
KERNEL BASED SUPPORT VECTOR MACHINE TECHNIQUE TO ENHANCE THE 
PERFORMANCE AND ACCURACY OF ON-LINE SIGNATURE RECOGNITION 

R. Ravi Chakravarthi1 & E. Chandra2 
1Research Scholar in CSE, Manonmaniam Sundaranar University, India. 

2Computer Science Department2, Bharathiar University, India. 
1vijayaraviphd30@gmail.com, 2crcspeech@gmail.com 

 
 

Abstract 
 

The Biometrics methods must employ here a broad scope of use cases and need increased 

people's authentication. Online Signature recognition is some of the typical modern biometric 

systems along with classifications that use different requirements of a signature. In recent days, 

deep learning has attained magnificent progress in various areas, such as echoes, images, and 

content processing. In this paper, the Kernel-based Support Vector Machine (K-SVM), which 

has an immense influence on the efficiency of signature confirmation. Then, the characteristics 

determined are applied to current users' signatures by generating a standard for every customer 

based on consumer verified signatures. The proposed method is autonomous of signature 

datasets. For the experimental investigation, two different datasets are employed, that is the ACT 

college and the ICDAR Deutsche dataset. Simulation outcomes reveal that the accomplishment 

of the recommended recognition method than that of the existing methods in terms of accuracy, 

performance, and equal error rate. 
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1. Introduction 

Support Vector Machine is one of the techniques to classify the different classes by 

discovering the hyperplane that maximizes their margins. [1] had proposed that the data can be 

classified with the help of dynamic features that existed in the data. The features are selected by 

applying the concepts of kernel, weights, and regression values. In this method, the finest 

features are chosen based on the peak probability. The probability of choosing the features 

present in the signatures are done by the dynamic features that already existed in the digital 

online signatures. 

The SVM, a learning strategy presented by [2-3] attempts to locate an optimal hyper plane for 

isolating two classes. In this way, the misclassification blunder of information both in the 

preparation set and test set is limited. Essentially, SVM have been characterized for directly 

isolating two classes. At the point when information is none straightly distinct, a part work is 

utilized as polynomial capacity, spiral premise work (RBF) or multi-layer recognition [4-5]. The 

vectors which defines the hyperplane are known as the support vectors. 

The arrangement considering K-SVM includes preparing and testing stages.  

The preparation organize comprises to locate the ideal parameters. Consequently two parameters 

ought to be resolved: the portion parameter and the regularization parameter. These two 
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parameters are discovered tentatively relying upon the dataset[6-7]. The testing stage permits 

assessing the heartiness of the classifier. With a specific end goal to choose if a mark is verifiable 

or fraud, a choice run is performed on the yields of the SVMs where esteems are sure or 

negative. Henceforth, the yield of the SVMs ought to be changed to the target confirmations 

communicated as the participation degree [8-9]. The technique involved in SVM classification 

[10] is to maximize the width of the margin to form an ideal hyper plane. 

2. Proposed Classification Algorithm: K-SVM 

SVM Algorithm with the fusion of Kernel (K) function 

Data: 1. training and testing the dataset {xi, yi}, i=1...n, number of cluster, k. 

Result: A trained linear SVM which can classify an unknown input into a specific cluster 

within a specific class.  

Begin 

/*Training */ 

For all classes do 

  Cluster all data {xj , yj} within the class into  

{xj, y t j}, t=1..k using clustering technique; 

 ∑ �� −�
���

�

�
∑ ��

�
�,���   ���  (�, �, �, �, �) =

/*Testing */ 

Predict a class and a cluster label, Yt, of X using the trained SVM;  

Return the class Y of Yt as the predicted class of X 

� = 

���� �∑ ��  � ∈�� �� Φ �x��
�

Φ (x)� = sign � ∑ ��  � ∈�� �� K (

End  

Train and Test a linear K-SVM with {xj, y t j}, j=1….n, t=1....k;  

Where,  

LD  -  Lagrangian functions 

w, b  - Test data variables namely weight and bias respectively 

ᾳx, ᾳy -  Support vectors 

C   -  Clustered data 

YX, YY  -  Data points 

ᵝ - Rd  -  Feature Space 

 Eq.- 1 

 Eq.- 2 
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 ᵋ   -  Slack variables 

K(x,y) - Kernel function 

x → φ(x)) -  Replaces feature mapped representation. 

Proposed Model: K-SVM 

The easiest method to separate two collections of data is with a one dimensional straight 

line or a two dimensional flat plane or a hyperplane with N-dimensions as shown in the figure 

Fig .1  The situations exists in which a non-linear region could classify the groups more 

proficiently. K-SVM handles this by using a non-linear kernel function to classify the data into a 

dissimilar space where a linear hyperplane will not be sufficient for separation. The kernel 

function alters the data into a higher dimensional feature space in order to fix the linear 

separation.  

 

Fig. 1 . Separation of classes with two dimensional flat plane 

3. Experimental Analysis 

 The identical experimental setup was carried out in KSOM, KKNN, and KANN 

classifiers over ACT dataset that works to identify the online digital signatures. To verify its 

enrichment suitable ROC curve was strategized with corresponding values of TPR, FPR and the 

curve of performance with wide-ranging epochs and accuracy values during its training and 

testing process. 3.1 Experimental Analysis with ACT College Dataset 

Table 1. ROC Accuracy Comparisons for KSOM and KSVM – ACT Dataset
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Fig.2. ROC - Accuracy of KSOM with KSVM– ACT Dataset 

The ROC curve was graphed as shown in Fig. 2, for checking the heavens or evilness of 

the classifier by plotting TPR against the FPR at various threshold values. The input signatures 

were offered to the system and if it was recognized as genuine signature and result was obtained 

as positive then it’s called True Positive. If the input is recognized as a forgery signature and 

result obtained as negative, then it’s called False Positive. In this experimental analysis, True 

Positive Rate was 0.97 and False Positive Rate was 0.81 for K-SVM classifier and TPR, FPR was 

0.93, 0.87 respectively for KSOM method. 

Table 2. Performance of KSOM and KSVM with ACT Dataset 

 

Fig.3 . Performance analysis for KSOM with KSVM – ACT Dataset 

The training and testing process was carried over the types of blended genuine, unskilled, 

skilled and random forged signatures. In this experiment, the unskilled, skilled and random 
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forgery signatures were identified based on the dynamic features with the help of weights and 

regression value of 0.5 in the 0-60 epochs. The genuine signatures were recognized between 80th 

and 180th epochs as shown in Fig.3 depending on its dynamic features existed in the genuine and 

forged signatures.  

After 180th epoch, the lowest error rate lead to over-fitted model during the process of learning, 

[10], which is tranquil of the unsettled common issues in machine learning area. Hence this 

experiment was terminated beyond 180th epoch.  

 ACT college Dataset – Sample: 1- KSVM 

 

Fig.4 Genuine Signature recognized by KSVM                  Fig. 5. Random Forged Signature recognized as 

Forged      

         by KSVM 

 

Fig. 6. Skilled Forged Signature recognized as Genuine by KSVM               Fig. 7. Skilled Forged Signature  
recognized as Forged by KSVM 

 

 ACT college Dataset – Sample: 2- KSVM 

 

 Fig. 8. Genuine Signature recognized by KSVM                Fig. 9. Random Forged Signature recognized as  

 Forged by KSVM 
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The inputs signatures were accepted with its features and are converted into the feature 

set. Based on the dynamic features, the signatures are clustered using the Euclidean distance. The 

signatures are clustered using the similarity between them using the concept of intraplate 

similarity. In this process, the new centroid values are calculated, and the signatures are clustered 

based on the distance between points. The weighing mechanism was used to weigh the input 

values using the weights. The genuine signatures are identified by using similarity measure and 

they are clustered as one cluster. If the weight > 0.5, then the signatures are identified as the 

genuine, Random forged, Skilled Forged and Unskilled Forged signatures were recognized by 

the system. 

In this experimental analysis with ACT college dataset, Figures shown in  

Fig. 4,5,6,7, were recognized as genuine signatures. The system recognized the Randomly Forged 

Signatures [RF] as forged signatures based on the weights and regression values, which are shown in 

Fig. 8. Few Skilled Forged [SF] signatures were recognized by the system as genuine signatures. 

3.3 Experimental Analysis with ICDAR Dataset 

  The same experimental setup for ICDAR dataset was employed in various classifiers like 

KANN, KKNN, and KSOM had been followed in this K-SVM classification to gauge the 

enhancement in performance and accuracy of online digital signature recognition.  

Table 3. ROC Accuracy Comparisons for KSOM and KSVM – ICDAR 
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Fig. 9. ROC - Accuracy of KSOM with KSVM– ICDAR Dataset 

 

The Fig.9 shows the ROC curve acquired at various weight values for both ACT and 

ICDAR dataset. To assess the classifier model for better accuracy, ROC curve should have the 

value very nearer to 1. The signatures were recognized based on the existing dynamic features 

during the time of signing by applying KSVM. The weights with regression value were 

employed to gauge the dynamic characteristics in the recognition of online digital signature. 

Table 4. Performance of KSOM and KSVM with ICDAR Dataset 
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Fig. 10. Performance analysis for KSOM and KSVM – ICDAR Dataset 

The figure 6.10 represents the various epochs against the accuracy values to handle the 

performance between KSOM and KSVM in recognizing the digital signatures. The digital 

signature recognition based on its dynamic features were employed with changes in regression 

weight values. The weight (w) was always represented in intervals of unit. It depicts that the 

closer w is a decision threshold value (weight (w) ≥ 0.5), that can be used for recognizing 

genuine, unskilled, random and skilled forgery signatures. 

ICDAR Dataset – Sample: 1- KSVM 

 

Fig.11 .A. Genuine Signature recognized by KSVM    Fig. 12.. Random Forged Signature  

recognized as Forged by KSVM 

 

Fig. 13. Skilled Forged Signature recognized as   Fig.14 Unskilled Forged Signature recognized  

Genuine by KSVM       as Forged by KSVM 
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In dissimilarities to execution of our estimation and K-SVM as far as general precision to 

cluster minority class. It fits out to be clear that our estimation based classifier are more subtle to 

describe minority class and are still very specific. In this experimental analysis with ICDAR 

dataset, Figures shown in Fig. 11, 12 A, were recognized as genuine signatures. The system 

recognized the Randomly Forged Signatures [RF] as forged signatures based on the weights and 

regression values, which are shown in Fig. 13,14. 

Equal Error Rate in Training and Testing with ACT and ICDAR Dataset 

Equal Error Rate (EER) of the proposed system was derived from ACT College and 

ICDAR datasets when different number of samples were used in the KSVM classifier to enrich 

the performance and accuracy of online digital signature recognition  

Table 5. EER in Training phase with ACT and ICDAR Datasets 

 

Table 6 EER in testing phase with ACT and ICDAR Datasets 

 

The Tables 5 & 6, above shows the EER values, when the KSVM classifier algorithm 

was proposed in the recognition of genuine and various forged from the samples of digital 

signatures in ACT College and ICDAR datasets. It also obviously shows that the Equal Error 

Rate (EER) value in KSVM classifier gets decreased when compared with previous KSOM 

technique proposed values gets decreased  marginally with more number of samples that had 

been trained and tested in comparisons with KSOM.  

4. Conclusion  

The results show that K-SVM technique overtakes the other classifiers in terms of 

performance and accuracy in recognizing the online digital signatures. Thoughtfully selected 

dynamic features of signatures combined with the use of K-SVM made our system more 

Journal of Shanghai Jiaotong University

Volume 16, Issue8, August - 2020

ISSN:1007-1172

https://shjtdxxb-e.cn/   Page No: 94



powerful compared to K-SOM, K-KNN and K-ANN. The proposed KSVM classifier when 

compared with KSOM and other classifier, beats well in terms of performance and accuracy, 

value with 97% TPR, 81% FPR in ACT and 96% TPR, 80% FPR in ICDAR datasets 

respectively. 
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