vector Machine (SVM) classifier obtained an
average error rate (AER) of 17.25%. Martinez et al. [42] and
Mottl et al. [43] presented off-line signature verification
systems based on Support Vector Machines.

Rigoll et al. [44] developed a system that systematically
compares between off-line and on-line signature verification
based on Hidden Markov Models. A database of 340
signatures is used. An angle between the strokes of two
consecutive sample points is used for on-line verification. An
additional feature i.e. a “Sliding bitmap” is also used for the
on-line process. But for the off-line system, the difference
between maximum and minimum coordinates of the signature
is computed as a maximum height of the signature and the
distance is subdivided into a certain number of squares,
typically 6-10. Each square consists of approximately 10x10
pixels, and the grey value for each square is computed. The
highest accuracies are 99.0% and 98.10 % for the on-line and
off-line verification systems respectively.

Prashanth et al. [45] proposed an off-line signature
verification system based on standard scores correlation. Two
types of features: Feature points based on vertical splitting, and
feature points based on horizontal splitting are extracted here.
The signature image is split with a vertical line passing through
the geometric centre of the image to get its left and right parts.
This geometric centre is obtained by locating a point where the
number of black pixels is half of the total number of black
pixels in the signature. The signature image is split with a
horizontal line passing through the geometric centre to get the
top and bottom parts of the image. The thirty feature points are
extracted by following a similar procedure used for vertical
splitting.



Schafer and Viriri [46] presented an off-line signature
verification system based on the combination of feature sets.
Some features are extracted such as: Aspect ratio, centroid
feature, four surface features, six surface features, number of
edge points, transition features etc. The verification of the
signatures is accomplished by using the Euclidean distance.
Depending on the threshold of the system, the signature will
either be correctly identified as genuine or identified as a
forgery. A data base of total 2106 signatures is used in 39
different sets. A success rate of 84.10% is achieved.

Larkins and Mayo [47] proposed a technique based on
Adaptive Feature Thresholding (AFT) which is a novel method
of person-dependent off-line signature verification. AFT
enhances how a simple image feature of a signature is
converted to a binary feature vector by significantly improving
its representation in relation to the training signatures. The
similarity between signatures is then easily computed from
their corresponding binary feature vectors. Some important
techniques involving off-line signature verification system are
described in [48-56].

5. NON-ENGLISH OFF-LINE SIGNATU-
RE VERIFICATION SYSTEMS

In the field of Signature verification, much of the research
undertaken focuses on signatures of English script. Only a few
non-English signature verification systems are reported and
they are described below.

Lv et al. [57] developed a Chinese off-line signature
verification system. A data base of 1100 signatures is
considered. Support Vector Machines are used as a classifier.
Four different types of features such as Moment feature,
Direction feature, Gray distribution and Stroke width
distribution feature are used here. Based on every feature, the
accuracies are calculated separately and an average accuracy is
also calculated based on all combined feature sets. An average
error rate 5.10% is found using the combined feature sets. Ji et
al. [58] proposed an off-line Chinese signature verification
system using weighting factor on similarity computation. Some
off-line Chinese signature verification techniques are
developed by Ji and Chen [59], Tian and Qiao [60], Ye and
Hou [61] and Ji et al. [62].

Ueda et al. [63] presented an off-line Japanese signature
verification system using a pattern matching technique. A new
pattern matching process is proposed for Japanese signature
verification. In their modified pattern matching method, the
strokes of the signatures are first thinned at a width of one
pixel, and then the thinned signatures are blurred by a fixed
point-spread function. A database totalling 2000 signatures is
considered and an average error rate 9.1% is obtained.

Ghandali and Moghaddam [64] proposed an off-line Persian
signature identification and verification system based on DWT
(Discrete Wavelet Transform) and image fusion. In their paper,
a new scheme to identify and verify off-line Persian signatures
is proposed. In this method, DWT is employed to access high-
frequency bands of signature shape. Then, different samples of
a person’s signature are fused together based on high
frequency bands to generate the signature patterns. This pattern
is saved in the learning phase. A database consisting of 720
signatures is used. The error rate 8.9% and 10% are obtained in
FRR and FAR respectively from an SVM classifier. Chen &

Srihari [65] matched two signature contours using DWT before
segmenting and extracting Zernike moments from the
segments. Zoghi and Abolghasemi[66] presented an off-line
Persian Signature Verification Using Improved Dynamic Time
Warping-based Segmentation and Multivariate Autoregressive
Modelling. Some techniques involving off-line signature
verification based on DWT are discussed in [67-69].

Ismail et al. [70] proposed an off-line Arabic signature
recognition and verification technique. In their paper, a system
of two separate phases for signature recognition and
verification is developed. In the first phase some features based
on Translation, circularity feature, image enhancement, partial
histogram, centres of gravity, global baseline, thinning etc. are
extracted. In the second phase some more features are also
extracted such as Central line features, Corner line features,
Central circle features, Corner curve features and Critical point
features. A set of signature data consisting of 220 genuine
samples and 110 forged samples is used for experimentation.
They obtained a 95.0% recognition rate and 98.0% verification
rate from their system.

6. COMPARITION OF DIFFERENT APP-
ROACHES WITH RESULT

The comparisons of different important methods with
associated results are shown in Table 1.

In table 1, accuracy (%) denotes the average ldentification
rate of different databases. For verification, in the case of FAR
some authors specify the rate of FAR separately for different
levels of forgeries and the other authors specify the rate of
FAR for all the different forgeries. In the table 1 the FAR is
shown for all different forgeries. It is also noted that some
authors show the verification result but do not show the
identification result and vice versa in their paper. The results
shows that very good high accuracy is still lacking from
existing systems and hence further work is required in this
area.

7. OUR REALIZATION AND FUTURE
WORK

As we could observe, despite the vast amount of work
performed thus far for signature verification, there are still
many challenges in this research area. Signatures may be
written in different languages and we need to undertake a
systematic study on this. Also one problem of this area is, for
security reasons, it is not easy to make a signature dataset of
real documents (such as banking documents, for example)
available to the signature verification community. Publicly
availability signature datasets of real documents would make it
possible to define a common experimentation protocol in order
to perform comparative studies in this field. Researchers have
used different features for signature verification. Combination
of different classifiers as well as novel classifiers should be
explored in future work to enhance performance. Accordingly
in this survey we noted that all the published work is based on
foreground information. A combination of background and
foreground information may be considered for better results in
the future.



Tablel. Comparison of performances of diff. methods.

Sr. Approaches FEERE FAR Accura

No. o [

1 Hierarchical Random 21.6 116 -
Grap h Maodel [71]

2 Weighting Factor 3.20 16.85 -
hased Approach [72]

2 Enhanced Modified 2.88 1.71 21.11
Direction Feature[73]

4 Hybrid Starisrical 10.00 22.00 -
AModelling [74]

5 Writer-ind ep end ent - - 91.80
Approach|[75]

5] Based on Fuzzy 12.7 127 -
mod eling [T6]

7 Based on Neural 0.01 0.02
Network [7T7]

8 Structure Feature .30 8.20 91.30
Correspondence| 78]

9 SVM based approach 4.83 5.30 94.9
[79]

10 Exterior Contours 6. 50 6.90 93.80
and
Shape Features[80]

11 Fuzzy Modeling 12.60 12.60 -
Approach [81]

12 Virtual Support 16.00 12.00 -
Vector
Machine [82]

13 Person verification 1.55 2.5 97.80
based approach [83]

14 Based on Feature 20.5 20.5 -
mat ching] 84]

15 Based On Glohal 5.40 4.60 -
Features[85]

16 Chinese Signature 9.49 6.93
Verification [S86]

17 Orientations Of Geo- 14.66 25.11 -
metric Centroids [ 87]

18 Fotation Invariant 10.40 10,40 -
Approach [88]

19 Based on Neural 15.0 3.0 -
Nerwork [89]

20 Contourlet-baszed 3.3 13.3 -
method [90]

8. CONCLUSION
To highlight the state-of-the-art to researchers in the field, this
paper presents a brief survey of the recent works on off-line

signature verification.

Different existing approaches are

discussed and compared along with their FAR, FRR and
accuracies. The accuracy obtained so far from the available
systems is not very high and more research on off-line
signature verification, on-line signature verification as well as
non-English signature verification is required.

9. REFERENCES

[1]

(2]

B. Majhi, Y.S.Reddy, D.P.Babu, “Novel Features for Off-
line Signature Verification”, IJCCC- 2006, Vol. I, pp. 17-
24,

M.A. Ferrer, J.B. Alonso and C. M. Travieso, "Off-line
Geometric  Parameters for ~ Automatic  Signature
Verification Using Fixed-Point Arithmetic”, PAMI-June,
2005, pp. 993-997.

[3] S. Chen and S. Srihari, “Use of Exterior Contour and Shape

[4]

Features in Off-line Signature Verification”, ICDAR-
2005, pp. 1280-1284.

Hai Rong Lv, Wen Jun Yin, Jin Dong, “Off-line Signature
Verification based on deformable grid partition and
Hidden Markov Models”, ICME-2009, pp. 374-377.

[5] S.Madabusi, V.Srinivas, S.Bhaskaran,M. Balasubramanian,

“On-line and off-line signature verification using relative
slope algorithm”, IMS-2005, pp. 11-15.

[6]

[7]

[°]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

F.A.Fernandez, J. Fierrez, M. M.Diaz, J.O.Garcia, “Fusion
of Static Image and Dynamic Information for Signature
Verification”, ICIP-2009, pp. 2725-2728.

Xue Ling, Yunhong Wang, Zhaoxiang Zhang, Yiding
Wang, “On-line signature verification based on Gabor
features”, WOCC-2010, 2010, pp. 1-4.
Simina Emerich, Eugen Lupu, Corneliu Rusu. “On-line
Signature Recognition Approach Based on Wavelets and
Support Vecor Machines”, AQTR-2010, 2010, pp.1-4.
A. Kholmatov, and B. Yanikoglu, “Identity Authentication
using improved online signature verification method”,
Pattern Recognition Letters, 2005.
T.S.Ong, W.H.Khoh, A.B.J.Teoh, ‘“Dynamic Handwritten
Signature Verification based on Statistical Quantization
Mechanism”, ICCET 2009, pp. 312 - 316.

M. Kalera, S. Srihari, and A. Xu. “Offline signature
verification and identification using distance statistics”,
IJPRAII- 2004, pp.1339-1360.

M.T.Das, L.C.Dulger, Off-line signature verification with
PSO-NN algorithm, ISCIS-2007.
1.Pottier and G.Burel,*‘Identification and Authentication of
Handwritten Signatures with a Connectionist Approach”,
IEEE Conf. on Neural Networks, pp. 2948-2951, July
1994,
B. Fang, C.H. Leung, Y.Y. Tang, K.W. Tse, P.C.K. Kwok
and Y.K. Wong, "Off-line signature verification by the
tracking of feature and stroke positions”, Pattern
Recognition, 2003, pp. 91-101.

R. Abbas and V. Ciesielski, “A Prototype System for Off-
line Signature Verification Using Multilayered Feed
forward Neural Networks”, February 1995.

L. Batista, D. Rivard, R. Sabourin, E. Granger, and P.
Maupin. State of the art in off-line signature verification.
In B. Verma and M. Blumenstein, editors, Pattern
Recognition Technologies and Applications: Recent
Advances. IGI Global, 1st edition, 2007.

E. J. R. Justino, F. Bortolozzi, and R. Sabourin, "A
comparison of SVM and HMM classifiers in the off-line
signature verification", PRL, vol. 26, 2005, pp.1377-1385.
H. Weiping, Y. Xiufen and W. Kejun, “A survey of off-
line signature verification”, ICIMA 2004, pp. 536 - 541.
M. Hanmandlu, M. H. M. Yusof, and V. K. Madasu, "Off-
line signature verification and forgery detection using
fuzzy modelling”, PR-2005, vol. 38, pp. 341-356.

M. Ferrer, J.Alonso, and C. Travieso, "Offline geometric
parameters for automatic signature verification using
fixed-point arithmetic”, PAMI-2005, vol. 27, pp. 993-997.
K. Huang and H. Yan, "Off-line signature verification
using structural feature correspondence, “Pattern
Recognition, 2002, vol. 35, pp. 2467-2477.
V.Nguyen, M.Blumenstein, V. Muthukkumarasamy G.
Leedham, “Off-line Signature Verification Using
Enhanced Modified Direction Features in Conjunction
with Neural Classifiers and Support Vector Machines”,
ICDAR-2007 pp. 734 - 738.

lLA. Ismail, M.A.Ramadan, T. S. El-Danaf and A.H.
Samak, “An Efficient Off line Signature Identification
Method Based On Fourier Descriptor and Chain Codes”,
2010, (IJCSNS-2010),VOL.10 No.5, pp.29-35.

E. Justino, E. Bortolozzi, R Saburin, « Off-line Signature
Verification Using HMM for Random, Simple and Skilled
Forgeries,” ICDAR 2001, vol.1, pp. 105-110.



[25] M.AM. Balbed, S.M.S. Ahmad, A. Shakil, “ANOVA-

[26]

[27]

Based Feature Analysis and Selection in HMM-Based
Offline Signature Verification System”, 2009 Conference
on Innovative Technologies in Intelligent Systems and
Industrial Applications, 2009, (CITISIA-2009).pp. 66-69.
E.M.Nel, J. du Preez and B. Herbst, Estimating the pen
trajectories of static signatures using hidden Markov
models. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2005, 27, 1733-1746.

Alan McCabe and Jarrod Trevathan, “Markov Model-
based Handwritten Signature Verification”, IEEE/IFIP
International Conference on Embedded and Ubiquitous
Computing, 2008, pp. 173-179.

[28] S.M. S. Ahmad, A. Shakil, M.A.M. Balbed, “Study on the

[29]

Effect of Number of Training Samples on HMM Based
Offline and Online Signature Verification Systems”,
International Symposium on Information Technology,
2008, (ITSIM 2008), pp. Page(s): 1- 6.

S.M. S. Ahmad, A. Shakil, M.A.M. Balbed, “Offline
Signature Verification System using Hidden Markov
Model in MATLAB Environment”, 7th WSEAS Int.
Conf. on Applied Computer & Applied Computational
Science (ACACOS-2008), 2008.

[30] F. A. Fernandez, M. C. Fairhurst, J. Fierrez and J O.

[31]

[32]

[35]

Garcia, “Impact Of Signature Legibility and Signature
type in Off-line Signature Verification”, Biometrics
Symposium, 2007, pp. 1-6.

L. Batista, E. Granger and R. Sabourin, “A Multi-
Hypothesis Approach for Off-Line Signature Verification
with HMMs”, 10th International Conference on Document
Analysis and Recognition, 2009, (ICDAR-2009), pp. 1315
-1319.

S.  Madabusi, V. Srinivas, S.Bhaskaran, M
Balasubramanian, “On-line and off-line signature
verification using relative slope algorithm”,  |IEEE

International Workshop on Measurement Systems for
Homeland Security, Contraband Detection and Personal
Safety Workshop, 2005,

S. Armand, M. Blumenstein and V. Muthukkumarasamy,
“Off-line Signature Verification based on the Modified
Direction Feature” ICPR-2006, pp.509-512.

C. Senol, and T. Yildirim, “Signature Verification Using
Conic Section Function Neural Network”, In 20th
International Symposium Computer and Information
Sciences, 2005, pp. 524-532.

Oz.C. Signature Recognition and Verification with
Artificial Neural Network Using Moment Invariant
Method, Lecture Notes in Computer Science, 2005, 3497,
195-202.

[36] A. McCabe, J. Trevathan and W. Read Neural Network-

based Handwritten Signature Verification, Journal of
Computers, 2008, vol. 8, Issue 3.

[37] M. T. Das and L. C. Dulger, “Off-line signature verification

[38]

[39]

with pso-nn algorithm”, 22nd international symposium on
Computer and information sciences, 2007, pp. 1-6.

J. A. Mahar, M. H. Mahar,M. K. Khan, " Comparative
Study of Feature Extraction Methods with K-NN for Off
Line Signature Verification”, International conformance
on emerging Technologies, 2006, pp.115-120.

L. S. Oliveira, E. Justino, and R. Sabourin, “Off-line
signature verification using writer-independent approach,”
IJCNN-2007, pp. 2539-2544.

[40]

[41]

[42]

[43]

[44]

E.Ozgunduz, T.Senturk and E. Karsligil, “Off-line
signature verification and recognition by support vector
machine”, Paper presented at the European Signal
Processing Conference, 2005.

V. Nguyen, M. Blumenstein, G. Leedham, “Global
Features for the Off-Line Signature Verification
Problem”, ICDAR-2009, pp.1300-1304.

E.F. Martinez, A. Sanchez, and J. Velez, ‘‘support vector
machines versus multi-layer perceptrons for efficient off-
line signature recognition >>, Engineering Applications of
Artificial Intelligence, 2006, 19(6), pp. 693-704.

V. Mottl, M. Lange, V. Sulimova, A. Yermakov, “
Signature verification based on fusion of on-line and off-
line kernels” , 19th International Conference on Pattern
Recognition, 2008. (ICPR-2008), pp. 1-4.

G Rigoll, A. Kosmala, ‘A Systematic Comparison
Between On-line and Off-line Methods for Signature
Verification with HMM,” PR-1998, vol.2, pp.1755-1757.

[45] C.R.Prashanth, K.B Raja, K.R Venugopal, L.M Patnaik

[46]

[47]

(48]

[49]

[50]

[51]

“Standard Scores Correlation based Off-line Signature
Verification System”, (ICACT-2009), pp.49-53.
B.Schafer, S.Viriri, “An Off-Line Signature Verification
System”, 2009, (ICSIPA- 2009), pp.95-100.

Robert Larkins, Michael Mayo, “Adaptive Feature
Thresholding for Off-line Signature Verification”, 23rd
International Conference on Image and Vision
Computing, (IVCNZ-2008), 2008, pp, 1 - 6.

B. Fang and Y. Tang, “Improved class statistics estimation
for sparse data problems in off-line signature
verification”, IEEE Transactions on Systems, Man and
Cybernetics, 2005, 35(3), 276-286.

M. Hanmandlu, M.Yusof, V.Madasu, “Off-line signature
verification and forgery detection using fuzzy modeling”,
Pattern Recognition, 2005, 38(3), 341-356.

S. Chen and S. Srihari, “A New Off-line Signature
Verification Method based on Graph Matching,”
Proceedings International Conference on Pattern
Recognition (ICPR’06)-Volume 02, 2006, pp. 869-872.
B. Zhang, “Off-Line Signature Recognition and
Verification by Kernel Principal Component Self
Regression,” Proceedings of International Conference on
Machine Learning and Applications, 2006, pp. 28-33.

[52] D. Bertolini, L. S. Oliveira, E. Justino and R. Sabourin,

(53]

[54]

[55]

[56]

“Ensemble of Classifiers for Off-line Signature
Verification”, IEEE International Conference on Systems,
Man and Cybernetics, 2008, (SMC-2008), pp. 283- 288.

F. Alonso-Fernandez, M.C. Fairhurst, J. Fierrez, and J.
Ortega-Garcia. “Automatic measures for predicting
performance in off-line signature”, In International
Conference of Image Processing , pages 369-372.

R.M. Guest. Age dependency in handwritten dynamic
signature verification systems. Pattern Recognition Letter,
27(10): 2006, 1098-1104.

A.P. Shanker and AN. Rajagopalan, “Off-line signature
verification using dtw”, Pattern Recognition Letter, (PRL -
2007), 28(12): 2007, pp. 1407-1414.

D. Impedovo and G. Pirlo, “Automatic Signature
Verification: The State of the Art”, IEEE Trans. on
Systems, Man and Cybernetics, 2008, pp. 609-635.

[57] H. Lv, W. Wang, C. Wang, and Q. Zhuo, “Off-line chinese

signature verification based on support vector machines,”
PRL, vol. 26, no. 15, pp. 2390-2399, 2005.



[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]
[71]

[72]

[73]

Jun-wen Ji, Chuan-bo Chen and Xiao-su Chen, “Off-line
Chinese Signature Verification Using Weighting Factor
on Similarity Computation”, International Conference on
e-business and Information System Security 2010, pp. 1-4.
Jun-wen Ji and Xiao-su Chen,”Off-line Chinese Signature
Verification Segmentation and Feature Extraction”,
International Conference on Computational Intelligence
and Software Engineering”, 2009, pp.1-4.

Wei Tian, Yizheng Qiao, “Off-line Chinese Signature
Verification based on Optimal Matching of Projection
Profiles”, The Sixth World Congress on Intelligent
Control and Automation, 2006, (WCICA -2006), pp.
10240-10244,(IMS-2005),pp.11-15.

Xiufen Ye, Weiping Hou, Weixing Feng,“Off-line
Handwritten  Signature Verification With Inflections
Feature”, IEEE International Conference Mechatronics
and Automation, 2005, (ICMA-2005), pp. 787-792.
Jun-wen Ji, Zheng-ding Lu and Xiao-su Chen, “Similarity
computation Based on Feature Extraction for Off line
Chinese Signature Verification”, The Sixth International
Conference on Fuzzy Systems and Knowledge Discovery,
2009, Vol.1, pp.291-295.

Katsuhiko Ueda, “Investigation of Off-line Japanese
Signature Verification Using a Pattern Matching’, Proc. of
the 7th’ ICDAR-2003.

S.Ghandali and M.E. Moghaddam, “A Method for Off-line
Persian Signature Identification and Verification Using
DWT and Image Fusion”, ISSPIT 2008, pp. 315 — 319.
S.Chen, and S Srihari, combining one and two dimensional
signal recognition approaches to off-line signature
verification. Proc. International Conference on Document
Recognition and Retrieval XIII, 2006, (pp. 606701 1-
606701 10).

M. Zoghi and V. Abolghasemi, “Persian Signature
Verification Using Improved Dynamic Time Warping-
based Segmentation and Multivariate Autoregressive
Modeling”, Workshop on Statistical Signal Processing,
2009, (SSP-2009), pp.329 — 332.

W. Tian, Y. Qiao, and Z. Ma, “A New Scheme for Off-line
Signature Verification Using DWT and Fuzzy Net,”
Eighth ACIS International Conference on Software
Engineering, Artificial Intelligence, Networking, and
Parallel/Distributed Computing, 2007, pp. 30-35.

Bence Kovari, Gergely Kiss, and Istvan Albert , “Stroke
Matching for Off-line Signature Verification based on
Bounding Rectangles”, 23rd International Symposium on
Computer and Information Sciences, 2008, pp. 1-5.

R. Jayadevan , S. Shaila and P. M Patil, “Verification of
Hand Printed Signature Images Using Discrete Dyadic
Wavelet Transform”, IEEE International Conference on
Industrial and Information Systems, 2007,pp.8-11.

M.A. Ismail, Samia Gad, “Off-line Arabic Signature
Recognition and Verification”, PR-2000, pp.1727-1740.
M. Piekarczyk, “Hierarchical Random Graph Model for
Off-line  Handwritten Signatures Recognition”, 2006,
(ICCISIS- 2010), pp. 860-865.

Ji Jun-wen, Chen Chuan-bo, Chen Xiao-su “Off-line
Chinese Signature Verification: Using Weighting Factor
on Similarity Computation”, (ICEBISS-2010), pp.1- 4.

S. Armand, M. Blumenstein, V. Muthukkumarasamy,

[74]

[75]

[76]

[77]

(78]

[79]

[80]

(81]

(82]

(83]

[84]

[85]

(86]

(87]

(88]

(89]

[90]

“Off-line Signature Verification using the Enhanced
Modified  Direction  Feature and  Neural-based
Classification”, 2006, (IJCNN-2006), pp.684-691.
S.M.S.Ahmad, A.Shakil, M.A.Faudzi, R. M. Anwar,
M.A.M.Balbed “A Hybrid Statistical Modelling,
Normalization and Inferencing Techniques of an Off-line
Signature Verification System”, 2009, pp. 6-11.

L. S. Oliveira, E. Justino, and R. Sabourin, “Off-line
signature verification using writer-independent approach”,
2007, (IJCNN-2007), pp. 2539-2544, 12-17 Aug.

T. Wei Q. Yizheng, M. Zhiqiang, “Off-line Signature
Verification Based on Fuzzy Modelling with the Optimal
Number of Rules”, IEEE International Conference on
Multimedia and Expo, 2007, 1435-1438.

Maya V. Karki, K. Indira, Dr. S. Sethu Selvi, “Off-Line
Signature Recognition and Verification using Neural
Network™, 2007, (ICCIMA-2007), pp.307-312.

K. Huang H. Yan, “ Off-line Signature Verification using
Structural Feature Correspondence”, Paftern Recognition,
vol. 35, Issue 11, pp. 2467-2477, NOV. 2002.

H. Lv, W. Wang, C. Wang, and Q. Zhuo, “Off-line chinese
signature verification based on support vector machines,”
PRL-2005, vol. 26, no. 15, pp. 2390-2399.

S. Chen and S. Srihari, “Use of Exterior Contours and
Shape Features in Off-line Signature Verification”,
ICDAR-2005, pp.1520-5263.

W. Tian, Y. Qiao and Z. Ma, ‘‘Off-line Signature
Verification based on Fuzzy Modeling with the Optimal
Numbers of rules”, ICME-2007, pp. 1435 - 1438.

S. Audet, P. Bansal, and S. Baskaran ,“Off-line signature
verification using virtual support vector machines”, ECSE
526 - Artificial Intelligence, 2006.

Anouar Ben Khalifa, Najoua Essoukri Ben Amara, “2nd
International Conference on Fusion at the Feature Level
for Person Verification Based on Off Line Handwriting
and Signature”, 2008, (ICSCS-2008), pp.1 - 5.

B. Kovari, Z. Kertesz, A. Major, “Off-Line Signature
Verification Based on Feature Matching”, 11th
International Conference on Intelligent Engineering

Systems, 2007, (INES -2007), pp. 93 - 97.

A.C. Ramachandra, J.S.Rao, K.B. Raja, K.R.Venugopla,
L. M. Patnaik, “Robust Offline Signature Verification
Based On Global Features”,(IACC-2009), pp.1173-78.

J. Jun-wen, L. Zheng-ding, C. Xiao-su, “Similarity Com-
putation Based on Feature Extraction for Off-line Chinese
Signature Verification”, (ICFSKD-2009), pp. 291-295.
H.N Prakash, D.S. Guru, “Relative Orientations of
Geometric Centroids for Off-line Signature Verification”,
2009, (ICAPR -2009), pp. 201-204.

J.Wen, B.Fang, Y. Y.Tang and T.P.Zhang, “Offline
Signature  Verification:A  New Rotation Invariant
Approach”, 2007, (ICSMC-2007), PP: 3583 - 3587.

J. Zhang, X. Zeng, Y. Lul, L. Zhang, M. Li, “A Novel
Off-line Signature Verification Based on One-class-one
network” Third International Conference on Natural
Computation, 2007, (ICNC-2007), pp. 590 — 594.
M.Yang, Z.Yin, Z. Zhong, S. Wang, P. Chen and Y. Xu,
“A Contourlet-based Method for Handwritten Signature
Verification” , Proc. of the IEEE International Conference
on Automation and Logistics, 2007, pp.18 — 21.





