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Abstract – This paper presents an offline signature verification system based on Hu moment invariants, 

implemented in MATLAB and evaluated on the publicly available CEDAR benchmark database. Offline 

signature verification operates solely on static images of completed signatures, without access to dynamic 

information such as pen pressure or writing speed, making it a challenging yet practically important 

problem for authenticating scanned documents and archival records. The proposed system follows a four-

stage pipeline: image preprocessing, Hu moment-based feature extraction, exponentially weighted 

similarity scoring, and adaptive per-user decision making. Preprocessing includes grayscale conversion, 

intensity inversion, median and Wiener filtering, adaptive binarization, morphological cleaning, bounding-

box cropping, and proportional resizing to a fixed 200x480 pixel canvas. Feature extraction employs the 

first five Hu moment invariants computed from normalized central moments, with non-uniform weighting 

favoring lower-order, more stable moments. Similarity is measured as an exponentially transformed 

weighted Euclidean distance, aggregated across reference templates with exponential weighting. The 

decision threshold is set adaptively per writer from leave-one-out intra-class similarity statistics, 

personalizing the security boundary to each individual's signing style. Experiments on all 55 CEDAR 

writers show that with five reference samples the system achieves 87.1% accuracy, 12.7% FAR, 13.1% 

FRR, and 12.8% EER, with an AUC of 0.940. These results confirm that Hu moment invariants are effective 

global shape descriptors for offline signature verification when paired with robust preprocessing and 

personalized adaptive thresholds.   
 

Keywords – offline signature verification, Hu moment invariants, biometric authentication, adaptive threshold, CEDAR 

database, image preprocessing, shape descriptors 

 

I. INTRODUCTION 

In the rapidly digitizing world, reliable identity authentication has become a critical challenge in 

information security. Alongside traditional knowledge-based methods such as passwords and PIN codes, 

biometric solutions are gaining increasing importance. Among biometric modalities, the handwritten 

signature holds a special position: it is the most socially accepted and legally recognized form of behavioral 

biometric identification [1]. 

Signature verification systems are broadly divided into two categories: online and offline. Online systems 

capture dynamic parameters such as pen pressure, velocity, and trajectory in real time using specialized 

hardware [2]. Offline systems, by contrast, operate solely on a static image of the completed signature, 
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typically obtained by scanning a paper document. This fundamental information loss makes offline 

verification substantially more challenging, yet it is indispensable for authenticating archival documents, 

contracts, and scanned records [3]. 

The general pipeline of an offline signature verification system consists of four stages: image 

preprocessing, feature extraction, similarity measurement, and decision making [4]. The choice of features 

is critical: they must be discriminative enough to distinguish forgeries from genuine signatures, while 

remaining robust to the natural intra-class variability that occurs when the same person signs multiple times 

under different conditions [5]. 

This paper presents an offline signature verification system implemented in MATLAB, focusing 

specifically on Hu moment-based shape descriptors as the feature extraction method. The system is 

evaluated on the publicly available CEDAR benchmark database [6]. The main contributions of this work 

are:  

• a weighted Hu moment descriptor emphasizing stable low-order moments,  

• an exponentially weighted similarity scoring mechanism,  

• an adaptive per-user threshold based on intra-class statistics,  

• and a full evaluation on the CEDAR dataset across all 55 writers. 

II. MATERIALS AND METHOD 

This section presents the signature database used in the study, along with the methodology applied. It 

covers the preprocessing steps, feature extraction techniques, similarity scoring approach, the use of 

adaptive per-user thresholds, and the final decision-making process. 

A. Dataset: CEDAR Signature Database 

The CEDAR (Center of Excellence for Document Analysis and Recognition) database was created at the 

University at Buffalo in the late 1990s and is one of the most widely used benchmarks for offline signature 

verification research [6]. It contains signatures from 55 individuals, each providing 24 genuine signatures 

and 24 skilled forgeries, yielding a total of 2,640 images. All images are stored in grayscale PNG format at 

approximately 300 DPI. The forgeries are skilled, meaning that the forger studied the target signature 

beforehand, making this dataset particularly challenging for automated systems. 

The dataset follows a strict file-naming convention: genuine signatures are named original_X_Y.png and 

forgeries forgeries_X_Y.png, where X is the writer ID (1-55) and Y is the sample index (1-24). In the 

experiments, the first N images per writer are used as reference templates, and the remaining genuine 

images together with all 24 forgeries are used for evaluation. 

B. Image Preprocessing 

Consistent preprocessing is essential for any image-based signature verification system, since raw 

scanned images may differ in size, background intensity, and noise level [7]. The preprocessing pipeline 

implemented in this work consists of the following steps. 

First, color images are converted to grayscale using the standard luminance-weighted formula Y = 0.299R 

+ 0.587G + 0.114B, followed by intensity inversion so that ink strokes become the bright foreground. A 

3x3 median filter suppresses impulsive noise without blurring stroke edges, and a 7x7 Wiener filter further 

reduces residual smooth noise while preserving contours. 

Binarization is performed using adaptive Bernsen thresholding with a sensitivity parameter of 0.01, which 

adapts locally to varying background illumination. Connected components smaller than 20 pixels are 

removed to eliminate isolated noise specks. The tightest bounding rectangle of the remaining foreground 

pixels is computed, extended by an 8-pixel margin, and the image is cropped to this region. Finally, the 

cropped image is resized proportionally using Lanczos3 interpolation and centered in a fixed 200x480 pixel 

canvas with zero padding, ensuring that all feature vectors are computed on images of identical dimensions.  
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Fig. 1 Original signature and the same signature after preprocessing 

 

C. Feature Extraction: Hu Moment Invariants 

Hu moment invariants, introduced by Ming-Kuei Hu in 1962 [8], are a set of seven algebraic combinations 

of normalized central moments that are invariant under translation, scale, and rotation. These properties 

make them well-suited for describing the global geometric shape of a binary or grayscale image, such as a 

preprocessed signature. 

Each Hu moment is derived from the spatial distribution of pixel intensities in the image. First, the 

centroid of the foreground pixels is located, and the so-called central moments are computed relative to this 

centroid rather than the image origin, which makes them invariant to translation. These central moments 

are then normalized by the total foreground mass raised to an appropriate power, providing invariance to 

changes in image scale. 

From these normalized central moments, Hu derived seven invariant quantities [8]. The first moment 

captures the overall extent and compactness of the shape. The second encodes the degree of elongation or 

eccentricity. The remaining five moments describe progressively more complex structural and asymmetry 

properties of the signature outline. Together, the seven values form a compact descriptor of the global 

geometric shape. 

Because Hu moment values can span many orders of magnitude, they are mapped to a logarithmic scale 

before comparison. This transformation ensures numerical stability and makes the descriptor values 

comparable across different writers. 

In the implemented system, only the first five Hu moments are used in the similarity computation. 

Empirical evaluation on the CEDAR database showed that moments h6 and h7 exhibit high variance across 

genuine intra-class samples, making them unreliable discriminators for signatures. Furthermore, the five 

retained moments are weighted non-uniformly: w = [3.0, 2.5, 1.0, 0.8, 0.4], assigning higher importance to 

the lower-order moments, which are more stable and informative [9]. 

D. Similarity Scoring 

Given a test signature and a set of N reference templates, all preprocessed and represented as five-

dimensional weighted Hu moment vectors, the similarity between the test image and each template is 

computed as an exponentially transformed Euclidean distance. 

For each of the N reference templates, the weighted Euclidean distance between its Hu moment vector 

and that of the test signature is computed, then mapped through a decreasing exponential function to 

produce a similarity score in the range (0, 1]: a small distance yields a score close to 1, while a large distance 

yields a score close to 0. The resulting N per-template scores are then aggregated into a single decision 

score using an exponentially weighted average, so that the best-matching template contributes most strongly 

while evidence from all remaining references is still taken into account. The steepness of this weighting 

was set empirically to a value that allows the highest-scoring template to dominate the aggregate without 

letting a single outlier completely override the others. 

E. Adaptive Per-User Threshold 

A fixed global threshold is problematic in signature verification because different writers exhibit vastly 

different intra-class variability [10]. A person who signs consistently will produce high intra-class similarity 

scores, allowing a high threshold. A person with a more variable signature style will produce lower intra-

class scores, requiring a lower threshold to avoid excessive false rejections. 
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To address this, the system computes an adaptive per-user threshold from the reference templates using 

a leave-one-out cross-validation procedure. For each template, a score is computed by treating it as the test 

image and comparing it against all remaining templates. This yields N intra-class scores, from which the 

mean mu and standard deviation sigma are estimated. 

The threshold is then set as the intra-class mean minus a multiple of the standard deviation, clipped to a 

valid range. The multiplier, called the k-factor, controls strictness: a larger k produces a lower threshold 

that accepts more signatures, while a smaller k produces a stricter threshold. For the Hu moment method a 

k-factor of 2.2 was determined empirically by minimizing the Equal Error Rate across the CEDAR writers. 

At least two reference templates per writer are required to estimate the intra-class statistics. 

 

F. Decision Logic 

The final authentication decision is made by comparing the aggregated decision score to the threshold: 

the signature is accepted as genuine if s_decision >= T, and rejected as a forgery otherwise. For evaluation 

purposes, the system processes all writers in the CEDAR database using the first N samples as references, 

computing per-user FAR, FRR, accuracy, and the global ROC and DET curves with the Equal Error Rate. 

III. RESULTS 

The Hu moment-based system was evaluated on all 55 writers of the CEDAR database. Table 1 

summarizes the global performance metrics for varying numbers of reference templates per writer, using 

per-user adaptive thresholds. 

Table 1. Global evaluation results for Hu moments with adaptive threshold (CEDAR database) 

References / Writer Accuracy (%) FAR (%) FRR (%) EER (%) 

2 77.8 5.5 40.4 15.8 

3 85.9 11.5 17.1 14.2 

4 86.4 11.5 16.1 13.4 

5 87.1 12.7 13.1 12.8 

6 87.6 12.4 12.3 12.3 

7 88.2 13.3 9.8 12.1 

10 88.1 13.7 8.7 11.7 

12 88.2 13.3 8.9 11.6 

15 88.6 13.1 6.9 10.3 

 

The results show a clear performance improvement as the number of reference templates grows from 2 

to 3, confirming that a minimum of 3 templates is required for reliable operation. Beyond 5-6 templates, 

improvements become marginal. With 5 references, the system achieves 87.1% accuracy, 12.7% FAR, 

13.1% FRR, and 12.8% EER. At 15 templates the EER drops further to 10.3%, with accuracy reaching 

88.6%. 

The ROC curve Area Under the Curve (AUC) for the 5-template configuration is 0.940, indicating good 

separability between genuine and forged signatures across all threshold values. Per-writer analysis reveals 

substantial variability: some writers achieve 100% accuracy with a very low adaptive threshold, while 

others exhibit higher error rates due to large intra-class variability or visually simple signatures that are 

easier to forge. 

IV. DISCUSSION 

The Hu moment descriptor captures the global geometric shape of a signature in a compact seven-

dimensional vector (reduced to five in practice). This makes it computationally inexpensive and easy to 

interpret. Its invariance to translation, scale, and rotation means that natural variability in how a person 

positions their signature on paper does not degrade recognition performance [8]. 
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The adaptive threshold mechanism is a key factor in the strong per-user performance. Rather than 

imposing a single global threshold, the system personalizes the decision boundary based on each writer's 

own intra-class variability. Writers who are consistent signers receive a tight threshold, providing stronger 

security against forgeries. Writers with more variable styles receive a relaxed threshold, reducing false 

rejection rates [10]. 

A notable limitation of the Hu moment approach is its sensitivity to the quality of the binarization step. 

If the preprocessing fails to cleanly separate ink from background – for example, due to very faint ink or 

heavy paper texture – the moment computation will incorporate noise, degrading the descriptor. 

Furthermore, moments h6 and h7, which encode skew-related asymmetry, were found to be unreliable for 

signatures and were excluded, a finding consistent with prior work [9]. 

The 5-6 template optimum is consistent with the broader literature on few-shot biometric systems, where 

enrollment cost must be balanced against recognition accuracy [5]. Beyond this range, additional templates 

may introduce more intra-class variance (due to less careful signing during repeated enrollment) than they 

reduce estimation error, which can slightly increase FRR. The results suggest that 5 templates represent a 

practical sweet spot for deployment scenarios. 

V. CONCLUSION 

This paper presented an offline signature verification system based on Hu moment invariants, evaluated 

on the CEDAR benchmark database across all 55 writers. The proposed pipeline combines adaptive 

binarization-based preprocessing, a compact five-dimensional weighted Hu moment descriptor, 

exponentially weighted similarity aggregation, and a per-user adaptive threshold derived from intra-class 

variability statistics. 

The experimental results confirm that Hu moment invariants are effective global shape descriptors for 

offline signature verification. With five reference templates per writer, the system achieves 87.1% accuracy 

and 12.8% EER, improving to 88.6% accuracy and 10.3% EER with fifteen templates. The sharpest 

performance gain occurs between two and three reference samples, establishing three as the practical 

minimum for reliable deployment. Beyond five to six templates, further gains are marginal, suggesting that 

this range represents the optimal trade-off between enrollment effort and recognition accuracy.  

The adaptive per-user threshold proved to be a critical component: by personalizing the decision boundary 

to each writer’s own signing variability, it substantially reduces both false acceptance and false rejection 

rates compared to a fixed global threshold. 
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