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Abstract - Signature verification plays a crucial role in 

biometric authentication systems. Traditional local 

texture descriptors such as Local Binary Pattern (LBP), 

Local Directional Pattern (LDP), and Local Tetra 

Pattern (LTrP) exhibit limitations in capturing detailed 

gradient variations in signature strokes. This paper 

proposes a novel Local Gradient Hexa Pattern (LGHP) 

descriptor for robust feature extraction in offline 

signature verification. The proposed method encodes 

gradient magnitude and directional information into a 

six-pattern structure, enhancing discrimination 

capability. Experimental evaluation is performed on 

standard signature datasets using a Minimum Distance 

Classifier. Performance comparison demonstrates that 

the proposed LGHP achieves improved verification 

accuracy and reduced false acceptance rate compared to 

existing descriptors. The results confirm the 

effectiveness and robustness of the proposed approach 

for biometric authentication systems. 

 

Index Terms - Signature Verification, Local Binary 

Pattern (LBP), Local Directional Pattern (LDP) Local 

Gradient Hexa Pattern (LGHP), Forgery Detection. 

 

Ⅰ. INTRODUCTION 

 

A. Background 

Signature verification is an important biometric 

authentication technique used to validate personal 

identity in financial transactions, legal 

documentation, access control systems, and 

administrative processes [9], [10]. Unlike 

physiological biometrics such as fingerprint or iris 

recognition, signature verification is categorized as 

a behavioral biometric since it reflects the dynamic 

and individual writing characteristics of a person 

[11]. The individuality of handwriting and signing 

behavior makes signatures a socially accepted and 

non-intrusive means of authentication [10], [12]. 

 

Offline signature verification, which operates on 

scanned or captured images of signatures, has gained 

considerable attention due to its practical 

applicability in real-world scenarios [12], [15]. 

However, offline systems rely solely on static image 

information, making the feature extraction process 

more challenging compared to online systems that 

utilize dynamic stroke information such as speed 

and pressure [11]. Therefore, robust feature 

representation plays a crucial role in enhancing 

verification accuracy. 

 

B. Limitations of Existing Methods 

Several local texture descriptors have been 

employed for feature extraction in signature 

verification systems. Local Binary Pattern (LBP) 

[1], [2], Local Directional Pattern (LDP) [3], Local 

Ternary Pattern (LTP) [4], and Local Tetra Pattern 

(LTrP) [6] are widely used techniques for capturing 

local structural information. These descriptors 

encode neighborhood relationships around each 

pixel to represent texture characteristics. 

 

Although these methods have demonstrated 

effectiveness in various pattern recognition tasks, 

they exhibit certain limitations when applied to 

signature verification. LBP primarily captures 

intensity variations and is sensitive to noise and 

illumination changes [2]. LDP improves robustness 

by incorporating directional edge responses [3], yet 

it may still fail to adequately model complex 

gradient transitions present in handwritten strokes. 

LTP enhances noise resistance using a ternary 

encoding scheme [4], while LTrP incorporates 

derivative information for directional representation 

[6]. 

 

Despite these advancements, most existing 

descriptors focus either on intensity comparison or 

limited directional encoding, and do not fully exploit 

gradient magnitude and multi-directional transitions 

simultaneously. As a result, distinguishing between 

genuine signatures and skilled forgeries remains 
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challenging, particularly under variations in stroke 

width, writing pressure, and signing speed [8], [15]. 

 

C. Motivation 

In offline signature verification, the discriminative 

power of the system heavily depends on its ability to 

capture subtle stroke patterns, edge continuity, and 

directional flow. Skilled forgeries often imitate the 

global structure of a signature, making it necessary 

to analyze fine-grained local gradient relationships. 

 

Motivated by these challenges, there is a need for a 

descriptor that integrates both texture and gradient-

based directional information to achieve improved 

robustness and discrimination capability. A 

representation that captures multi-directional 

gradient transitions and structural variations can 

significantly enhance the system’s ability to detect 

forged signatures under complex writing conditions. 

 

Ⅱ. RELATED WORK 

 

In the area of signature verification, various local 

pattern descriptors have been proposed to efficiently 

describe the structural and texture properties of 

signature images [9], [10]. Since signatures contain 

unique stroke patterns, curves, and directional 

intensity variations, local texture descriptors are 

very useful in extracting these distinctive features 

[1], [2].  

Some of the popular local descriptors are Local 

Binary Pattern (LBP) [2], Local Directional Pattern 

(LDP) [3], Local Ternary Pattern (LTP) [4], and 

Local Tetra Pattern (LTrP) [6]. These techniques 

describe the local neighborhood information of each 

pixel differently to enhance the distinction between 

real and forged signatures [3], [6], [13]. 

 

A. Local Binary Pattern (LBP) 

Introduction 

Local Binary Pattern (LBP) is one of the most 

widely used local texture descriptors in image 

processing and biometric recognition systems [1], 

[2]. Due to its computational simplicity and strong 

discriminative capability, it has been extensively 

applied in offline signature verification [9], [10]. 

 

Handwritten signatures exhibit micro-level 

structural variations such as stroke thickness 

changes, curvature transitions, and localized ink 

distribution differences. Capturing these local 

spatial patterns is essential for distinguishing 

genuine signatures from skilled forgeries. LBP 

encodes such micro-textural information into a 

compact representation by analyzing the local 

neighborhood of each pixel [2]. 

 

Methodology 

LBP operates by comparing the gray-level intensity 

of a central pixel with its neighboring pixels within 

a local window (commonly 3×3). The mathematical 

representation of LBP at a pixel (xc ,yc)  is given by: 

LBP(xc ,yc) = ∑ 𝑠(𝑛𝑖 − 𝑔𝑐  ) 2𝑃−1
𝑖=0 i 

 The thresholding function, which is defined as : 

s(x) ={
1,     𝑖𝑓  𝑥 ≥ 0
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

In practical, a 3×3 neighborhood is typically 

considered. Each neighboring pixel intensity is 

compared with the central pixel intensity gc. If the 

neighbor’s value is greater than or equal to gc, the 

corresponding bit is assigned 1; otherwise, it is 

assigned 0 [2]. 

 

This comparison produces a binary sequence of 

length P. Each bit is weighted by 2i based on its 

position, and the weighted sum yields a decimal 

value representing the LBP code for that pixel. 

 

To represent the entire signature image, LBP codes 

are computed for all valid pixels, and a histogram of 

these codes is constructed. This histogram forms the 

feature vector used for classification in signature 

verification systems [9]. 

  

 
Fig 1 : LBP computation of center pixel 

 

Limitations 

Despite its simplicity and effectiveness, LBP has 

certain limitations when applied to offline signature 

verification. Since it relies solely on gray-level 

intensity comparison, it is sensitive to noise and 

illumination variations introduced during scanning 

or image acquisition [2]. Even minor intensity 

fluctuations can alter the binary encoding pattern. 
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Moreover, LBP does not explicitly capture gradient 

magnitude or directional stroke flow information, 

which are critical in modeling handwriting 

dynamics. Skilled forgeries often replicate global 

structural patterns while differing subtly in stroke 

pressure and directional consistency. Because LBP 

primarily encodes intensity differences, its 

discriminative capability may be insufficient for 

capturing these fine-grained variations [10]. 

 

B. Local Directional Pattern (LDP) 

Introduction 

Local Directional Pattern (LDP) was proposed as an 

improvement over intensity-based descriptors such 

as LBP, with the objective of enhancing robustness 

against illumination variations and noise [3]. Instead 

of directly comparing gray-level intensities, LDP 

focuses on capturing dominant edge responses in 

multiple orientations within a local neighborhood. 

 

In the context of offline signature verification, 

directional stroke information plays a significant 

role in distinguishing genuine signatures from 

forgeries. Handwritten signatures consist of 

directional curves, intersections, and stroke 

continuities that reflect the writer’s unique motor 

behavior. By encoding edge orientation information 

rather than simple intensity differences, LDP aims to 

provide a more structurally meaningful 

representation of signature textures [3], [9]. 

 

Methodology 

LDP computes edge responses in different 

orientations using directional compass masks, 

commonly Kirsch masks, which extract gradient 

information in eight principal directions (North, 

North-East, East, South-East, South, South-West, 

West, and North-West) [3]. 

 

 
Fig 2 : Kirsch Masks 

 

For a given pixel at location (xc,yc), eight 

directional responses m0,m1,...,m7 are obtained by 

convolving the local 3×3 neighborhood with the 

corresponding masks. 

 

The LDP code for the central pixel is defined as: 

LDPk (xc,yc) =  ∑  𝑠(𝑚𝑛 − 𝑚𝑘). 27
𝑛=0 n 

The threshold function s(x) is defined as:   

s(x)={
1,    𝑖𝑓 𝑥 ≥ 0
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

Fig 3: LDP computation 

 

In practice, the eight directional responses are 

ranked in descending order, and the top k responses 

(commonly 𝑘=3) are selected as dominant directions 

[3]. These dominant directions are assigned a binary 

value of 1, while the remaining directions are set to 

0. 

 

This process generates an 8-bit binary code 

representing the prominent structural orientation 

around the pixel. Similar to LBP, a histogram of 

LDP codes is computed over the entire signature 

image to form the final feature vector used for 

classification [9]. 

 

Limitations 

Although LDP improves robustness compared to 

LBP by incorporating directional edge responses, it 

still exhibits certain limitations. The descriptor 

primarily emphasizes dominant edge directions 

while suppressing weaker gradient information. In 

skilled forgery cases, subtle stroke variations may 

not appear as dominant edges, potentially reducing 

discriminative performance. 

 

Furthermore, LDP does not explicitly encode 

gradient magnitude variations across multiple 

orientations. The reliance on selecting only the top k 

responses may lead to partial loss of structural 

information, particularly in complex signature 

regions containing overlapping or intersecting 

strokes. 

 

Additionally, the computational cost of applying 

multiple directional masks is higher than simple 
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intensity comparison methods, which may affect 

efficiency in large-scale verification systems [3], 

[10]. 

 

C. Local Ternary Pattern (LTP) 

Local Ternary Pattern (LTP) is an extension of Local 

Binary Pattern introduced to improve robustness 

against noise and minor illumination variations [4]. 

Unlike LBP, which uses binary thresholding, LTP 

employs a three-level encoding scheme controlled 

by a threshold parameter T. For a pixel at LTP is 

defined as: 

LTPP,  R  = ∑ 𝑠(𝑔𝑝 − 𝑔𝑐) .2𝑃−1
𝑝=0 p 

The ternary threshold function s(x) is defined as: 

s(𝑥) = {
1,        𝑥 ≥ 𝑡

0,        |𝑥| < 𝑡
−1,    𝑥 ≤ −𝑡

 

By introducing a tolerance interval, LTP reduces 

sensitivity to small intensity fluctuations commonly 

observed in scanned signature images. For practical 

implementation, the ternary pattern is divided into 

positive and negative binary patterns, and their 

histograms are concatenated to form the final feature 

vector [4], [9]. Although more stable than LBP, the 

descriptor depends on appropriate threshold 

selection and does not explicitly capture multi-

directional gradient information. 

 

Ⅲ. PROPOSED METHODOLOGY 

 

The proposed signature verification scheme 

employs the Local Gradient Hexa Pattern (LGHP) 

descriptor to extract distinctive texture information 

from signature images. LGHP efficiently describes 

the directional gradient relationships, which are very 

effective in representing the distinct stroke patterns 

of signatures.  

 

The complete process involves gradient calculation, 

pattern coding, multi-distance feature extraction, 

feature image formation, and histogram-based 

feature description.       The multi-distance analysis 

enhances the system’s capability to extract the fine 

and coarse details of signatures 

 

A. Image Pre-processing 

First, all the input signature images are transformed 

into grayscale images to remove color information 

and simplify computations. Additionally, since the 

signature images may vary in size, all the images are 

resized to a standard resolution of 128 × 128 pixels. 

Contrast Limited Adaptive Histogram Equalization 

(CLAHE) is used to improve the contrast of the 

signature image and make the signature strokes 

more visible. This method helps to highlight the fine 

structural details of the signature image. The pre-

processing operation can be expressed as: 

Ie = CLAHE(Is) 

Where, Is is the input signature image                                                                           

            Ie is the enhanced image 

 

B. First-Order Gradient Computation 

After the preprocessing, the gradient values are 

calculated to identify the intensity changes in the 

signature image. The intensity changes include 

significant structural information such as edges, 

curves, and direction of strokes in the signature.  

 

For each reference pixel p0 , gradients are calculated 

in four directions. Horizontal(00), Right 

diagonal(450), Vertical (900) and Left 

diagonal(1350). 

 

The gradient in direction α at distance D is defined 

as: 

Gα,D (P₀) = I(P₀) − I(Pα+1,D) 

Where, I(P0): Intensity of the reference pixel 

  I(Pα+1,D): Intensity of neighboring pixel located 

at direction α and distance D. 

These gradients represent directional stroke 

transitions in the local neighborhood. 

 

C. Second-Order LGHP Encoding 

Second-order LGHP LGHP2(P0) at distance 𝐷 is 

calculated by evaluating the first-order gradient 

derivatives for different pairs of directions (α,β) 

through the encoding function C(⋅,⋅), and then taking 

the encoded binary responses for all pairs of 

gradients to obtain the final LGHP pattern at the 

center pixel  binary responses for all pairs of 

gradients to obtain the final LGHP pattern at the 

center pixel. 

𝐿𝐺𝐻𝑃2(𝑃0) = ∑ 𝐶(𝐺𝛼,𝐷(𝑃0), 𝐺𝛽,𝐷(𝑃0))
(𝛼,𝛽∈𝑃𝑎𝑖𝑟𝑠)

 

where α, β 𝜖 0°, 45°, 90°, and 135°. 

The encoding function C(., .) for any point P in the 

derivative space is defined as  

C(Gα,D,Gβ,D) =    {  
1, if 𝐺𝛼,𝐷 ≥ 𝐺𝛽,𝐷 

0 ,       𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

Pairs include combinations like (0°, 45°), (0°, 90°), 

(0°, 135°), (45°, 90°), (45°, 135°), (90°, 135°). 

Since six directional pairs exist, each pixel produces 

a 6-bit LGHP code, forming the Hexa Pattern 

representation. 
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D. Multi-Distance Extension 

To enhance robustness and capture multi-scale 

structural information, LGHP encoding is performed 

at multiple distances:  

D=1,2,3,…,R 

The multi-distance LGHP descriptor  is given by: 

LGHPR(P0)={LGHPD(P0)∣D=1,2,3,…,R} 

For each distance D, six binary patterns, which are 

obtained from gradient pairs, constitute the LGHP  

descriptor. The Combination of the descriptors at 

various distances gives the final multi-scale feature 

vector that describes the signature structure. 

Smaller distances capture fine stroke details, while 

larger distances encode broader structural 

relationships. This multi-scale strategy significantly 

improves discriminative power in distinguishing 

genuine signatures from forgeries. 

 

E. Generation of LGHP Feature Images 

The binary patterns obtained from the pairwise 

gradient comparisons are then translated into their 

corresponding decimal values. This results in a 

series of feature images (FIs), with each feature 

image associated with a particular pair of gradient 

directions (α, β) and a distance D. 

Each feature image corresponds to a specific 

gradient pair and distance. These images spatially 

encode directional gradient relationships across the 

signature, thereby preserving stroke continuity and 

structural transitions. 

 

The generated feature images serve as intermediate 

representations for statistical feature extraction. 

 

F. Histogram Feature Extraction 

From each feature image, histograms are computed 

to summarize the distribution of LGHP codes. The 

histograms are normalized to ensure scale invariance 

and concatenated to form the final feature vector: 

F=[H1,H2,…,HN] 

where Hi denotes the normalized histogram 

corresponding to the ith feature image. 

 

The feature maps and histogram representation are 

shown in Fig. 3.1, which illustrates the effectiveness 

of the proposed encoding scheme. 

 

 
Fig 5 : Feature Images and Histogram 

 

Ⅳ.  RESULTS AND DISCUSSION 

 

A. Experimental Setup
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The performance of the proposed LGHP-based 

signature verification system was evaluated using a 

dataset containing both genuine and forged signature 

samples. A total of 120 signature samples were used 

for training, consisting of 60 genuine and 60 forged 

signatures to ensure class balance during classifier 

learning. 

For performance evaluation, 19 signature samples 

were used as test data. The forged samples were 

designed to 

 represent variations in stroke formation and 

structural imitation patterns, thereby simulating 

realistic skilled forgery scenarios. 

The objective of the experiment is to assess the 

ability of the proposed gradient-based descriptor to 

accurately discriminate between genuine and forged 

signatures. Performance evaluation was carried out 

using quantitative classification metrics derived 

from the prediction results. 

 

B. Classification Method 

In order to measure the similarity between the 

feature vector distributions of reference and query 

signature, a Chi-square statistical distance measure 

has been selected. As the feature vector extracted by 

the LGHP descriptor is a histogram, the Chi-square 

statistical distance measure is more suitable for 

measuring the difference between the reference and 

query signature feature vector distributions. The 

Chi-square statistical distance measure between two 

normalized histograms 𝐻1 and 𝐻2 is given by: 

 
where N is the total number of histogram bins, and 𝜀 

is a positive constant. 

 

In the verification process, the feature vector 

extracted from the query signature is compared with 

the reference feature vector, and a classification 

decision is made based on a threshold condition, i.e., 

a smaller distance corresponds to a genuine 

signature, and a higher distance corresponds to a 

forged signature. 

 

C. Accuracy 

The performance of the system is quantified in terms 

of accuracy, which is calculated as the ratio of 

correctly classified samples to the total number of 

test samples: 

Accuracy = 
Number of Correct Predictions

Total Test Samples
 

Accuracy measures the proportion of correctly 

classified signature samples among all test 

instances. 

 
Fig 4 Accuracy Result 

 

The accuracy achieved reveals a high recognition 

rate, which shows that the structural gradient 

information extracted is rich enough to ensure 

reliable verification. The system performs well on 

both classes, establishing the efficacy of the 

proposed feature representation for offline signature 

verification. 

 

D. Confusion Matrix  

To perform a precise class-wise performance 

evaluation, a confusion matrix has been created. The 

confusion matrix is a systematic comparison of 

actual class labels and predicted output obtained 

from the verification system. It facilitates precise 

analysis of classification outcomes for both genuine 

and forged signatures. 

 

The confusion matrix represents the following 

outcomes: True Positive (TP) – Genuine signatures 

classified correctly as genuine, True Negative (TN) 

– Forged signatures classified correctly as forged, 

False Positive (FP) – Forged signatures incorrectly 

classified as genuine and False Negative (FN) – 

Genuine signatures incorrectly classified as forged. 

From the confusion matrix(Fig. 5), it can be 

observed that the majority of genuine signatures are 

classified correctly, indicating a high sensitivity of 

the system to genuine signatures. A few forged 

signatures are incorrectly classified as genuine, 

indicating the presence of skilled forgery, which 

may have a similar structure to the original 

signatures. 
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Fig 5 : Confusion Matrix 

 

The Average Recognition Rate (ARR) indicates 

high overall classification consistency for all 

classes. Moreover, the Rejection Accuracy Rate 

(RAR) further confirms the effectiveness of the 

proposed system in accurately recognizing and 

rejecting the forged signatures. 

 

Ⅴ. CONCLUSION AND FUTURE SCOPE 

 

A. Conclusion 

This study introduced an offline signature 

verification system based on the proposed Local 

Gradient Hexa Pattern (LGHP) descriptor. In this 

study, the LGHP descriptor takes advantage of the 

relationships between the gradient values to 

effectively represent the structural and textural 

characteristics associated with handwritten 

signatures. Through the utilization of first- and 

second-order gradient relationships, the LGHP 

descriptor effectively represents the structural 

characteristics associated with handwritten 

signatures. 

 

The standardized preprocessing mechanism 

provides a sense of uniformity to the signature 

verification process. As a result, the LGHP-based 

signature verification system effectively extracts the 

signature characteristics. Through the experimental 

evaluation of the LGHP-based signature verification 

system, the proposed signature verification system 

effectively discriminates between genuine and 

forged signatures. As a result, the effectiveness of 

the gradient-based structural characteristics of 

handwritten signatures for signature verification 

applications is confirmed. 

 

B. Future Scope 

While the proposed method shows promising 

results, further improvements can be considered to 

achieve better robustness and generalization. 

Possible improvements for the proposed method’s 

future direction might involve the evaluation of the 

proposed framework using large publicly available 

databases to test the adaptability of the proposed 

method to various writing styles and forgery types. 

Improvements to the discrimination ability of the 

proposed method using sophisticated machine 

learning classifiers, like deep learning classifiers, 

might also be considered. In addition, the fusion of 

LGHP with other features might be considered to 

improve the verification process. Finally, the 

extension of the proposed method to online 

signature verification using dynamic features might 

be considered. 
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