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1. Introduction variations. Numerous studies have emphasized this
challenge, particularly for languages with complex
calligraphic patterns such as Arabic, Persian, and Urdu
[1-3].

Arabic signatures typically exhibit fluent curves,
personalized flourish strokes, and writer-specific
stylistic elements. These characteristics introduce high
intra-writer variability while simultaneously making
inter-writer discrimination difficult. Traditional OSV
approaches have used contour-based features, structural
analysis, template matching, directional probability
distributions, or graph-based representations. Although

Signature verification remains one of the most widely
used biometric modalities in financial, legal, and
administrative authentication processes. Unlike online
systems, which benefit from dynamic cues such as pen
pressure, velocity, and stroke order, offline systems rely
solely on static images extracted from scanned
documents. This limitation makes offline signature
verification (OSV) more susceptible to skilled forgeries
and increases the need for robust feature extraction
methods capable of distinguishing subtle geometric
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effective in some contexts, these methods often fail
when confronted with skilled forgeries designed to
mimic global shape while differing only in local
geometric distortions.
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Figure 1. The overall framework of the Proposed approach

More recent deep-learning approaches, including
Siamese  networks and  convolutional  neural
architectures, have shown promising performance
improvements [4]. However, these models require large
labeled datasets to generalize well and lack
transparency, an important requirement in forensic and
financial applications where verification decisions must
be explainable. Furthermore, deep models often demand
significant computational resources, limiting their
applicability in real-world, embedded, or small-scale
environments. To address these limitations, this work
proposes a hybrid fuzzy-geometric system tailored for
offline Arabic signature verification. The method is built
upon the extraction of four carefully designed local
geometric features computed from matched control
points. These features explicitly encode distortions
introduced by genuine handwriting variation or by
forgery attempts. A Takagi-Sugeno fuzzy inference
system [5] then maps these features into a similarity
score, offering both interpretability and flexibility.
Finally, writer-dependent thresholds account for
personal signing behavior, reducing false acceptance and
false rejection rates. The overall flow of the proposed
system, from preprocessing to decision-making, is
illustrated in Figure 1, providing a high-level view of the
processing pipeline. The remainder of this paper is
structured as follows: Section 2 reviews related work
and outlines the proposed system framework. Section 3
describes the preprocessing and preparation steps.
Section 4 details the geometric feature extraction
process. Section 5 introduces the fuzzy inference system
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and its rule base. Section 6 explains the classification
and thresholding strategy. Section 7 presents the
experimental results and comparative evaluations, and
Section 8 concludes the paper with final remarks and
future directions.

2. Related Work and overview of the proposed
system

Over the last three decades, offline signature verification
has evolved from purely handcrafted feature-based
methods to modern deep learning and transformer-based
architectures. Early systems relied on global and local
geometrical descriptors, such as contour shape, pixel
distribution, projection profiles, and run-length features,
combined with classical classifiers (e.g., k-NN, SVM,
HMM). Comprehensive literature reviews by Hafemann
et al. and others emphasize that, despite decades of
research, offline handwritten signature verification
remains a challenging and open problem due to intra-
writer variability and the existence of highly skilled
forgeries [1, 5, 6].

Classical OSV approaches typically extract handcrafted
features and feed them into statistical or machine-
learning classifiers. Examples include contour-based
and grid-based methods, directional probability density
functions, moment invariants, graph-based descriptions,
and run-length or texture descriptors [1, 5, 6]. These
methods are relatively simple, interpretable, and
computationally efficient, which makes them attractive
for practical systems with limited resources. However,
their performance often degrades when dealing with
skilled forgeries that closely follow the global
appearance of genuine signatures. For Arabic signatures
in particular, several works have exploited curvature and
gradient-based features to capture the highly cursive
nature of the script. Soleimani et al. proposed histogram-
of-curvature (HOC) and histogram-of-oriented-gradient
(HOG) features specifically tailored to Arabic
signatures, demonstrating that curvature information is
highly discriminative for this script [7]. Other studies on
Arabic OSV have explored image registration, discrete
wavelet transform (DWT), and fusion-based methods for
identification and verification [8]. These works highlight
the importance of culture-dependent feature design for
non-Latin scripts.

The rapid growth of deep learning has significantly
influenced the OSV field. Hafemann et al. introduced
deep convolutional neural networks (CNNs) to learn
writer-independent  representations  directly  from
signature images, achieving notable performance gains
on benchmark datasets [1]. Subsequent work explored
Siamese networks, triplet loss, metric learning, and
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hybrid CNN architectures, as summarized in recent
extensive surveys on deep-learning-based OSV [4, 9].
More recently, transformer-based models have been
proposed to capture both global and local structures in
offline signatures. TransOSV employs a holistic encoder
and part-based decoder to model patch-level
dependencies within the signature image, achieving
state-of-the-art performance on several datasets [10].
Other works, such as the 2C2S (two-channel, two-
stream) transformer framework and hybrid CNN-Vision
Transformer schemes, further demonstrate the potential
of attention-based architectures for highly reliable
offline OSV [11, 12]. Although these methods offer
strong accuracy, they typically require large labeled
datasets, extensive training, and careful hyperparameter
tuning.

A key limitation of many deep OSV models is their lack
of interpretability, which is problematic in high-stakes
domains such as forensic document examination and
banking. To address this, explainable and hybrid systems
have been proposed. Mazzolini et al. developed an easy-
to-explain decision-support framework for dynamic
signatures intended to assist forensic handwriting
examiners, emphasizing transparent similarity measures
and user-understandable outputs [13]. Diaz et al.
introduced an explainable offline automatic signature
verifier based on a universal background model and
distance-based reasoning, explicitly designed to support
forensic examiners in understanding model decisions
[14].

Hybrid approaches that fuse handcrafted geometric
features with machine learning or fuzzy logic attempt to
balance interpretability and performance. Some methods
combine local and global features with fuzzy rule-based
systems or neuro-fuzzy models, producing decisions that
can be traced back to human-readable rules while
retaining competitive accuracy [3, 15]. These
approaches are particularly suitable where the number of
available genuine signatures per writer is limited.

The availability of high-quality datasets is crucial for
developing and evaluating OSV systems. Widely used
Latin-script datasets such as GPDS, MCYT, CEDAR,
and the ICDAR SigComp corpora have enabled
comparative studies and progress in the field [1,5]. For
Arabic signatures, the UTSig dataset introduced by
Soleimani et al. provides a large and culturally specific
benchmark, containing 8,280 images from 115 writers,
including genuine, opposite-hand, and skilled forged
signatures [16]. UTSig and other script-specific
databases underscore the fact that signature
characteristics are culture-dependent; hence, verification
methods must often be tuned or redesigned for a
particular script [16, 17]. In light of the above literature,
the present work adopts a hybrid strategy. Instead of
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relying solely on black-box deep networks or on simple
global features, the proposed system focuses on:

1. Script-aware geometric features: Four local
geometric features are computed from matched
control  points, distance difference, angle
difference, proportional distance ratio, and
centroid deviation. These features are particularly
suitable for Arabic signatures, which exhibit
complex curvature and overlapping strokes.

2. Explainable fuzzy decision-making: A Takagi-
Sugeno fuzzy inference system (FIS) maps the
four features into an interpretable similarity score
using a compact rule base. Each rule corresponds
to a linguistically meaningful statement about the
deviation pattern of the features.

3. Writer-dependent thresholding: Instead of
using a global threshold across all writers, the
system learns MIN, MAX, and standard deviation
(STD) of similarity scores from genuine samples
for each writer, enabling personalized decision
boundaries and better handling of intra-writer
variability.

The next sections provide a detailed description of each
stage of the proposed system. Section 3 formalizes the
preprocessing and control-point detection procedures.
Section 4 defines the four geometric features. Section 5
presents the fuzzy inference system and its mathematical
formulation. Section 6 explains the classification
strategy, and Section 7 reports experimental results and
comparisons with related work.

3. Preparing stage

This stage ensures that all input signatures are
normalized, cleaned, and structurally prepared for
reliable geometric feature extraction. Preprocessing is
crucial, as offline signatures often suffer from noise,
scanning artifacts, variations in pen pressure, and
inconsistent background illumination. All signature
samples are scanned at a uniform resolution to maintain
consistent stroke representation. The scanned grayscale
images serve as the input for the preprocessing pipeline.
Maintaining a consistent acquisition protocol reduces
variability and improves the robustness of subsequent
feature extraction. Normalization adjusts image intensity
to reduce variations caused by ink density, paper texture,
or scanning conditions. Pixel values are rescaled to a
fixed range, improving the stability of skeletonization
and control-point detection. Prior studies emphasize that
normalization significantly improves the reliability of
geometric OSV methods, especially for darker Arabic
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signatures with dense pen strokes. Adaptive
thresholding is applied to separate signature pixels from
the background. Unlike fixed global thresholds, adaptive
methods adjust to local pixel neighborhoods, making
them more effective for real-world documents with
uneven lighting or background texture. The resulting
binary image retains all meaningful ink strokes while
suppressing noise.

After binarization, small isolated components, speckles,
and scanning noise are removed using morphological
opening and  connected-component  filtering.
Maintaining a clean binary image is essential because
noise artifacts can produce false control points and
distort skeleton extraction. Skeletonization reduces the
binary signature to a one-pixel-wide representation of its
strokes while preserving the overall structure and
topology. This step allows local geometric features to be
extracted directly from the essential structural skeleton
rather than from thick or uneven pen strokes. Preserving
curvature during skeletonization is particularly
important for Arabic signatures, which typically include
loops, arcs, and flourishes.

Control points represent locations of significant
structural change, such as corners, high-curvature
regions, or intersections. They are detected using the
Shi-Tomasi corner detection method, which identifies
salient points based on the properties of the local
autocorrelation matrix. Its response is defined as:

R =min(4y, 4,),

where A, and A, denote the eigenvalues of the
autocorrelation matrix computed over a small window.
Points with high R are selected as control points. This
method is robust for handwritten signatures, capturing
meaningful geometric detail without producing
excessive false detections. To compare a test signature
with its reference template, control points must be
arranged consistently. After sorting the points along the
skeleton trajectory, nearest-neighbor matching is used to
pair corresponding control points between the reference
and test signatures. These pairing forms the basis for
computing the four local geometric features described in
Section 4.

4, Extracting stage

After preprocessing, the system extracts structural
information from the skeletonized signature and
computes four local geometric features derived from
matched control-point pairs. These features capture
meaningful deviations that typically occur between
genuine and forged signatures. Skeleton extraction
reduces the processed binary image to a one-pixel-wide
representation while preserving the essential topology of
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the signature. This representation retains all critical
curvature, intersections, loops, and stroke direction
changes. Arabic signatures, known for their dense curves
and stylistic flourishes, benefit significantly from
skeletonization because it emphasizes structural
geometry rather than pixel thickness. Control points
identify structurally important positions along the
skeleton, such as corners, endpoints, junctions, or
regions of high curvature. The Shi-Tomasi detector is
used for this purpose. Its response is computed from the
eigenvalues of the local autocorrelation matrix:

R = min(ll, Az).

Points with high R are selected as control points. This
approach is stable, efficient, and widely used in
handwriting analysis.

To enable feature computation, control points from the
reference and test signatures must be paired. Points are
first sorted along the skeleton path, and then the
nearest-neighbor strategy is applied to match each
reference control point with its corresponding point in
the test signature. These matched pairs form the basis for
the geometric feature calculations. For each matched
pair of control points, four discriminative local features
are computed. These features reflect structural
distortions introduced either naturally (by intra-writer
variation) or intentionally (by forgers). Figures 2-5
illustrate the geometric meaning of the features.

Feature F1- Distance between control points:

As shown in Figure 2, two corresponding control
points, (c) in the reference signature and (c') in the test
signature, are connected by a straight-line segment.
The Euclidean distance between these points
represents spatial displacement:

Fy = llc—c|l.

This feature measures the Euclidean distance between
corresponding control points. Large deviations typically
indicate forged strokes or alignment inconsistencies.
This feature captures translation and scaling differences
and is particularly sensitive to distortions caused by
unskilled forgeries, which often exaggerate spacing.

Feature F2 - Angle difference

For each triplet of consecutive control points, the angle
between their connecting vectors in the reference (a) and
test signature (a') is computed

F, =|a—-al|.
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This feature captures the difference between the angles
of the local stroke direction around each control point.
Skilled forgers often match global shape but struggle to
reproduce exact angular transitions. Here, the difference
between angles (made by three-adjacent-control-points)
of control points in reference signature (a) and

Feature F3 - Proportional Distance Ratio

As illustrated in Fig. 4, two consecutive control-point
pairs in both reference and test signatures form distances
d and d'. The ratio of these distances,

!
equivalent angles in another signature (a’) as shown in F, = d_
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encodes local scaling and stretch relationships,
providing invariance to global resizing while detecting
disproportionate segment deformation common in
forged signatures. Here, d and d’ represent distances
between consecutive control points in the reference and
test signatures. The ratio indicates geometric
proportionality; significant deviations often reveal
forged or distorted local structures.

Feature F4 - Centroid Deviation

Fig. 5 visualizes the positional relationship between each
control point and the signature’s centroid (Center of
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Gravity-COG). For each pair of matched points, the
deviation is calculated as:

F, = |dc — dc'|,

where dc and d¢' are distances from the centroid to the
control point in the reference and test signatures,
respectively. This feature evaluates how the writer’s
overall spatial balance shifts, a factor that typically
remains consistent in genuine signatures but varies in
imitations. This feature measures the difference in
distance from each control point to the centroid of the
signature.
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Table 1. Performance comparison with baseline and recent methods

Methods FRR FAR Average Language Number of ,(;lfumber
(%) (%) g guage  individuals .
training

Geometric

Center [18] 0.98 20.83 10.905 - 8

Naiv Bayes

[19] 9.95 13 11.47 55 15

HMM [20] 14.1 12.6 13.35 English 160 12

Fuzzy net [21]  13.26 11.89 12.57 English 39 12
Linear 21.06 18.54 19.8 English 160 12

[SZ\(/);VI Poly 15.41 15.64 15.53 English 160 12
RBF 15.41 13.12 14.27 English 160 12

Proposed 133 166 1495 Arabic 50 6

method

It captures global positional distortion while remaining
robust to small intra-writer variations. All four features
are normalized to the [0, 1] range before being fed into
the fuzzy inference system. Normalization removes
scale dependency and ensures comparable feature
weighting across writers.

5. Fuzzy inference system (FIS)

The fuzzy inference system translates the four geometric
features extracted from matched control points into a
single similarity score. This score reflects the degree to
which a test signature resembles the genuine reference
signature. The FIS is based on the Takagi-Sugeno
model, chosen for its interpretability and efficient
computation. Each of the four features (F1-F4) is
described using Gaussian membership functions.
Gaussian functions are smooth, differentiable, and
capable of modeling gradual transitions between
linguistic terms such as small, medium, and large. A
generic Gaussian membership function is defined as:

pa(x) = exp (—x - )

202

in which ¢ is the center and o is the spread of the
function. These parameters were tuned empirically to
capture typical variations in genuine Arabic signatures.
The heart of the FIS is a compact rule base consisting of
sixteen Takagi-Sugeno rules. Each rule describes a
specific combination of the four geometric features and
assigns a corresponding output value. The general
structure of arule is:

d-) 10.57647/ijm2c.2026.1603.19

F3 iS Ai3 AND F4 iS Ai4— THEN yi = Zi

Here, the antecedents (Ail-Ai4) denote linguistic terms
such as Small, Medium, or Large, and z; is the
consequence associated with that rule. In this study, the
sixteen rules cover all meaningful combinations of the
four features, ensuring a comprehensive mapping of
possible feature patterns. The outputs z; were selected
based on empirical observations and expert knowledge
of typical distortions in Arabic signatures. For each rule,
the firing strength determines the degree to which the
rule applies to the current feature vector (F1, F2, F3, F4).
It is computed as the product of the membership degrees:

Wi = pain (F1) - Uain(F2) - paiz (F3) - taia(Fy).

This multiplicative aggregation reflects the conjunction
(AND) of the four antecedent conditions. The final
similarity score y is obtained by computing the weighted
average of all sixteen rule outputs:

_ T iwiz

~ .
i=1 Wi

This formulation ensures that rules with higher firing
strengths exert greater influence on the final similarity
score. The resulting value typically ranges between 0
and 1, where values closer to 1 indicate stronger
similarity to the reference signature. The classification
stage determines whether a test signature belongs to the
claimed writer. In order to producing an output value for
classification of signatures, a zero-order Takagi-Sugeno
[22] FIS is used. For each feature a fuzzy variable with
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two fuzzy Membership Functions (MFs), small and
large, is introduced [22]. The numerical parameters of
MF are determined on the basis of mean and standard
deviation of features of training signatures. For example,
the MFs of F2 (Feature 2) are shown in Fig.6. The input
of FIS is the values of features of control points and the
output is a number between 0 and 1 that demonstrates
the similarity between reference signature and another
signature. There are sixteen if-then rules in aforesaid FIS
which are shown below.

R1: if (F1 is small) and (F2 is small) and (F3 is small)
and (F4 is small) then (output is 0);

R2: if (F1 is large) and (F2 is small) and (F3 is small)
and (F4 is small) then (output is 0);

R6: if (F1is large) and (F2 is large) and (F3 is small) and
(F4 is small) then (output is 0.5);

R10: if (F1 is large) and (F2 is large) and (F3 is large)
and (F4 is small) then (output is 1);

R16: if (F1 is large) and (F2 is large) and (F3 is large)
and (F4 is large) then (output is 1).
6. Statistical parameters from genuine samples

For each writer, the fuzzy system produces similarity
SCOres y1, V2, ..., Jy, from their genuine signatures. Three
parameters are extracted:

MIN = min{y;,y2, ..., ¥n}

MAX = max{y;, ¥, -, ¥n }

These parameters describe the natural variation in the
writer’s genuine signatures. A test signature with
similarity score y is accepted as genuine if and only if:

y € [MIN — STD, MAX + STD].

Otherwise, the signature is rejected as a forgery. Next
the interoperation is done as below

a) (MIN-STD) tolerates small downward deviations
due to natural handwriting variation.

b) (MAX + STD) accommodates upward deviations
while avoiding excessive leniency.

c) Scores outside this interval typically represent
forged signatures.
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This writer dependent interval ensures individualized
decision boundaries reflecting each person’s signing
behavior.

7. Experimental Results

This section presents the experimental evaluation of the
proposed fuzzy-based offline Arabic signature
verification system. The experiments were designed to
assess the performance of the method using genuine and
forged signatures, analyze its statistical behavior, and
compare it with several well established approaches in
the literature. Experiments were carried out using a
Arabic offline signature dataset consisting of multiple
genuine samples per writer along with both random and
skilled forgeries. Each sample was scanned under
consistent acquisition settings. Skilled forgeries were
produced by individuals who had access to the genuine
signatures and attempted to replicate them as accurately
as possible. All signatures underwent the preprocessing
pipeline described in Sections 3 and 4. For each writer:
A subset of genuine signatures was used to compute the
classification interval (MIN, MAX, STD); Remaining
genuine samples and skilled forgeries were used for
testing; and the fuzzy inference system operated on
matched control-point features (F1-F4), producing a
similarity score y for each test signature.

Three standard metrics were used:

A. FAR (False Acceptance Rate): Probability of
accepting a forgery as genuine.

B. FRR (False Rejection Rate): Probability of
rejecting a genuine signature.

C. EER (Equal Error Rate): The point where FAR =
FRR; lower values indicate better performance.

With respect to intrapersonal variations in signatures of
every person, the outputs of FIS for training signature
make inherent range of signature variations. For each
person the maximum (MAX) and minimum (MIN) and
Standard Deviation (STD) of this range are specified.
For the classification of the new test signature at first
features are extracted from compression between new
test signature and reference one. If output of the FIS for
features of new test signature is between MAX-STD and
MIN+STD, new test signature is classified as genuine
one because the difference between new test signature
and reference one is in variation range. If output of FIS
for new test signature is more than the MAX+STD, new
test signature is classified as unskilled forgery because
difference between new test signature and reference one
is more than variation range. If output of FIS for new test
signature is less than the MIN-STD, the new test
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signature is classified as skilled forgery because
difference between new test signature and reference one
is less than variation range and new test signature is extra
similar to reference one. As shown in Fig.7 signatures
numbers 2, 3, 4, 5, and 6 are training signatures and
signatures number 7, 8, 9, and 10 are new test signatures.
Because outputs of FIS for signatures number 7 and 8
are less than MIN-STD, they are skilled forgery and
because the output of FIS for signature number 9 is more
than the MAX+STD, it is un-skilled forgery. But output
of FIS for signature number 10 is between MIN-STD
and MIN+STD, so this signature is genuine.

The proposed fuzzy-geometric method demonstrates
strong discrimination between genuine and forged
signatures. Genuine signatures produced similarity
scores mostly within the learned interval he proposed
fuzzy-geometric  method  demonstrates  strong
discrimination between genuine and forged signatures.
Genuine signatures produced similarity scores mostly
within the learned interval [MIN-STD, MAX+STD],
while forged signatures typically fell outside this range.
Table 1 summarizes the system’s performance and
compares it with several classical and recent approaches.

d-) 10.57647/ijm2c.2026.1603.19

e Proposed method: Low EER, low FRR,
competitive FAR.

e Classical geometric methods: Higher sensitivity to
stroke variation.

e Deepmodels (e.g., CNN-Siamese): High accuracy
but require large training sets.

e Transformer-based OSV  models:

performance but computationally costly.

Strong

These results show that the proposed fuzzy system
achieves a favorable balance of accuracy,
interpretability, and  computational  efficiency,
particularly valuable for applications with limited
training data, such as writer-dependent Arabic signature
verification.

8. Conclusion

This paper presented a fuzzy logic-based approach for
offline Arabic signature verification using structural and
geometric  features extracted from skeletonized
signatures. The method integrates control-point analysis,
local geometric descriptors, and a Takagi-Sugeno fuzzy
inference system to create a robust and interpretable
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verification mechanism suited to the stylistic complexity
of Arabic handwriting. The proposed system offers
several advantages. First, it relies on intuitive structural
features derived from control-point geometry, making
the approach transparent and easily interpretable
compared with deep learning models. Second, the fuzzy
inference  system  effectively  captures  subtle
writer-specific variations while maintaining resilience
against skilled forgeries. Third, the writer-dependent
thresholding strategy allows each individual’s signing
behavior to define the final acceptance interval,
improving accuracy without requiring large training
datasets. Experimental evaluations demonstrated that the
method achieves competitive performance in terms of
FAR, FRR, and EER when compared with both classical
geometric techniques and more recent learning-based
OSV models. The balance between computational
simplicity and verification accuracy makes this method
suitable for practical applications such as document
authentication, financial verification, and administrative
security systems. Future work may explore hybrid
approaches that combine fuzzy logic with deep
representations, adaptive rule-generation techniques, or
transformer-based feature extraction tailored to Arabic
signature traits. Expanding the dataset and investigating
cross-script  generalization may further improve
robustness and applicability.
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