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Abstract: In this article, we present an algorithm to deter-
mine the authenticity of a signature with high probability.
This study addresses the increasing need for robust and
accurate methods of verifying offline signatures, which are
crucial in various legal and financial contexts. By com-
bining geometric properties of curves and advanced image
processing techniques, our approach effectively distin-
guishes between genuine and forged signatures. The core
of our method utilizes multiple knot B-splines in approx-
imation theory, mean curvature analysis, and curve fitting,
providing a comprehensive framework for signature ver-
ification. Our findings demonstrate a significant improve-
ment in accuracy over existing methods, as validated by
several empirical examples. This research not only contri-
butes to the field of signature verification but also opens
avenues for future studies to enhance and adapt our algo-
rithm for broader applications in security and authentica-
tion systems.

Keywords: image processing, b-spline, curvature, isogeo-
metry analysis

MSC 2020: 68U10, 65D05, 65G50

1 Introduction

Signature verification is a crucial task in the fields of pat-
tern recognition and security, especially in legal, financial,
and administrative contexts where the authenticity of sig-
natures plays a pivotal role. The problem of verifying a

signature can be approached in two distinct ways: offline
and online verification. Online systems rely on dynamic
data such as the pressure, speed, and timing of the signa-
ture during its creation, while offline systems work with
static images of signatures, typically scanned after being
written on the article. The focus of this research is on off-
line signature verification, which presents unique chal-
lenges due to the lack of dynamic information.

Numerous methods have been developed to tackle
the problem of signature verification. For online systems,
approaches such as writer-specific feature extraction and
classifiers have been proposed. For example, an approach
leveraging Gaussian mixture models was introduced by
Xia et al. to align signatures for improved matching [1].
Offline systems, on the other hand, primarily rely on the
structural and geometric properties of the signature itself.
Zhu et al. [2] proposed a method that captures the charac-
teristic structural saliency of the signature for detection
and segmentation purposes. Similarly, Hou et al. [3] devel-
oped an image descriptor for predicting human fixation
points, which has been adapted for signature verification.

In recent years, deep learning approaches have gained
popularity for signature verification. Alajrami et al. [4]
introduced a convolutional neural network (CNN) model
for offline verification, contrasting it with online techni-
ques. Their work, along with that of Sudharshan and Vis-
maya [5], who evaluated CNN architectures like VGG16,
VGG19, and ResNet50, demonstrated the potential of deep
learning for this task. Moreover, Abdirahman et al. [6]
explored advanced deep learning models such as Mobi-
leNet, ResNet50, and YOLOv5, aiming to improve the detec-
tion of forged signatures through better preprocessing and
model architecture.

Despite the progress made, offline signature verifica-
tion still faces significant challenges, particularly in terms
of robustness to variations in handwriting and the com-
plexity of forgeries. Many existing methods struggle to
handle the intricacies of handwritten signatures, such as
subtle distortions or variations that occur naturally between
different instances of a genuine signature. Moreover, tradi-
tional deep learning methods often require large amounts of
training data and substantial computational resources,
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making them less practical for certain applications. The cur-
rentmethods, while effective to a certain degree, do not fully
address the variability in offline signatures or the need for
high accuracy in complex forgery detection. This study aims
to fill this gap by introducing a novel approach that com-
bines geometric properties of curves with advanced image
processing techniques. Specifically, our method utilizes mul-
tiple knot B-splines in approximation theory, mean curva-
ture analysis, and curve fitting to develop a comprehensive
framework for signature verification. By leveraging these
mathematical tools, our approach enhances the accuracy
of distinguishing between genuine and forged signatures,
even in cases where subtle variations exist. The validity of
our results are confirmed by some examples.

2 Preliminaries

In this section, we introduce two basic concepts called
skeleton of images and approximation of simple curves
by b-splines, which are essential to our discussions in the
next sections.

The skeleton of an image serves as a powerful tool for
shape analysis. It simplifies the structure of an object by
reducing its shape to a one-dimensional representation, cap-
turing the essential geometric features while discarding the
unnecessary details. This simplification facilitates various
applications, including object recognition, image segmenta-
tion, and morphological operations, making the skeleton a
cornerstone in the study of image topology and structure.

On the other hand, the approximation of simple curves by
B-splines provides a robust framework for curve representation
andmanipulation. B-splines, or Basis splines, offer a flexible and

mathematically sound method for approximating complex
curves with a series of simpler, piecewise polynomial seg-
ments. This approach not only enhances the precision of
curve modeling but also ensures smoothness and continuity,
which are vital for applications in computer-aided design,
animation, and geometric modeling. Together, these con-
cepts form a foundation for advanced image processing
techniques and geometric modeling, enabling more sophis-
ticated and efficient solutions to problems in computer
vision and graphics. In the following sections, we will
explore the theoretical underpinnings, practical algorithms,
and application scenarios for both the skeleton of images
and the use of B-splines in curve approximation.

2.1 Skeleton of images

When the image of a signature is scanned on a page,
usually lines or curves in the signature are saved as
multi-pixel thickness. Therefore, the single-pixel skeleton
of a signature can describe well the nature of it; hence, it
had better consider the single-pixel skeleton of signatures.
Thus, by verification of the skeletons of signature, we can
evaluate the signature verification. Some techniques for
skeletonization can be found in [7–9]. In Figure 1, some
alphabet letters and their skeletons are seen.

2.2 Approximation of simple curves by
b-splines

Some plane curves do not cross themselves, except prob-
ably in the end points. These curves are referred to as

Figure 1: Some alphabet letters (a) and their skeletons (b).
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simple curves. A signature usually consists of some simple
curves (Figure 2) that each one can be well simulated by
b-splines [10,11]. Moreover, some signatures are undesir-
ably involved small fluctuations that can be eliminated by
b-splines (see Figure 7).

Definition 2.1. Consider the increasing knot vector =E

�{ }≤ ≤ ≤ ∈+ +t t t i… ,i i i m1

. For ≥m 2 and �∈t R, the ith
b-spline basis function of order m is obtained from the
following recursive definition:
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In Figure 3, the quadratic b-spline functions are shown
that are constructed on the knot vector

=
⎧
⎨
⎩

⎫
⎬
⎭

E 0, 0, 0,

1

5

,

2

5

,

3

5

,

4

5

,

4

5

, 1, 1, 1 .

Explicit formulas of multiple knot b-splines for some spe-
cial cases can be found in [12].

Definition 2.2. Given n points d d,…, n1

and a knot vector
� { }= + +t t t, , …, n m1 2 1

, where ≤ ≤ ≤ + +t t t… n m1 2 1

, the b-spline
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’s are b-spline basis functions of order m. The
vector-valued coefficients di’s are referred to as control points.

The b-spline curves have continuous derivatives of
order −m 1 ( −

C
m 1-continuous). Repeating a knot k times

in the nodal points decreases the number of continuous
derivatives by k or the b-spline curves is − −

C
m k 1-contin-

uous [11].
To simulate a curve via isogeometry techniques with

multiple knot b-spline functions, it had better use the
smooth b-spline functions with smallest degree [13,14].
In Figure 4, a signature and its simulation by b-splines
of order =m 3 are shown on the knot vector
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Figure 2: A signature (a) and its three simple curves (b).

Figure 3: The quadratic b-spline functions defined at the knot
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3 Methodology of signatures

In this section, we present an algorithm called signature
line recognition (SLR) and image analysis techniques
(IMAT) to verify the originality of a signature. We first
consider the signature as an image. Also, we assume that
an original signature of per person is in access. The steps of
the following algorithm should be done for genuine and
questioned signatures (GQSs). To determine the linear fit-
ting curve (LFC) of a signature curve, we fit a line

= +y ax b to the points ( ) =x f i n, , 1,…,i i
. This line

minimizes the distances from the points to the line.
The parameters a and b are obtained by solving the fol-
lowing minimization problem:

∣ ∣∑=
+ −

+=
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a b

LFC min .

a b
i
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i i

,

1

2 2
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Algorithm 1. SLR-IMAT

Step 1: Extract the skeleton:
We extract a one pixel-width skeleton of the signature
image. One pixelness of the width of the skeleton saves
the time to find faster the originality of the signature.
Step 2: Find the number of simple curves.
Step 3: Smooth the skeleton curve of the signature.
The b-spline functions and isogeometry analysis can be
used to remove small fluctuations (if any) the signature.
Step 4:
(a) Let X X,…, n1

be the points where the slope of signature
curves change (critical points).
(b) Let κ κ,…, n1

be the curvatures of the signature curve in
X X,…, n1

, respectively.

(c) Compute the mean curvature as = ∑ =κ κ
¯

n i

n

i

1

1

.
This step is important, because the curvature of a curve is
invariant under transformation and rotation [15].

Figure 4: A signature (a) and its simulation by b-splines (b).

Figure 5: A signature (a) and its skeleton (b).

Figure 6: Three simple curves of a signature.
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Algorithm 1. SLR-IMAT

Step 5: Determine the linear fitting curve: The line
= +y ax b fits the points ( ) =x f i n, , 1,…, ,i i

of a signature
curve where a and b are obtained by solving the mini-
mization problem (1).

Theorem 3.2. [15] The linear fitting of a curve, defined in
Step 5, is invariant under transformation and rotation.

The accuracy of a signature can be given by
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where >w 0i , i = 1, 2, 3 are the weights of the given steps
and are selected such that + + =w w w 1

1 2 3

. Moreover,
N*

1

and N
1

are the number of simple curves in the
GQS’s, respectively;

N*

2

and N
2

are the mean curvatures in the GQS’s,
respectively;

N*

3

and N
3

are the value of LFC for the GQS’s,
respectively.

Remark 3.3. in Algorithm 1, the effect of magnification on
the signatures has been ignored. However, it is well known
that if the magnification rate of the GQS’s is K , then in

Figure 7: Two simple curves (a, c) and the corresponding smoothed curves (b, d).

Figure 8: The linear fitting curve for the genuine signature given in
Figure 5.
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Algorithm 1, the LFC and the number of simple curves do
not change, but the mean curvature changes ∕K1 times.

4 Numerical experiments

In this section, by presenting some signatures, we verify
their accuracy. In fact, the probability of originality for
some signatures are given.

Example 4.1. Consider a genuine signature and its skeleton
in Figure 5. It contains three simple curves (Figure 6).
Based on Step 3, small fluctuation of the signature should
be removed by b-splines (Figure 7). Next, according to Step 5,
the LFC should be computed for the current genuine signa-
ture (Figure 8).

The aforementioned steps are done for both genuine
(Figure 5) and questioned (Figure 9) signatures. For com-
puting ( )fAC , the weights are chosen as

= = = ∕w w w 1 3
1 2 3

. Table 1 shows the mean curvatures
and the error values of LFC for GQS’s and the accuracy
of the questioned signature. As is seen the questioned sig-
nature is original with the probability of 95%. Both signa-
tures have the same number of simple curves (3), similar
LFC errors (0.6868 for genuine and 0.3418 for questioned),
and identical mean curvature values (0.0188). These closely
matched characteristics result in a high accuracy of 0.9512,
indicating a strong likelihood that the questioned signature

is genuine. This example demonstrates the effectiveness of
our method in accurately verifying signature authenticity
by analyzing geometric properties.

Example 4.2. In this example, we consider four genuine
signatures with their corresponding questioned signatures.
For all signatures the weights are taken as

= = = ∕w w w 1 3
1 2 3

. Table 2 shows the accuracy for all
given signatures in Figure 10. Table 2 presents the accuracy

( )fAC for four sets of genuine and questioned signatures,
evaluated using the number of simple curves, LFC error,

and mean curvature, with equal weights = = =w w w
1 2 3

1

3

.
For the signatures in Figure 10(a, b), both have 5 simple
curves, similar LFC errors, and mean curvatures, resulting
in a high ( ) =fAC 0.9699. In Figure 10(c, d), significant dif-
ferences in all metrics yield a lower ( ) =fAC 0.5225. Figure
10(e, f) show matching numbers of simple curves and
similar metrics, resulting in ( ) =fAC 0.9218. Finally,
Figures 10(g, h) display close values in all metrics, leading
to ( ) =fAC 0.8980. These results illustrate that closer
metric values between genuine and questioned signatures
correspond to higher accuracy, indicating stronger
matches.

Example 4.3. For the last example, we compare our pro-
posed method with several other methods on the database
provided by [16]. This database contains 800 genuine and
questioned signature images across 20 classes, with 40 sig-
natures in each class. In this database, two criteria, the
false rejection rate (FRR) and the false acceptance rate
(FAR), are reported for genuine and questioned signatures,
respectively. In [2,16,17], they considered the first 20

Figure 9: The questioned signature corresponding the genuine signa-
ture in Figure 5.

Table 1: The accuracy for Example 4.1

Genuine Questioned (( ))fAC

Number of simple curves 3 3 0.9512
LFC 0.6868 0.3418
Mean curvature 0.0188 0.0188

Table 2: The accuracy for Example 4.2

Genuine Questioned (( ))fAC

Figures
10(a, b)

Number of simple
curves

5 5 0.9699

LFC 1.045 1.257
Mean curvature 0.339 0.523

Figures
10(c, d)

Number of simple
curves

9 4 0.5225

LFC 5.065 1.404
Mean curvature 3.528 1.205

Figures
10(e, f)

Number of simple
curves

9 9 0.9218

LFC 1.141 0.404
Mean curvature 1.098 0.205

Figures
10(g, h)

Number of simple
curves

13 11 0.8980

LFC 0.820 1.146
Mean curvature 0.912 0.45
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signatures in each class for training and the second 20
signatures for testing. In our case, we do not have training
data, so we only consider the test signatures. The results
are presented in Table 3. As can be seen, our approach,
with a FRR of 0.43% and a FAR of 0.18%, shows the best
offline signature verification results on this database.

5 Conclusion

In this study, we introduced a novel algorithm for verifying
the authenticity of signatures with high accuracy. Our
approach combines geometric properties of curves, such
as the number of simple curves, LFC error, and mean cur-
vature, with advanced image processing techniques. By
leveraging multiple knot B-splines in approximation
theory, we developed a robust framework that effectively
distinguishes between genuine and forged signatures.

The core of our method involves analyzing the ske-
leton of the signature image and computing specific

geometric properties to determine the accuracy of the sig-
nature. Our empirical results, as presented in Table 2,
demonstrate that our algorithm significantly improves
accuracy in signature verification compared to existing
methods. For instance, signatures with closer metric values
between genuine and questioned samples exhibited higher
accuracy, indicating stronger matches.

This research contributes to the field of signature ver-
ification by providing a comprehensive and reliable
method for signature authentication. The success of our
algorithm in various empirical examples suggests its

Figure 10: The GQS’s of the Example 4.2.

Table 3: Comparison of FRR and FAR for signature database given in [16]

Method FRR (%) FAR (%)

Sabourin et al. [16] 1.64 0.10
Shanker and Rajagopalan [18] 8.75 3.26
Guo et al. [17] 1.66 1.10
Zhu et al. [2] 0.5 0.21
Our approach 0.43 0.18
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potential for broader applications in legal, financial, and
security contexts. Furthermore, our findings open avenues
for future studies to enhance and adapt our algorithm,
potentially incorporating additional features or refining
the current ones to further improve its effectiveness in
diverse scenarios.
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