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Abstract
Signature is a behavioral trait used in the area of biometric 
authentication. On-line signature verification requires the use of 
digitizing tablet and a stylus that are connected to the Universal 
Serial Port (USB) of computer. Signatures are collected with the 
help of pressure sensitive pen and tablet having working area 
of 4 x 3 inches. As numbers of systems are there for on-line 
signature verification of foreign language, no work has been done 
for on-line signature verification of Indian language. This paper 
deals with the on-line signature verification of Punjabi signatures. 
Signatures of each individual written in Punjabi language are 
stored in the binary format in database as txt file. Feature vector 
of each signature consists of minimum pressure, average pressure, 
maximum pressure, signature length, total signing time and total 
pen down count. The input Punjabi signatures are recognized 
by using support vector machines (SVM) and the performance 
was explored by using radial basis function (RBF). Experimental 
results show the incremental growth in accuracy by adding more 
and more features together. The proposed system exhibits the 
accuracy of 85% by combining all the features together. 
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I. Introduction
In today’s scenario, personal certification is important for the security 
of any individual. Biometrics is an authentication technology used to 
identify one based on his behavioral and physiological characteristics. 
These characteristics include fingerprints, retina, handwriting, 
signature and voice, which are unique and should not be duplicable. 
The method of identification using biometrics is preferred over 
traditional passwords and PIN based methods as the person to 
be identified is required to be physically present at the time-
of-identification. Identification based on biometric techniques 
removes the need to remember a password or carry a token or card. 
By using this technology, strong security can be achieved. Signature 
verification is a certification technology using biometrics. It is 
classifiable into two: off-line and on-line signature verification. 
In off-line verification system verification is based on static data 
only like shape of the signature. Meanwhile in on-line signature 
verification system verification is based on dynamic data like 
writing speed, writing pressure, time duration etc.
The word signature means the signing of a written document with 
one’s own hand. Its purpose is to accept, authenticate writing 
and to bind the individual with the disposition contained in the 
document. A good signature is used to certify the person himself 
and it is very hard to be copied by anyone else.

A. Characteristics of on-line Signature Data
Multiple characteristics are used for dynamic signature recognition 
in the analysis of an individual’s handwriting. These characteristics 
vary in use from person to person and are collected using contact 

sensitive technologies, such as PDAs or digitizing tablets. Common 
dynamic characteristics include:

the velocity, • 
acceleration, • 
timing, • 
pressure, • 
direction of the signature strokes• 

To verify the signatures on-line, the dynamic traits of one’s 
signature is captured by using some special graphic pen tablet 
device. The signature is represented by multiple features like x 
co-ordinate, y co-ordinate, writing forces i.e. the pressure applied. 
On-line signatures are more robust as compared to the off-line 
signatures because an expert can duplicate the shape of a signature, 
but it is impossible to copy the timing changes in x, y co-ordinates 
and pressure. The features can be classified as local or global 
features. Local features are calculated at each position in the time 
sequence (e.g. distance between two consecutive points) whereas 
the global features calculate the properties of the whole signature 
(e.g. total signing time) [1].
Nowadays various signature verification technologies have been 
proposed to classify signatures. That includes: hidden markov 
model, dynamic time warping, neural networks, support vector 
machines etc.
Signatures are the most reliable and accurate biometric feature for 
verifying one’s identity. In this paper on-line signature verification 
system for Punjabi signatures is proposed. Signatures are classified 
by using support vector machines (SVM), which is a learning 
machine for pattern recognition.
Support vector machines are used to solve classification and 
regression problems. In classification a set of training data is 
used to estimate the decision function f to correctly classify test 
examples. Meanwhile, for regression, pattern recognition takes 
place by the estimation of real-valued functions [2].
The paper is outlined as follows: In section II the work done in 
previous years is described. The proposed system for Punjabi 
on-line signature verification is described in section III. Section 
IV describes the experimental results obtained from different 
experiments. The conclusion and the future research directions 
are explained in the last section.

II. Related Work
The first signature recognition system was developed in 1965 
[3]. Research in online signature verification was started in the 
1970’s [4-6]. In [7] a three-axis force-sensitive penis used to 
transduce the dynamic features of the handwritten signature into 
electrical signals. Euclidean distance metric is used to measure the 
closeness between the test signature and the template signature. 
In this dynamic programming approach is used in which strokes 
are treated as the structural units of the signature [8]. 
On-line Arabic signatures are verified by using statistical method. 
Performance was measured on the basis of accuracy and equal 
error rate [9].
 In case of Chinese language neural network, spectral analysis, 
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HMM and SVM based classifiers are used. Accuracy of 95% and 
93.17% is achieved using neural network [15] and support vector 
machines [21] respectively. FRR of 1.4% and FAR of 2.8% is 
achieved using spectrum analysis [10]. Combination of BPNN 
as local classifier and probabilistic model as global classifier 
with FRR equals to 0.3% and FAR equals to 0.5% outperforms 
as compared to other classification techniques for signature 
verification [1]. The EER obtained with hidden markov model 
[30], support vector machine [21], parzen window classifier [31] 
and dynamic programming [32] is 17%, 10.8%, 3.61% (Task 1&2) 
and 2.04% (Task2), and 8.22% respectively.
For online Japanese signature verification only two verification 
techniques based on SVM and DTW have been proposed. Using 
SVM as a classifier the accuracy of 92.96% is achieved [20]. 
Distance measure approach has performed better with the accuracy 
of 97.6% [11].
MCYT database contains data of dynamic Spanish signatures and is 
used to carry out various signature verification experiments. HMM, 
DTW, symbolic representation and spectrum based techniques has 
been proposed for online Spanish signature verification. Spectrum 
analysis based signature verification give EER of 0.07% by using 
time sequence as parameter for verification [12].  EER of 1.2% 
is obtained with Markov Chain Monte Carlo method [13].  EER 
of 3.8% is achieved with the use of time and number of pen-ups 
as features and verification is based on symbolic representation 
[14]. Dynamic time warping with hidden signatures and its 
corresponding standard deviation sequence give EER of 1.72% 
[33] as compared to DTW with Mahalanobis distance and using 
x, y positions, pressure p, azimuth angle α and inclination angle 
β as features, which produces EER of 3.73% [17]. Using tree 
indexing approach and x, y, pressure, azimuth and elevation as 
feature parameter give accuracy of 80% [18].
In English language SVM, neural network, dynamic time warping 
and HMM based classifiers are used. FAR, FRR, ERR and accuracy 
are used as performance metrics. Accuracy of 95% and 83.4% is 
achieved using neural network [15] and SVM [24] respectively. 
Statistical approach gives FRR of 0.2% and FAR of 0.25% with 
the use of x, y coordinates and pressure as parameters [16]. Pen 
movement, pen velocity, distance w.r.t time were used as features 
for signature verification. Dynamic time warping technique is 
used and EER of 35% is obtained [19].
A wide range of techniques for on-line signature verification in 
various languages have been observed, but it has been found 
that no work has been done in online signature verification for 
Indian languages. Some amount of work has been done on off-line 
signature verification of Bengali [34] and Hindi [35] signatures.  
The maximum work has been performed with foreign languages 
like Chinese, Japanese, Spanish, and English etc. Different 
approaches like support vector machines, neural networks, hidden 
markov models, dynamic time warping etc. can be classified based 
on the method used for verification. 

III. System Design
The proposed on-line Punjabi Signature verification system 
consists of six phases that are: Data acquisition, feature vector 
generator, enrolment, database development and collection, 
Verification and prediction. The block diagram of the proposed 
system is shown in figure 1.

 

Data acquisition 

Feature vector 
generator 

SVM Trainer 

Predictor 

SVM Loader 

SVM Classifier 

Enrolment 

Database 

Accepted/Rejected

Fig. 1: Block Diagram of Online Punjabi Signature Verification 
System

A. Data Acquisition
Data acquisition is the process in which the inputs from the digitizing 
tablet are read and are stored in the database for processing. USB 
pen tablet as shown in fig. 2 is used for acquiring signatures.

Fig. 2: Online Signature Graphics Tablet

Hardware Interface: USB Pen Tablet offers user the flexibility to 
write, draw, design, and interact with the Graphical User Interface. 
Pen tablet with working area of 4 x 3 inches, 1024 pressure levels 
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having cordless digital stylus pen with a pen tip and two barrel 
buttons is used. Universal Serial Bus (USB) is a communication 
architecture that gives a personal computer (PC) the ability to 
interconnect different devices.  Devices are configured by USB 
protocols at start up or when they are plugged in at run time. These 
devices are broken into various device classes. Each device class 
defines the common behaviour and protocols for devices that 
serve similar functions.
To accomplish the routing and retrieval of data the descriptors 
of the human interface device (HID) and the data it provides are 
examined. A HID class device communicates with the HID class 
driver using either the Control (default) pipe or an Interrupt pipe. 
USB 2.0 protocol is used, which has higher maximum signalling 
rate of 480 Mbit/s.  A plugged in USB device is identified by 
its VID/PID combination. A VID is a 16-bit vendor identity 
number (Vendor ID). A PID is a 16-bit product identity number 
(Product ID). These two numbers can be used to track down the 
manufacturer and the specific device driver. The Product ID is 
the most unique identifier for a device [22].

B. Feature Extraction
On-line signature verification system extracts the dynamic 
properties from the signature. The main purpose of feature 
extraction is to find out the most reliable features, as they act as 
an important factor in the whole verification process. A collection 
of some of the features that have been used studied and reported 
[23-25].
The raw data of each signature contains the following 
information:

Pen-up status• 
Pen-down status• 
X co-ordinate• 
Y co-ordinate• 
Pressure value at a particular point• 
Button status of pen• 

A binary value ‘1’ indicates that the pen is touching the tablet 
(pen-down) and ‘0’ indicates that the pen is not touching the 
tablet’s working area (pen-up).
Vector representation of the signature that is used as a training 
set is represented by:
+1 1:0 2:1.241 3:2.0079 4:36 5:07 6:188
Features used for vector representation are:

Minimum pressure: it is the minimum pressure value applied • 
by the signer while writing.
Average pressure: it is calculated by finding out the average • 
of all the pressure values which pen leaves on the signing 
surface area.
Maximum pressure: it is the strongest pressure applied by • 
the signer while signing.
Signature length: it represents the length of all lines drawn in • 
the signature. It is the total length of the signature.
Total signing time: it is the total time needed to get a person • 
to sign, since the beginning of the signature. It is obtained 
in seconds.
Total pen down count: this feature shows how many times the • 
signer touched a pen on the surface during signing.

C. Database
In this research signatures in Punjabi language are collected. 
The Gurumukhi script employed by Punjabi is characterized 
by bars on top of the symbols. Punjabi is highly phonetic; i.e. 
the pronunciation of new words can be reliably predicted from 

their written form. Punjabi learners may struggle with English 
spelling. They may mispronounce words that they first encounter 
in writing. 
The database consists of 500 Punjabi signatures collected from 20 
individuals out of which 13 are females and 7 are males. Signatures 
are acquired using USB pen tablet dynamically. Raw data consists 
of: x and y pen co-ordinates, pen pressure and pen up/down 
status. In addition to this other dynamic features like minimum 
pressure; average pressure, maximum pressure, signature length, 
total signing time and total pen down count are computed. Set 
of measurements representing points for each signature is saved 
in a text file. The signature is simply represented as a sequence 
of points in each signature text file. Each data set is divided into 
two sets: training set and testing set.
The age distribution of 20 users is shown in fig. 3.

Fig. 3: Age Distribution

D. Verification 
For verifying on-line signatures support vector machines are 
used. Support Vector Machine is a supervised learning method 
based on the concept of decision boundaries that are defined by 
decision planes which separates a set of objects having different 
class memberships [1]. SVM is a learning machine first proposed 
by V. Vapnik [26]. A support vector machine constructs a hyper 
plane in a high dimensional space. A good separation is achieved 
by the hyper plane that has the largest distance to the nearest 
training data points of any class. The increase in margin lowers 
the generalization error of the classifier.
Basically SVM learn linear threshold as a kernel function, but 
polynomial classifiers are learned by using non-linear kernel. The 
kernel is the part of the SVM that maps the input data to the very 
high-dimension feature space. Complexity of hypothesis is judged 
according to the margin that separates different classes [27].
 
In this research the radial basis kernel functions and the grid 
method is used. Grid search is the standard way of performing 
hyper parameter optimization. Radial basis function kernel 
consists of two hyper parameters that need to be tuned for good 
performance. First is regularization constant C which is a trade-off 
between training error and the flatness of the solution and second 
is a kernel hyper parameter γ. Grid search is used to estimate the 
better C before the final training is performed. An SVM is trained 
with each pair (C, γ) in the cross-product of these two sets by grid 
search. Finally, the settings that achieve the highest score in the 
validation procedure are used [28-29].
By default,
C=1 and γ= 1/k
Where, k is two dimensional data. Here k=2, so γ comes out to 
be 0.5.
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A very important task in this system is to choose the correct 
feature vector from the raw data. First a pre-processing is done 
to remove the irrelevant information. In this pressure is mapped 
by its maximum value to achieve better results. Seven features 
are extracted and are used to train the system, that are minimum 
pressure, average pressure, maximum pressure, signature length, 
total signing time and total pen down count.
SVM Trainer: SVM trainer is used to train the system with training 
set. System is trained with 400 signature samples consists of 20 
samples from each individual. Model file for each user present in 
the database is created. Model Files contains the support vectors 
that are needed to classify the testing data. Algorithm used for 
system training is as follows:

Step: I let i be any input signature
Step: II Generate feature vector, v for each signature sample.
+1 1:0 2:1.241 3:2.0079 4:36 5:07 6:188
Step: III Dataset D is collected, containing all the Punjabi signature 
samples.
Step: IV The entire dataset D is partitioned into two subsets 
containing 80% and 20% signature samples respectively.
1.txt  2.txt ----- 20.txt
Step: V The system is trained with 80% signature samples of the 
entire dataset.
Step: VI Model file for each user present in the database is created, 
which contains the support vectors that are needed to classify the 
testing data.

SVM Loader: SVM loader is used to load the model files generated 
after training the system. Model files for each user are generated 
and are used to perform the verification task.

SVM Classifier: To perform classification using support vector 
machines, Punjabi signatures are used for testing and are converted 
to vectors. Classifier compares these vectors with the vectors 
contained in each model file. If testing signature matches and 
belongs to specified model, then its value is positive, otherwise it 
is negative. Algorithm used for classification is as follows:

Step: I let i be any input signature
Step: II Feature vector v for each signature sample is generated
+1 1:0 2:1.241 3:2.0079 4:36 5:07 6:188
Step: III Classifier compares these vectors with the vectors 
contained in each model file.
Step: IV If testing signature matches and belongs to specified 
model, then value in the result file is positive, otherwise it is 
negative.
Step: V The outputs generated are compared by the comparer and 
the Punjabi test signatures are verified with the file containing 
positive value.

IV. Experimental Results
The performance of this system is measured in terms of the 
accuracy. In this research eleven experiments are performed and 
it has been found that the accuracy of the system increases by 
combining all the features together, as shown in table 1.

Table 1: Verification Results

pressure signature 
length

Total 
signing 
time

total 
pen 
down 
count

Accuracy %

Y 5
Y Y 31

Y Y 32
Y Y 32
Y Y 38
Y Y Y 42

Y Y 43
Y Y 64

Y Y Y 68
Y Y Y 76

Y Y Y Y 85
500 Punjabi signatures from 20 individuals are collected. The 
system is trained with 400 Punjabi signature samples and 100 
genuine Punjabi signature samples are used for system testing. 
In first experiment the dataset consists of signature samples with 
only pressure as a feature vector. With which the accuracy of only 
5% is achieved. Figure 4 shows the graph in which the accuracy 
of the system increases as more and more dynamic features are 
combined together. The accuracy of 85% is achieved by considering 
all the features which includes minimum, average and maximum 
pressure (p), signature length (l), total signing time (t) and total 
pen down count (dc).

Fig. 4: System Accuracy Graph

V.  Conclusion and Future Scope
A lot of work has been done in languages like English, Japanese, 
Chinese, and Spanish etc. and no work has been done in Indian 
languages for online signature verification. This research is 
regarding the development of online Punjabi signature verification 
system. For signature verification support vector machines are 
used to accept the signature as genuine and reject it as forgery. 
Various experiments show that the combination of minimum 
pressure, average pressure, maximum pressure, signature length, 
total signing time and total pen down count collectively have better 
performance as compared to the other groups of features. 
For continuation of this work there is a necessity for finding a more 
comfortable pen tablet USB devices at cheaper costs. It also aims 
at analyzing new dynamic features and testing them with other 
classification techniques. This research can also be extended for 
verification of signatures in other Indian languages.
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