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Abstract- Signature (Latin - signare) is a handwritten stylized 

form of identification of its owner. Often handwritten signatures 

are generally used in secured identity preservation. An ideal 

signature recognition system handles image noise as well as that 

of learning unique patterns in an individual's signature. This 

paper analyzes the performance of artificial neural network 

(ANN) architectures and Gaussian support vector machine 

(SVM) kernel for offline signature recognition scheme that is 

trained on a distinct feature set extracted from signature images. 

We investigated the impact of using ANN and SVM on 

specialized feature set and present comparative analysis of the 

two. Three distinct features - gradient histogram, dot density and 

slices were used - yielding testing accuracies of 93.1 %, 98% and 

85.1 % respectively. Using ANN and SVM on this set, a maximum 

accuracy of 96.57% was achieved over a group of 30 individuals, 

covering an entire data set of 3000 signatures. 

Keywords-component; ANN, distinctive features, dot density, 

feedforward back propagation, Gaussian RBF kernel, gradient 

histograms, perceptron, polynomial kernel, slices, SVM. 

I. [NTRODUCTION 

The concept of recognizing handwritten signatures is not 
just a simple pattern recognition problem. Signatures of a 
single individual exhibit an arbitrary amount of variance over 
time. Hence, such complexities do put forward a complex 
classification problem since signature samples from the same 
person are similar but not identical. In addition, a major portion 
of the variability can also be observed in signatures due to the 
location, origin, time, age, personal habits, and psychological 
state of the signatory [I]. Consequently, handwritten signature 
recognition has persistently challenged the existing digital 
verification systems. An offline signature recognition system 
involves scanning of raw signature images and then using 
appropriate image processing techniques and learning for the 
verification process. Although, several pattern recognition and 
machine learning methodologies exist (See Section II for 
details) to till date, the hurdle of computation time and 
complexity is yet to be minimized. 

The choice of distinctive feature selection from raw 

signature images is another vital issue in this scene. Almost all 
offline signature verification systems rely on image processing 
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and feature extraction techniques [2]. Given a powerful 
computational machine, the solution need not involve extensive 
use of a colossal feature set of redundant high level and low 
level features, for better accuracies. An ideal methodology 
would involve the use of a distinctive feature set to train the 
algorithm and exhibit considerable accuracy in the 
classification phase. It is imperative to investigate the ANN 
and SVM classifiers profoundly using features other than the 
conventional ones [see Section II]. The concept of such simple 
distinctive feature set in this context, does not demand common 
dimension reduction technique such as principal component 
analysis (PCA), however, preserving as much raw information 
as possible from each signature image in the extraction process 
is of our primary concern. For an effective classification 
solution, dimension reduction techniques may be preserved to 
boost accuracies when larger data set would be used. 

Section III explains the proposed methodology, 
preprocessing techniques and the proposed features. The 
analysis is based on using three features (Gradient Histogram, 
Dot Density and Horizontal-Vertical Slices) from a data set of 
3000 signatures. In addition, special features such as windowed 
height and width of the signatures, mean and median of the 
windowed dot count (see Section III - C) are used. Three 
different supervised ANN architectures were used - single 
layer perceptron, feed forward backpropagation network and 
probabilistic neural network. Moreover, a Gaussian support 
vector machine (SVM) kernel is employed for comparative 
analysis of the effective feature set. 

Section [V elaborates the findings and analysis of the 
investigation, profoundly displaying all the findings of using 
the proposed features when employed in standalone mode 
and/or in a feature set as well. 

[I. LITERATURE REVIEW 

A lot of studies has been conducted on offline signature 
recognition [3,4,5,6,7,8,9,10,11] using conventional features. A 
detailed overview of the attempts to offline signature 
recognition system has been tabulated by Bhardi and Kekre 
[12] where several approaches are listed. As of their study, a 
maximum accuracy of 95.24% was achieved by Kaewkongka, 
Chamnongthai and Thipakom [13] using parametrized Hough 
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Transfonn technique. Our investigation yielded an accuracy of 
96.57%. 

Modular Neural Network (MNN) solutions have been also 
assigned to solve signature recognition problem. Since modular 
neural network has the ability to reduce complex redundant 
neural network topologies to simple and efficient partitions, 
Mirzaei, Irani and Pourrezal in 2011, used MNN to recognize 
signatures of 30 individuals from 60 raw signature images [14]. 
Using features such as edge detection, curve let transfonn and 
Hough transforms, they achieved a persistent accuracy of 96% 
using MNN for signature recognition. However, MNNs are 
difficult to set up and calibrate. The scope of our work 
incorporates usage of simple features fed to simple classifiers 
to account for less memory and less computation time. 

As local probability estimators for hidden Markov model 
(HMM) technique, a group of Artificial Neural Networks 
(ANN) can be used. As shown in [15], the Viterbi algorithm 
may be employed to work out the global posterior probability 
of the model. Such hybrid architecture can exhibit strong 
discriminating abilities. Quan, Huang, Liu and Chau 
formulated such HMMI ANN hybrid model and used 40 
signatures from 22 signatories [16]. They partitioned the entire 
dataset to genuine and forged sets and conducted a comparative 
research between the standard HMM based model (equal error 
rate - 0.22) and their hybrid HMM/ANN model (error equal 
rate - 0.12). In contrast to the complex initialization of 
HMM/ANN hybrid, we achieved consistent classification by 
employing ANN and SVM classifiers on the proposed feature 
set. 

Fusion of Grid and Global Features using Neural Networks 
(FGNN) architecture for signature verification was proposed 
by Kumar, Raja, Chhotaray, and Pattanaik [17]. In the 
proposed model, they fused the global and grid features to 
generate feature set and used a standard multilayer feedforward 
backpropagation network for the verification process. Using 
signatures from 20 candidates comprising a small dataset of 
600 signature samples, the proposed architecture comprised of 
30 input variables that were extracted from signature features. 
One signature at a time was verified. In comparison to 
algorithms prior to their methodology, the false acceptance rate 
(FAR) and false rejection rate (FRR) showed a decent 
improvement. Nevertheless, our work involved a larger dataset 
with more candidates. In addition, our proposed algorithm can 
compute all signatures in a batch rather than being limited to 
one signature at a time. 

The performance of an error back propagation artificial 
neural network for authenticating signatures has been found to 
be consistent in several machine learning problems. Sisodia 
and Anand [18] developed an efficient static signature 
verification system consisting of stringent preprocessing and 
feature extraction measures followed by an NN classifier. Their 
database comprised of 6 individuals with 40 samples each. A 
verification rate of 94.27% was achieved in their attempt. In 
comparison, we employed trivial image preprocessing and 
feature extraction techniques and achieved better accuracy. 

The use of PCA in the recognition process of offline 
signature recognition systems has also outrun many errors. 
Ismail, Ramadan, EI-Danaf and Samak used a database of 2400 
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signature images [19]. Using PCA on the images for an 
efficient feature set, the data was fed to a multi-layer 
feedforward ANN. The average error rate using Manhattan 
distance reached up to 3.8% with FAR of 2.6% and FRR of 
1.6%. Our methodology, however, achieved consistent 
accuracy without employing PCA on the images. The distinct 
feature set is lightweight and discriminative enough to be fed to 
almost any conventional classifiers. 

Radmehr, Anisheh, Nikpour and Yaseri developed an 
offline signature recognition system based on Radon transform, 
fractal dimension (FD) and SVMs [20]. Experimental result of 
the proposed method achieved true positive rate (TPR) of 
92.5% and false positive rate (FPR) of 10% using polynomial 
kernel for 5 classes in their proposed method. For comparison, 
they evaluated the perfonnance using a linear kernel and a 
radial basis function kernel as well. The scope of our work in 
contrast covered up to 30 classes with improved accuracies in 
classification employing multilayer ANN and SVM RBF 
kernel. 

Tomar and Singh used directional features such as chain 
code and energy density feature set for signature verification 
[21]. The inputs were fed to a backpropagation ANN for 
classification. Obtaining samples from 10 individuals, they 
claimed to achieve 0% FAR in the proposed method. However, 
it was evident that the proposed method may only be efficient 
for a smaller dataset whereas we put forward a large dataset. 

A different technique for offline signature recognition and 
verification using a two stage neural network classifier has 
been proposed by Baltzakis and Papamarkos [22]. For each one 
of the feature sets, a special two stage Perceptron one-class
one-network classification structure was implemented. The 
final verification was obtained by the aid of a RBF classifier, 
yielding an accuracy of 97% correct acceptances and 3% false 
rejections. In contrast, we employed one stage classifiers per 
investigation and obtained consistent accuracy. 

III. METHODOLOGY 

A general outline of the entire process is illustrated in fig I. 

Signature Testing set " Validation 
Images ( 10%) .., 

t If' If' 
Single Prototype Learning 

Signature Matrix Phase 
Image 

� t t 
I SVM I 

Feature ... 
Training set 

... 

Extraction .- (90%) .-

J ANN l 
Figure 1. An outline of the general process 

A. Dataset 

A one week campaign was conducted to collect a set of 100 
signatures per individual from 30 individuals. Each candidate 
was given 2 pieces of A4 sized papers composed of a table 
having 50 rectangular cells. The candidates were asked to 
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provide 100 samples of their signatures on the paper. These 
papers were scanned with a resolution of 300dpi to construct 
the dataset. A total of 3000 scanned signatures were obtained 
from 30 individuals. 

B. Image Preprocessing 

Each image underwent multiple levels of preprocessing. 
The preprocessing steps are: 

1) Noise removal: 
This step removes the texture of the paper and singular 

points. Texture elimination was achieved by generating a Oil 
mask. The mask is a monochromatic, dilated version of the 
original image. The mask was then applied on the original 
image to clear the background. The image was searched for all 
points with an 8-connectivity value of 0 and all such points 
were removed. 

Figure 2. Effect of noise removal 

2) Alignment 
The orientation of the image was calculated and the image 

was rotated accordingly to align it along the axes. 

Figure 3. Effect of alignment 

3) Centering 
The true center of the image was calculated and the image 

was then padded and cropped to bring the signature to the 
geometric center of the image. 

Figure 4. Effect of centering a signature 

4) Resizing 
The image was resized to a convenient size of 22 pixels in 

height by 64 pixels in width. 

C. Feature Extraction 

Many feature extraction techniques from raw signature 
images have been experimented with. The most prominent 
ones are those of image processing tools such as edge detection, 
curvelets and Hough transform [13]; radon transfer and line 
segment detection [20, 23]; Fourier descriptor chain codes [11]; 
directional energy-density based feature [13]; global features, 
grid infonnation features and texture features of the images [10, 
17]; centroid, length, width, quadrant area, 1D flrst and second 
derivatives of image and global slant angle [23]. Although 
many of the methods aforementioned have good accuracy 
histories, the computational time and memory cost is of higher 
signiflcance in this scenario. Thus, the issue of feature 
extraction methods that fonn the most efficient low 
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dimensional vector is of great significant importance in this 
investigation. 

We propose our distinctive feature set to account for 
precise classiflcation of the sample signatures. 

1) Column Sum 
This feature sums up the values of pixel intensities In 

column major order. For an image FXc, the feature F ,  IS 
defined as, 

(1) 
2) Row Sum 

This feature sums up the values of pixel intensities in row 
major order. For an image jrxc, the feature F, is defined as, 

(2) 

3) Windowed Dot Count 
To generate this feature, the image j is divided into a grid 

of 4 by 4. The number of dots in each cell is counted and 
returned in a 1 by 16 vector. 

F1X16(1, k) = 2:[=1 2:J=1 Count(Cellk(i,j) = 1) (3) 
4) Horizontal Slice 

This feature splits the images into four slices in horizontal 
orientation and generates the number of transitions in pixel 
intensity in each of the slices. 

F1X4 (1, k) = Transition(Slicek), where 
Transition(SliceTXC) = 

Count(2:��� Slice G, i) ! = Slice(� , i-I)) (4) 
5) Vertical Slice 

This feature splits the images into four slices in vertical 
orientation and generates the number of transitions in pixel 
intensity in each of the slices. 

F1X4(1, k) = Transition(Slicek), where, 
Transition(Slicerxc) = 

r/2 
count(L Slice (i,�) ! = Slice(i -1,c/2)) 

i=2 

6) Gradient Histogram 

(5) 

This feature calculates the orientation of pixels in every 
column the image at 0, 45, 90 and 135 degrees. 

Several other features have also been experimented with. 
These features included are area, width and height of the 
signature, the mean horizontal and vertical histograms, the 
mean and median of windowed dot counts, and the number of 
points needed to draw a convex hull around the signature. 
Refer to section IV -G for results. 

D. Neural Network Architectures 

Supervised ANNs (Artificial Neural Networks) may be 
employed in several architectures for training data. Our 
analysis involves three different types of supervised ANNs. A 
summary of the network parameters is tabulated below. 
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100 

� 
80 

- 10 Individuals ?F-� 60 
0 

- 15 Individuals 
oj '""' 
;::l 40 0 

- 20 Individuals 
0 

-< 20 
- 25 Individuals 

0 
- 30 Individuals 0 5 10 15 20 25 30 

Number of Neurons 

Figure 5. Accuracy vs. number of individuals for single layer feed forward back propagation 

TABLE I. ANN USED TN EXPERIMENT 

Network Type No. of Algorithm Epochs 
Neurons 

Feed-forward Single Resilient 500 
Back-propagation layer: IS, back-

20,25,30 propagation 
Multilayer: 
30,45,60 

Perceptron Input Single 500 
Output Layer 

Probabilistic 30 RBF -

E. Gaussian SVM Kernel 

For comparative analysis, we used an SVM kernel for 
training and testing the signature images. In the preliminary 
stage the choice of a suitable kernel was necessary. In the 
scope of our analysis, Gaussian kernel proved to be much 
efficient than the polynomial kernel. The one-against-all 
algorithm attempts to separate the points into subsets with 
homogeneous target values. The support vector will be the 
center of the RBF and will detennine the area of influence 
this support vector has over data space. 

TABLE II. PARAMETERS FOR THE GAUSSIAN RBF KERNEL 

Parameters Values 
Kernel cache 50MB 

Learning Active 
Complexity factor 1000 

Kernel spread 20-60 
Epsilon factor for regression \e" ( -7) 

Algorithm One-against-all 

Chang, Chen and Wang [24] pointed out the cons of 
model overfitting and underfitting, when using SVM. In 
particular, the choice of the kernel width in an SVM is 
dependent on the distribution of the data. A small kernel 
width results in model overfitting whereas a larger kernel 
width results in model underfitting. 

We conducted our experimental investigation over a spread 
of 20-60 [see table II] and obtained the best result at 60. 
Beyond 60, no improvement was observed. 

The "one against all" strategy consists of constructing 
one SVM per class, which is trained to distinguish the 
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samples of one class from the samples of all remaining 
classes. Usually, classification of an unknown pattern is done 
according to the maximum output among all SVMs. 

The results of the experiment with above networks are 
discussed in section IV. 

IV. RESULT ANALYSIS 

In this section we discuss the results of our experiment 
with different machine learning systems. 

A. Varying Number of Classes 

In figure 5, we see that, testing accuracy that has been 
achieved for feed-forward back-propagation network with 
varying class or individual number has been presented. Here 
we see that for 10 individuals the network showed highest 
accuracy but with the increasing number of individuals the 
accuracy started declining. Another major concern is the 
neuron number for the only hidden layer, which has been 
used for the result shown here. Mostly, it is seen that with 
increasing number of neurons the system started recognizing 
the signatures better. The Feed-forward back-propagation 
network with one hidden layer and 29 neurons showed 
maximum of 98.9% accuracy when 10 individuals data had 
been fed into the network, but for the highest number of 
individual, which in our case is 30, the network showed 
91.09% accuracy with 30 neurons in the only hidden layer. 

B. Ten-fold Validation for Feed-forward Backpropagation 

100 

,--. 80 >-- - I- - >-- l- f-
6Z '-' 

60 ;>-. 
u 

>-- - I- - f- I- - l- f-
o::l ... 
;::l 40 u 

l- f- f- f- l- I- f- f- l-
u 

<r: 20 I-- r- r- r- I-- I-- r- r- I--
0 

0' 0'" D'? 0'>- D� 0 '0 D� 000 Do, ,� 
. .  �� �� �� �� �� �� �� �� ��L.�

D 
-Trammg � 

o Testing Folds 

Figure 6. Ten fold validation for feed-forward backpropagation network 
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C. Multi-layer Backpropagation Network 

After testing the feed-forward back-propagation network 
with single hidden layer, more effort has been made to test 
the performance of the network having multiple hidden 
layers. The result of recognition for multiple layer networks 
has been shown in figure 7. Like the other networks, it is also 
seen here that the accuracy declines with the increase in class 
size. Moreover by looking at the result we can say that 
network with three hidden layer works better than the one 
with two hidden layer. For the multiple layer feed forward 
back propagation network, the highest accuracy recorded is 
9l.23% when the network has three hidden layers with 
neuron configuration in the layers as 60 neurons, 45 neurons 
and 30 neurons respectively. 

fll �<§1 
5 10 15 20 25 30 

Number of Individuals 
-- Training Accuracy for 2 Hidden Layers(60-30) 
-- Testing Accuracy for 2 Hidden Layers(60-30) 
-- Training Accuracy for 3 Hidden Layers(60-45-30) 
-- Testing Accuracy for 3 Hidden Layers(60-45-30) 

Figure 7. Number of Individuals VS Training and Testing 
Accuracy for Multilayer Feed-forward Back-propagation Network 

D. Single Layer Perceptron Network 

95 
� 

� 90 0 

>: 
u 

85 i:! 
::l 
U 

80 u 
<0:: 

75 

5 10 15 20 25 30 
N umber of Individuals 

-- Training 
Accuracy 

-- Testing 
Accuracy 

Figure 8. Number of Individuals VS Accuracy for Perceptron 
Network 

Single layer Perceptron network has been also applied for 
recognition and the result is shown in figure 8. The accuracy 
achieved in Perceptron network is a bit lower compared to 
Feed-forward network. Here it is seen that for 30 individuals 
the training accuracy is 80.24% and testing accuracy is 
76.4%. 
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E. Probabilistic Neural Network 

100 
98 
96 
94 
92 
90 
88 

5 10 15 20 
-- Testing � of Individuals 

- Training Accuracy 

25 30 

Figure 9. Number of Individuals VS Accuracy for Probabilistic 
Neural Network with Split Ratio = 0.6 

The same dataset fed in other network is also recognized 
by probabilistic neural network. This network is trained with 
variable spread. The accuracy result for spread equals 0.6 has 
been shown in figure 9. Here it is seen that the network 
showed the best training accuracy among all the different 
architecture of the neural network. Moreover PNN 
(Probabilistic Neural Network) showed better accuracy for 
testing accuracy as well: it showed accuracy between 90% 
and 96% for all scenario of tested number of individuals. 

F. SVM with Gaussian Kernel 

100 
� � 95 ;;:: 90 u � � 
"" 85 ::i ", u 
u 80 � , bI) 75 .S '" tl 70 
<1.l f-< 20 25 30 35 40 45 

Kernel Spread 
- Testing Accuracy for 15 Individuals 

- Testing Accuracy for 30 individuals 

-

50 55 60 

Figure 10. Gaussian Value VS Testing Accuracy for Support Vector 
Machine 

As we were more focused towards testing and analyzing 
the perfonnance of our reduced distinctive features extracted 
from the signature image, so it has been applied in different 
machine learning systems for recognition. As a result 
Support Vector Machine (SVM) has also been introduced 
along with neural network. The result produced by SVM in 
different scenario is shown in figure 10. Like ANN, SVM 
also showed the characteristics of declining accuracy with 
the increase in number of classes. In figure 10, we see that 
SVM has been used for recognition under different scenarios 
of varying value of kernel spread. The accuracy intends to 
get increase with the increase in the value of kernel spread. [t 
is seen that SVM showed the best accuracy of 93.88% for 30 
individuals while the value of kernel spread is 60. 
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G. Using Single Features 

100 
90 
80 
70 .AfIII' ____ 
60 P"" � 
50 � 
40 

5 10 15 
. NumbetofNeurons 

-- Accuracy tor GraOlent HIstogram 

- Accuracy for Dot Density 

- Accuracy for Horizontal and Vertical Slice 

20 

Figure II. Number of Neurons VS Accuracy for Feed-forward 
Back-propagation Network using Different Distinctive Features 

From the above plot it is evident that dot density feature 
and gradient histogram work well when used in a network 
with neuron numbers over 13. 

V. CONCLUSION 

It is evident that our distinctive feature set is well suited 
for the two classifiers - SVM and ANN. To account for a 
larger multi-class problem we have taken all the three 
features into account to construct the distinctive feature set. 
After tuning all the ANN networks and SVM kernel options, 
a maximum accuracy of 96.57% using feed-forward back
propagation network and 93.88% using SVM Gaussian RBF 
Kernel was achieved. An intuitive argument of increasing 
number of hidden layers in ANNs or altering the tuning of 
the SVM kernel parameters, for improved accuracy could 
arise, nevertheless, as presented in the section IV, the testing 
accuracies saturate at a maximum of 3 hidden layers and/or 
at kernel spread of 60. 
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