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Featured Application: This study focuses on fusing the static features of traditional pen-and-
paper writing with the dynamic features of digital writing, seeking more understandable features
for precise signature identification.

Abstract: In many fields of social life, such as justice, finance, communication and so on, signatures
are used for identity recognition. The increasingly convenient and extensive application of technology
increases the opportunity for forged signatures. How to effectively identify a forged signature is still
a challenge to be tackled by research. Offline static handwriting has a unique structure and strong
interpretability, while online handwriting contains dynamic information, such as timing and pressure.
Therefore, this paper proposes an authentic signature identification method, integrating dynamic
and static features. The dynamic data and structural style of the signature are extracted by dot matrix
pen technology, the global and local features, time and space features are fused and clearer and
understandable features are applied to signature identification. At the same time, the classification
of a forged signature is more detailed according to the characteristics of signature and a variety
of machine learning models and a deep learning network structure are used for classification and
recognition. When the number of classifications is 5, it is better to identify simple forgery signatures.
When the classification number is 15, the accuracy rate is mostly about 96.7% and the highest accuracy
reaches 100% on CNN. This paper focuses on feature extraction, incorporates the advantages of
dynamic and static features and improves the classification accuracy of signature identification.

Keywords: signature identification; dynamic characteristics; static characteristics

1. Introduction

Biometric recognition is based on human characteristics and signatures are considered
one of the most common biological features [1,2]. The active mode of handwriting is widely
associated with signature identification in biometric user authentication systems [3]. In a
sense, handwriting is a behavioral manifestation of human thought, especially signatures,
which have unique characteristics and strong personal style color [4]. Signature identifica-
tion is required for office approval in corporate units, signing in cell phone business offices
and banks, corroboration in the judicial industry and identification in examination scenar-
ios. With the further development of information technology, the increasing popularity of
handwritten signature acquisition devices and the maturity of digital writing technology
have led to the replacement of pen-and-paper writing in the traditional sense. In the process
of signature verification, dynamic features are the trend and static structure is the basis.
If more comprehensive, simple and accurate methods appear, they will have a profound
impact on various industries. However, as signature verification and identification systems
are often used for forgery and fraud detection [5], the emergence of forged signatures
complicates simple programs and even causes huge losses.
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Currently, there are two types of signature identification: offline and online. Offline
handwriting identification materials use traditional writing tools to write handwriting
information on paper, which is then captured as a picture by a camera or scanner [6]. The
features extracted from offline images can be combined to form a variety of effective features
with uniqueness that cannot be ignored. Online signatures are obtained by signing on touch
screen devices, such as tablets and cell phones, and many features are obtained by using a
special pen and tablet and a scanned signature image [7]. Online handwriting recognition
can be performed by collecting rich information, such as writing speed, angle, strength
used by writers and stroke order online [8]. The online data are very clear, captured on a
digital device, consisting of a discrete number of samples [9] and contain some additional
supporting information [10].

With the popularity of paperless scenarios, online signature verification is widely used
in various fields [11]. Electronic signatures are influenced by writing carriers and writing
tools, resulting in many handwriting feature changes [12]. Handwriting is especially
important from the perspective of handwriting verification but relying on handwriting
signatures alone also loses some important features.

This study uses a dot matrix pen tool to identify handwriting by combining the static
features of traditional pen-and-paper writing with the dynamic features of digitized writing.
The dot matrix digital pen is a writing tool that captures the pen’s motion track of the pen
through the high-speed camera at the front, obtains the pen tip pressure data by a pressure
sensor and transmits the dynamic information of the writing process through coordination
and pressure changes simultaneously. After preprocessing the written dynamic data and
static image information, the easily understood structured static features and fine dynamic
features are extracted and then the training and test sets are divided for each subtask and
different models are used to study the fused features for classification and discrimination.

The paper is organized as follows: Section 2 describes the work related to this study.
Section 3 describes materials and methods. Section 4 shows the results of the study. Section 5
is the discussion. Section 6 provides a summary.

2. Related Works

Handwriting identification is based on human handwriting to determine the identity
of the writer [13]. Offline signature verification is more practical than online signature
verification because it is more popular and its structural information is more intuitive to
reflect the characteristics of the writer. The online signature verification mode is more robust
than the offline signature verification mode because it captures the dynamic information of
the signature in real time and is not easy for impersonators to copy [14].

There are three types of signature forgery: simple, random and skilled. In the case of
simple forgery, the forger knows the name information of the signer, but does not know the
real signature of the signer. In the case of random forgery, the forger knows the name of the
signer or one of the real signatures. In the case of skilled forgery, both the signer’s name
information and real signature information are known to the forger and the forger often
practices imitating the signature of the signer [15].

The features used in the identification method can be divided into global features,
local features, statistical features and dynamic features. For Chinese offline handwriting,
Qingwu Li et al. [16] generated handwriting feature sets to identify handwriting samples by
extracting curvature features of the stroke skeleton in four directions: horizontal, vertical,
apostrophe and down. The samples were divided into reference handwriting and query
handwriting. The similarity measurement method was used to find the writer of the
corresponding handwriting. The handwriting of 10 people was randomly selected for
the query and the number of characters per sample was 30, with an identification rate of
86%. Ding et al. [17] proposed an offline signature identification method based on scale
invariant feature transform (SIFT) for local details of signature images, which detects SIFT
feature points of the signature image and extracts feature descriptors, performs matching
according to the Euclidean distance, filters matching pairs through the ratio of adjacent
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distances and the angle difference of feature points and performs histogram statistics on the
angle difference in the matched feature points to form an ODH feature vector. Finally, the
identification is completed according to the number of matching pairs and the similarity
of ODH feature vectors. 4NsigComp2010 Database has fake signature, including real
signature, fake signature and fake signature. The real signature is a signature written by
the same author as the reference signature, the imitation signature is a signature written
by other authors imitating the reference signature and the fake signature is a signature
written by the same author as the reference signature but deliberately concealing the writing
method. Tested on the local database, the error acceptance rate (EAR) was 5.3%, the error
rejection rate (ERR) was 7%, the equal error rate (EER) was 6.7% and the EER was 20%
on the 4NsigComp2010 Database. GRAPHJ is a forensic tool for handwriting analysis
that implements automatic detection of lines and words in handwritten documents. The
main focus in feature extraction is to measure the number of parts, such as the distance
between text and characters, as well as the height and width of characters. The relative
position of the punctuation on the "i" character is also used as a parameter to infer the
authorship [18,19].

Huang Feiteng et al. [20] conducted a study on recognition of electronic signatures
based on dynamic features, using writing duration, number of strokes and average writing
strength per stroke as feature classification and collected three types of signature samples:
simple, general and complex for classification. The results of discriminant analysis (DA),
K-nearest neighbor (KNN), random forest (RF) and support vector machine (SVM) were
all above 77% or more, which, to some extent, shows the feasibility of machine learning
algorithms for classification of electronic signature handwriting recognition. Bhowal P
et al. [21] designed an online signature verification system to extract three different types
of features from the online signature, namely, physical features, frequency-based features
and statistical features. The first ensemble using the feature classifier strategy combines
the results of the seven classifiers using the sum of the normalized distribution, while the
second ensemble, using the majority voting strategy, uses the decision of the first ensemble
to make the final prediction, which is evaluated on the SVC 2004 and MCYT-100. The
dataset includes real signatures and skilled forged signatures with 98.43% accuracy on the
SVC 2004 dataset and 97.87% accuracy on MCYT-100.

Yelmati et al. [22] obtained a total of 42 feature vectors containing static and dynamic
features, such as average velocity, pen up/down ratio, maximum pressure, pressure range,
x-velocity variance, signature width, signature height, etc. They obtained better accuracy
and faster training time on the SVC2004 Dataset but used fewer static features and weak
interpretability. Kunshuai Wu [23] extracted GLCM and LBP features and fused them. After
extracting texture features, he proposed an extraction method for signature stroke depth
features, taking depth as the dynamic feature of the signature. The rules of using the GPDS
dataset are consistent with the local dataset and are divided into three parts: real signature,
skilled forged signature and random pseudo-signature, collecting 10 real signatures and
10 skilled signatures for a total of 20 groups. The highest overall correct rate of 87.75% for
texture feature identification and 97.378% for depth feature identification was achieved, but
an attempt was not made to combine the two, fusing dynamic and static feature information.
Zhou et al. [6] proposed a handwritten signature verification method based on improved
combined features. Based on the acquisition of offline images and online data, texture
features were extracted using GLCM and HOG and nine geometric features were extracted.
In addition to the horizontal and vertical coordinates and pressure contained in the online
data, four dynamic features, velocity, acceleration, angle and radius of curvature, were also
extracted. Support vector machine (SVM) and dynamic time warping (DTW) were used to
verify the results. The forged signature is obtained by finding 2–3 experimenters to provide
real signatures and forging them after pre-training. A total of 20 authors was collected and
1200 signatures were forged. Thus, 3, 5, 8 and 10 real signatures were selected for training
small samples. The remaining signatures were used as test samples. After feature fusion,
the highest accuracy rate of 10 samples was 97.83% and the false accept rate (FAR) value
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was 1.00%, The value of false reject rate (FRR) was 3.33%, but the characteristics of Chinese
signatures are not well utilized and the task of forging signature is not detailed enough.

3. Materials and Methods
3.1. Sample Collection

Handwritten handwriting identification has become a very active research direction
because of its wide application fields and numerous advantages [24]. The establishment
of handwriting database is the basis of the research. Although the issue of signature
identification has been discussed for many years, with the continuous update of science
and technology, there is no practical database for the dynamic and static combination
of forged signature handwriting database. Therefore, this study design is designed to
establish a practical Chinese signature forged handwriting database for research purposes.

Collect the forged signature handwriting of the writer and establish a Chinese signa-
ture forged handwriting database. The database is a Chinese signature database, including
44 signatures of different signers. The acquisition device used is a dot matrix pen, which
is composed of a high-speed camera and a pressure sensor. It can not only collect the
coordinate information and pressure values of the sampling points during the writing
process, but also collect the offline images for writing signatures. The multi-task design
covers the issues that can be involved more comprehensively from two perspectives: the
complexity of the strokes and the difficulty of the imitation. The signature handwriting is
divided into two types: simple forged signature and skilled forged signature, as shown
in Figure 1. The signature handwriting is collected according to different degrees and
each type of signature is written 10 times under natural conditions in compliance with the
personal habits of the writer to collect as many signature handwriting samples as possible.
The online raw data are X and Y coordinate points, pressure, timestamp and pen up–down
marks. Pen up–down marks refer to when the pen is lifted and the pen is dropped. Simple
forged signature is written when the writer does not know the real signature. According
to the complexity of the signature strokes, the signature is divided into simple signature,
general signature and complex signature. The simple forgery signature task of different
writers is shown in Table 1, where P1, P2 and P3 are different writers (the same below).
Skilled forgery signature is to write and practice imitation when the writer knows the real
signature. The real signature is shown in Table 2. According to the imitation degree of
signature imitation, the signature is divided into simple imitation, general imitation and
complex imitation. The skilled forgery signature tasks of different writers are shown in
Table 3. Task 1 is a simple forgery task and task 2 is a skilled forgery task, containing a total
of 2640 images and the corresponding signature data.
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Table 1. Simple forgery task.
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The X and Y coordinate points, pressure, time and signature images can be obtained
by writing, which are the original data collected by the sample. Figure 2 shows the X and Y
points of the signature data, which are the changes in the X and Y coordinate points with
time during the writing process.
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3.2. Preprocessing

In the preprocessing stage, the collected handwriting information is processed to
remove irrelevant information, enhance the availability of information and facilitate feature
extraction. The collected handwriting information is mainly divided into online data and
offline images, which are preprocessed, respectively. A flow chart of data preprocessing is
shown in Figure 3. By further processing the original data such as X and Y coordinates and
pressure obtained by online writing, the dynamic information such as speed, acceleration
and dead time is calculated as shown in Table 4, so as to improve the diversity of dynamic
data and enhance the quality of signature data. For offline images, after selecting the
required samples, each signature is trimmed with a fixed size and then de-noising, opening
and closing operations and binarization operations are carried out. Finally, the binary
image is refined using a fast refinement algorithm to extract the skeleton as in Figure 4, as a
way to reduce the interference of the external influencing environment.

Appl. Sci. 2022, 12, x FOR PEER REVIEW 7 of 18 
 

 
Figure 3. Data preprocessing. 

Table 4. Online image preprocessing. 

Raw Data Processed Data 
X StrokeSum 
Y HangTime 

Pressure StrokeTime 
State StrokeLength 

StrokeNum Velocity 
Timestamp Acceleration 

 Pressure 

 

  

(a) Original image (b) Denoised image 

  

(c) Binarized image (d) Refined image 

Figure 4. Offline image preprocessing. 

3.3. Classification Model 
After feature selection, a variety of classification methods is used for verification. 

The training data are input into the classifier to learn the model and then the model pre-
dicts the label. Finally, the accuracy of model prediction is calculated to achieve the effect 
of signature identification. 

Figure 3. Data preprocessing.

Table 4. Online image preprocessing.

Raw Data Processed Data

X StrokeSum
Y HangTime

Pressure StrokeTime
State StrokeLength

StrokeNum Velocity
Timestamp Acceleration

Pressure



Appl. Sci. 2022, 12, 9904 7 of 17

Appl. Sci. 2022, 12, x FOR PEER REVIEW 7 of 18 
 

 
Figure 3. Data preprocessing. 

Table 4. Online image preprocessing. 

Raw Data Processed Data 
X StrokeSum 
Y HangTime 

Pressure StrokeTime 
State StrokeLength 

StrokeNum Velocity 
Timestamp Acceleration 

 Pressure 

 

  

(a) Original image (b) Denoised image 

  

(c) Binarized image (d) Refined image 

Figure 4. Offline image preprocessing. 

3.3. Classification Model 
After feature selection, a variety of classification methods is used for verification. 

The training data are input into the classifier to learn the model and then the model pre-
dicts the label. Finally, the accuracy of model prediction is calculated to achieve the effect 
of signature identification. 

Figure 4. Offline image preprocessing.

3.3. Classification Model

After feature selection, a variety of classification methods is used for verification. The
training data are input into the classifier to learn the model and then the model predicts
the label. Finally, the accuracy of model prediction is calculated to achieve the effect of
signature identification.

Machine learning is a way to realize artificial intelligence, including different kinds
of algorithms. It is a method of using data, training models and then using models to
predict. For smaller datasets, classical machine learning algorithms are usually better than
deep learning, which often require a large amount of data. The experiments are mainly
conducted using four traditional algorithms: discriminant analysis, K-nearest neighbor,
random forest and support vector machine.

Convolutional neural network (CNN) is a kind of feedforward neural network with
convolution calculation and deep structure, which has been used to varying degrees in
image processing, natural language processing, etc. [25]. The advantage is that multiple
convolutional filters are used to extract high-level information from low-level information
and the disadvantage is that encapsulation is not conducive to network performance
improvement. The model used in the experiment has 9 layers, including 4 convolution
layers, 4 maximum pooling layers and 1 fully connected layer.

Long short-term memory (LSTM) is a special recurrent neural network (RNN) model,
which solves the short-term memory problem of RNN for solving the gradient disappear-
ance and gradient explosion problems during the training of long sequences [26]. LSTM
is very suitable for dealing with problems highly related to time series, such as machine
translation, conversation generation, encoding and decoding, etc. The model used in the
experiment has 4 layers, including 1 input layer, 2 hidden layers and 1 output layer.

4. Results
4.1. Feature Extraction

Feature selection is a process of removing irrelevant features, retaining relevant fea-
tures and transforming the original data that cannot be recognized by the algorithm into
data features that can be recognized. The selection of features usually follows the principles
of representativeness, stability and comprehensibility. Too much will increase the amount
of calculation and too little will lead to a loss of information. To extract the features of
the preprocessed data, first judge the possible effective features, select the time and space
features, local and global features, construct features according to the style characteristics
of the signature and finally conduct a further screening of all features. The dynamic and
static features of feature extraction are shown in Table 5.
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Table 5. Feature extraction.

Dynamic Feature Static Feature

StrokeSum AspectRatio
AveragePressure Area

HangTime Center of Gravity
StrokeTime SpindleDirection

SpeedMax Quadrilateral defining
Signature structure

SpeedMin ChainCode

4.1.1. Dynamic Feature Extraction

When writing a signature, a series of movement tracks will be left. Each person’s
stroke characteristics, writing strength and speed will be different. Dynamic features are
obtained by further processing the information on attributes, such as speed, time and
pressure, obtained when writing online signatures. It has higher accuracy and can reflect
the writing style of the writer to a certain extent.

In the process of screening dynamic features, the obtained dynamic features are
analyzed by a thermal map. The heat map shows the color shades corresponding to
different correlation coefficients to explore the correlation between the identity of the writer
and each feature; as in Figure 5, the selected features have larger values and lighter colors,
the results indicate that the selected dynamic features are more effective.

(1) Total strokes
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Figure 5. Heat map.

As a representative of the extremely strong embodiment of writing style, the number
of strokes can show the connection of the written signature, as shown in Figure 6, which
provides favorable conditions for identification. Especially in the imitation of complex
signatures, the writing habits and psychological states of different signers will have a
certain impact on the number of strokes.

(2) Average pressure
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Figure 6. Total strokes.

Pressure is the force exerted on the paper by the individual through the nib when
writing, as in Figure 7. The behavior of writing a signature is a dynamic process. As a
continuous and hard-to-copy feature, pressure is difficult for forgers to accurately reproduce.
Although there are different degrees of pressure values in continuous strokes, considering
the number of strokes, the average pressure value of the signature is better.

(3) Total hang time
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Figure 7. Pressure value.

This refers to the total pause time between each stroke during writing, as shown in
Figure 8. Different authors have different proficiency in signature and personal writing
habits and the pause time during writing is also different.

(4) Total time
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Figure 8. Hang time.

In the case of forged signatures, the time spent writing varies from author to author,
as shown in Figure 9, which is directly related to the author’s original writing speed, the
difficulty of signing and the author’s proficiency in forging signatures.

(5) Maximum velocity
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Figure 9. Writing time.

The maximum velocity of the author’s writing is shown in Figure 10. Velocity is a
key feature that cannot be ignored when writing and it can express the natural degree and
accuracy of a signature.

(6) Minimum velocity
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Figure 10. Maximum velocity.

It shows the minimum value of the writer’s speed when writing, as in Figure 11.
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Figure 11. Minimum velocity.

4.1.2. Static Feature Extraction

Static features are the features extracted from offline signature images, which are
similar to the results of visual analysis. They mainly distinguish different writers by
analyzing the image structure, including the shape, position and writing style of the
signature. The characteristics of the combined signatures are different through the different
treatment methods of different strokes by the writers and the extracted static characteristics
have a certain relationship with the public’s cognitive judgment, which is easier for the
public to understand.

(1) Aspect ratio

It is the horizontal and vertical span of the signature image, such as Figure 12, which
reflects the habits of the writer when writing the signature, such as flat or rounded. Al-
though this is not a unique key feature, the writing characteristics reflected by the aspect
ratio are less likely to change for different writers.

(2) Area
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Figure 12. Aspect ratio. (a) A signature with a certain aspect ratio A; (b) a signature with a certain
aspect ratio B.

The area is the most basic feature to describe the size of the block pattern. The pattern
area in the image can be represented by the number of pixels in the same marked area, as
shown in Figure 13. This refers to the total number of pixels after the binarization image
and the sample area reflect the size of signatures of different people to a certain extent. It is
informative to supplement with the aspect ratio feature.

(3) Center of gravity
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The center of gravity of the signature is the center point of the weight for the whole
signature, as shown in Figure 14. The center of gravity is the foundation of writing and a
good grasp of the center of gravity will result in flatter words, which will vary from writer
to writer.

(4) Spindle direction
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Figure 14. Graphic center of gravity. (a) A signature with a center of gravity A; (b) a signature with a
center of gravity B.

Among the axes that pass through the center of gravity of the graph, the longest axis
is called the principal axis of the graph. The angle between the principal axis and the i-axis
is called the principal axis direction angle θ, as in Figure 15, which can be used to represent
the position of the signature graph.

(5) Quadrilateral defining signature structure
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Figure 15. Spindle direction. (a) Directional angle; (b) signature corresponds to spindle direction.

For the signature, which has obvious personalized features and is not easy to change,
it is possible to find some representative features that make a significant contribution to
distinguishing different signatures. The strokes, such as horizontal, vertical, apostrophe,
down, dot and hook, are all handled differently by different signers and the shape of the
structural quadrilateral formed is also completely different. According to this feature, the
general writing characteristics of the writer can be deduced. We processed the refined
sample image to find the most edge points of the image in the four directions of up, down,
left and right and connected the four edge points, in turn, to get a quadrilateral, as in
Figure 16. When reflecting personal characteristics, we extract the four internal angles of
the quadrilateral of the edge points.

(6) Chain code for signature quadrilateral
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Starting from the construction of a vertex of a quadrilateral, mark the edges in anti-
clockwise order and classify the boundary between each edge and the horizontal direction
into chain codes of 0–7 different numbers, as shown in Figure 17. The chain code is adjusted
on the basis of the direction of the meter character grid. According to the floating offset,
when people write horizontally and vertically, the original direction of the meter character
grid is expanded by 45 degrees to both sides; that is, the angle of each direction has a limit
of 45 degrees, which can well eliminate the error caused by different handwriting. The
chain code complements the internal angle feature and distinguishes signatures with the
same angle but different directions, as shown in Figure 18.
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4.2. Classification Results

To verify the feasibility of this method, experiments were conducted on a local dataset.
The extracted dynamic features are fused with static features to obtain the signature feature
set, which consists of 12 features, including 6 dynamic features and 6 static features. The
number of words contained in the signature is small and identification is difficult. The
local dataset contains the signatures of 44 writers. The experiments were conducted
with a sample of 15 writers’ signatures for two major categories of simple forgery and
skilled forgery and the samples were divided into training and test sets, according to 7:3,
which were randomly selected in the original dataset. A variety of typical methods of
machine learning was used for classification and, in addition, RNN and CNN were used
for experiments with this feature, which showed that the method of fusing dynamic and
static features was better in terms of classification accuracy. We found that any classifier
does not work well when trained and tested on dynamic features or static feature sets
alone. This is because we selected features that incorporate a representative part unique to
dynamic and static, both of which complement each other, discarding relatively redundant
parts and highlighting the uniqueness of dynamic and static features, while increasing
interpretability and making it easier for the public to understand.

For the multi-classification experiment of forged signatures, in order to verify the
effectiveness of the selected features in the multi classification, the machine learning
algorithm is used to conduct separate experiments for a different number of writers. The
results are shown in Table 6. The effect is better when the number of writers is 5 or less
and basically 100% can be classified correctly, the effect is above 90% when the number
of writers is 10 and the effect is stable at about 90% when the number of writers is 15.
Table 7 shows the experimental results of forged signature identification when the number
of writers is 15. Overall, simple forged signatures are better than skilled forged signatures
in terms of identification, which is consistent with the characteristics of forged signatures.
Among simple forgeries, complex signatures are best identified with a DA classification
accuracy of 100% and, among skilled forgeries, simple imitations are best identified with a
DA classification accuracy of 93.3%.

When deep learning is used for classification, CNN and LSTM network structures
are mainly used and attention modules are added to the network. Table 8 shows the
experimental results of forged signatures when the number of writers is 15. On the whole,
the classification results of simple forgery are better than those of skilled forgery. The
classification accuracy of complex signatures is better in simple forgery and the classification
accuracy is 96.7%. The classification of complex forgery is better in skilled forgery, the
average classification accuracy was 96.7% and the highest was 100%.
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Table 6. Result of multi-classification experiment.

Number
of Writers

Simple Forged Signature Skilled Forged Signature

Simple
Signature

General
Signature

Complex
Signature

Simple
Imitation

General
Imitation

Complex
Imitation

2 100.0 100.0 100.0 100.0 100.0 100.0
3 100.0 100.0 100.0 100.0 100.0 100.0
4 100.0 100.0 100.0 100.0 100.0 100.0
5 94.3 100.0 100.0 97.1 97.1 100.0
6 90.5 100.0 97.6 97.6 97.6 97.6
7 93.9 98.0 100.0 98.0 98.0 91.8
8 91.1 96.4 98.2 98.2 94.8 91.1
9 92.1 96.8 93.7 96.8 95.2 93.7

10 92.9 94.3 91.4 97.1 95.7 90.0
11 84.4 96.1 94.8 98.7 96.1 92.2
12 84.5 98.8 92.9 95.2 95.2 94.0
13 90.1 96.7 94.5 90.1 94.5 91.2
14 83.7 92.9 91.8 89.8 93.9 85.7
15 86.7 97.1 90.5 88.6 93.3 86.7

Table 7. Result on multiple classifiers.

Simple Forged Signature Skilled Forged Signature

Simple
Signature

General
Signature

Complex
Signature

Simple
Imitation

General
Imitation

Complex
Imitation

KNN 73.3 86.7 95.6 80.0 75.6 82.2
DA 75.6 91.1 100.0 93.3 77.8 93.3
RF 80.0 88.9 95.6 88.9 75.6 84.4

SVM 75.6 77.8 95.6 73.3 75.6 75.6

Table 8. Deep learning network classification results.

Simple Forged Signature Skilled Forged Signature

Simple
Signature

General
Signature

Complex
Signature

Simple
Imitation

General
Imitation

Complex
Imitation

CNN 90.0 90.0 96.7 96.7 83.3 93.0
CNN + Att 96.7 96.7 96.7 93.3 90.0 100.0

LSTM 95.7 96.7 96.7 90.0 90.0 96.7
LSTM + Att 95.7 96.7 96.7 93.3 80.0 96.7
CNN-LSTM 83.3 90.0 86.7 90.0 83.3 93.3

CNN-LSTM + Att 83.3 93.3 93.3 100.0 83.3 96.7

5. Discussion

In this study, the method of combining dynamic and static feature extraction is used
to achieve better results. For the whole signature, dynamic features pay more attention
to fine and clear information and use the value of each sampling point to obtain other
data, while offline images pay more attention to the overall and structural information
and use static features to complete the macro supplement. From the two dimensions, we
can integrate more comprehensive features and complement each other. In the aspect of
dynamic features, the more prominent and special features in the writing process, such
as writing speed and pressure, are selected. In the aspect of static features, the public’s
impression of the signature, such as the aspect ratio (the signature is flat or square) and the
angle of the signature quadrangle (whether the signature is inclined to the left or right as a
whole), is referred to. The features that can best represent the dynamic and static features
are screened out, which can also achieve better results and be more easily recognized by
the public.

At present, there are few studies on dynamic and static signature identification and
it is difficult to find a database for research. At the same time, we made a comparative
analysis of the results of existing studies. Zhou et al. gradually improved the accuracy



Appl. Sci. 2022, 12, 9904 16 of 17

when training with real samples of 3, 5, 8 and 10. The highest classification result was
97.83% when 10 samples were used [6]. In addition to fewer selected features, the others are
basically consistent with the design of the dichotomous experiment in this study. When the
number of writers was two, the accuracy of all tasks was 100%. When Huang et al. studied
the multi-classification recognition of electronic signatures, the multi-classification results of
the machine learning algorithm for 3000 samples from 30 authors were more than 90% [20].
In this study, when the number of writers was 15, the machine learning algorithm was
about 90%, but the effect was good and stable in the deep learning network. The selection
of features by Yelmti et al. is largely consistent with the features we used in the extraction
of dynamic features [22] and, through correlation analysis, we know that the standard
deviation and variance in velocity and other features have relatively low correlation. From
the above discussion, we can see that this study is relatively comprehensive in feature
extraction. When combining dynamic and static features, structural static features are
added. When the amount of multi-classification identification is small, it can reach 100%
and when the number of authors is 15, most of them can reach 96.7%. Under the condition
of high accuracy, it is easier to understand, but the identification of individual tasks still
needs to be improved.

The scope of application of signature verification has spread throughout people’s
daily life and it is essential for the general public to identify reasonably and effectively.
Alice J. et al., for identity recognition, relied on human facial and body expressions from
static and dynamic situations, incorporating different conditions. Experiments have shown
that a fusion of static and dynamic features, which focus on different directions, works
better and achieves perfect performance [27]. Such feature fusion is not only for identity
recognition; for example, the line interruption caused by typhoon can be predicted through
the coordination of static and dynamic data [28] and multi-scale features and hierarchical
features can be extracted for super-resolution image detection [29]. The effectiveness of
feature fusion is fully demonstrated in various fields. A better result can be achieved by
starting from multiple dimensions, looking at things in a comprehensive way, learning
from each other’s strong points to complement each other’s weak points and explaining in
simple terms.

6. Conclusions

This paper proposes a handwriting identification method that incorporates dynamic
and static features and establishes a Chinese signature forgery handwriting database.
By combining the static features of traditional paper-and-pen writing and the dynamic
features of digital writing, the feasibility of the used features for multi-classification forgery
handwriting identification is verified to some extent by experimenting and comparing
different classification number cases using multiple classifiers.

The fusion of dynamic and static features makes the handwriting identification more
interpretable and the effective features obtained are more comprehensive. It can better
identify the forged signature handwriting and obtain better accuracy. Multi-classification
experiments on forged signatures are a new way of thinking for handwriting identification.
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