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A B S T R A C T

Online signature verification (OSV) is widely used in finance, law and other fields, and is one of 
the important research projects on biological characteristics. However, its data set has a small 
scale and has high requirements for generalization of certification models. Therefore, how to 
overcome these problems is of great value to improve the practicality and security of online 
handwriting signature technology. We propose a writer-independent online handwritten signa
ture verification method, which adopts the relative position matrix method to convert the 
traditional temporal features into images for processing. This method enriched the features of the 
signatures, serving the purpose of data augmentation. Then two-dimensional multi-scale feature 
fusion based Siamese neural network (2D-MFFnet) is built for representing and learning the 
importance of each channel adaptively combined with the attention mechanism. Finally, a 
temporal convolutional network is designed to construct the classifier. The results illustrate that 
compared with traditional time series models, the algorithm has reduced the equal error rate by at 
least 2.52 % on the open datasets MCYT-100 and SVC2004 task2.

1. Introduction

As a biological behavior characteristic recognition method, handwriting signature verification is adopted to perform identification 
and authorization according to the user unique signature habits and handwriting characteristics, which ensures that only legal 
authorization users can access sensitive information or perform specific operations. According to different signature sampling tech
niques, handwritten signature verification can be categorized into offline and online methods [1]. Offline signatures only store the 
static image of the signature. In contrast, online handwritten signature verification captures dynamic behavioral features such as the x 
and y coordinates, pen-tip pressure, and changes in pen lifts and drops, offering a richer set of features and therefore obtaining higher 
security. They are widely applied in financial services, legal documents, electronic commerce, and other fields [2]. However, the 
available signature datasets in the field of online handwritten signature verification are generally small in scale, so efficiently utilizing 
the existing data to achieve higher verification accuracy is an urgent problem to be addressed.

Forgery of signatures generally includes random forgery, simple forgery, and skilled forgery [3]. Random forgery refers to the 
forger not knowing the relevant information about the true signature and substituting the forger’s signature for the true one, thus 
conducting a random forgery; simple forgery occurs when the forger is aware of the user’s real signature but signs according to their 
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own writing habits. Although the name signed is the same, there are significant differences in the signature’s form and handwriting; 
skilled forgers, through observing the dynamic information of the real signature and practicing, can imitate it with minimal differ
ences. Additionally, even when the same user is writing a signature, it can be easily affected by factors such as the writing device, the 
writing environment, and the psychological state at the time of writing, which leads to significant differences between the written 
signature and the true signature [4]. Therefore, an online handwritten signature verification system should adequately measure the 
inter-class and intra-class variability of signatures, allow the characteristics of the true signature to fluctuate within a certain range, 
while effectively distinguishing forged signatures to improve the accuracy of signature verification.

From the perspective of the verification model, handwritten signature verification models can be further divided into writer- 
dependent models and writer-independent models [5]. Writer-dependent verification techniques require training a separate model 
for each individual, which can waste a substantial amount of storage space and computational resources in practical applications. 
Writer -independent models are trained on existing training samples, and when registering new users, no additional network training is 
necessary, which makes them more valuable for applications. At the same time, the performance requirements for these writer -in
dependent models are more stringent. The models need to have stronger representational learning capabilities for ensuring their ability 
of generalizing signature outside of the training data.

Via long-term research and exploration of researchers, the field of online handwritten signature verification has achieved signif
icant development. The discrimination methods for online handwritten signatures can be divided into traditional methods and deep 
learning methods. Among traditional methods, the Dynamic Time Warping (DTW) algorithm is the most widely used. Khalil et al. [6] 
employed the DTW method for signature verification using single and multiple feature combinations. Experiments represented that 
using signature curvature changes and speed features could effectively improve the signature verification success rate. Parziale et al. 
[7] proposed a DTW algorithm based on signature stability regions (SM-DTW), which uses stroke segmentation to infer the stable 
regions of a signature, assigns greater weight to stable regions than ordinary regions, and incorporates this into the DTW computation. 
Experimental results indicate that this algorithm improved the performance of the baseline system. Liu et al. [8] used Discrete Cosine 
Transform for feature transformation, extracting more effective features to enhance signature verification accuracy. Okawa [9] utilized 
mean template methods for online signature verification and proposed a time-series averaging method, namely Euclidean 
barycenter-based DTW barycenter averaging (EB-DBA). Hefny et al. [10] used Legendre polynomials to extract online signature 
features, enabling traditional methods to achieve high accuracy without the need for extensive training data.

Traditional methods have been proven to achieve satisfactory accuracy in previous studies. However, they also have certain 
limitations, such as the tedious manual extraction of features, which requires substantial prior expert knowledge.

In recent years, with the rapid development of deep learning in the fields of machine learning and pattern recognition, methods 
based on deep learning have begun to receive widespread attention in the area of handwritten signature verification. Lai et al. [11] 
applied RNN and joint learning to online signature verification and proposed a new descriptor called Length Normalized Path 
Signature (LNPS), which was applied to online signature verification. Experiments have verified that LNPS possesses characteristics 
such as scale and rotation invariance after linear combination, representing strong application potential in online signature verifi
cation tasks. Shen et al. [12] proposed a multi-scale residual attention mechanism module based on a Siamese network for auto
matically extracting multi-scale features of signatures. They constructed an ABSoftmax classifier using an adaptive boost (AdaBoost) 
algorithm to realize an integrated decision-making process for writer-independent online signature verification, thus improving the 
accuracy of online signature verification. Xie et al. [13] converted raw time series feature data into images, added a channel weight 
learning mechanism, and proposed a Triplet Supervised Network (TSN) containing three weight-sharing convolutional neural net
works for measuring the distance between signatures. Vorugunti et al. [14] fused high-level features extracted by Convolutional 
Autoencoders with manually extracted features to form a hybrid feature set, using a Depthwise Separable Convolutional Neural 
Network (DWSCNN) for verification. Compared with traditional CNNs, DWSCNN uses fewer training samples and parameters to 
effectively learn deep representations of signatures, thus forming a lightweight OSV framework.

The attention mechanism is one of the important concepts in the field of deep learning and has shown strong potential in recent 
years. Hu et al. [15] proposed Squeeze-and-Excitation Networks (SENet), which can implicitly and adaptively predict potential key 
features and model the interdependence among feature channels. It automatically learns the importance of each channel and then 
enhances useful features and suppresses features that are not useful for the current task according to this importance. Later, Woo et al. 
[16] proposed the Convolutional Block Attention Module (CBAM), which combines channel attention and spatial attention and is 
widely used to improve the representational ability of CNNs. Wang et al. [17] proposed attention residual learning to train very deep 
residual attention networks, which can be easily extended to hundreds of layers. Cheng et al. [18] proposed a Class-specific Attention 
Encoding (CAE) module to force CNNs to explicitly encode class attention. The CAE module can be embedded into CNNs to improve 
their recognition abilities. In the field of signature verification, the attention mechanism is also widely applied [12,19–21], effectively 
improving verification accuracy.

In summary, previous work has verified the feasibility and potential of deep learning models for online handwritten signature 
verification. However, this method still faces some problems: how to ensure the model’s generalization ability with few samples, and 
how to extract more robust features and design classifiers with stronger classification performance to improve the model’s verification 
accuracy.

2. Method

The handwritten signature verification problem is a typical small-sample classification problem, requiring the model to focus more 
on the distinctive features of signatures. Inspired by image classification problems and face recognition issues in the field of computer 
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vision, we use sequence-to-image conversion technology to transform the original problem into a similarity measure learning problem 
in the field of computer vision. We propose a representation learning method based on a Siamese network that integrates multi-scale 
features of signatures and finally employs a Temporal Convolutional Network (TCN) [22] to construct the classifier, which further 
improves the accuracy of signature authentication.

2.1. Problem description

The problem of writer-independent online handwritten signature verification can be formally described as: given a set of genuine 
signatures Tt = {S0, S1, ..., Sm}and a set of skilled forged signatures Tf = {f0, f1, ..., fm}, where m represents the number of users, Si 

represents the set of genuine signatures of the i-th user, and f i represents the set of skilled forged signatures of the i-th user. For ease of 
explanation, we refer to the genuine signature set as the template set and the signatures to be verified as the test set. Using the above 
sets, we train a classifier C (template, test) that needs to output whether the input template data and test data belong to the same 
category. This problem is equivalent to the true-false discrimination of signature data. Furthermore, we hope that C has the ability to 
generalize beyond the template set and the test set.

The Siamese network [23] is one of the classic methods for solving the above type of problem. Its basic idea is to let the Siamese 
network extract features from the input template signatures and test signatures and learn their similarity, ultimately using this sim
ilarity as the basis for discrimination. We base our network design on the Siamese architecture.

Depending on the architecture of the model, it can be divided into end-to-end models or staged models. The network architecture 
proposed in this paper is a staged model because the end-to-end discrimination method only includes classification loss. Online 
handwritten signature verification datasets are scarce, and the model has a high risk of overfitting, lacking the ability to generalize 
beyond the template set. In addition, the similarity measure problem and classification problem are actually different optimization 
targets. Using only classification loss cannot enable the model to learn deeper representational information between samples, resulting 
in poor model generalization and difficulty in application.

2.2. Sequence-to-image conversion

The image features of handwritten signatures play an extremely important role in the verification task. Online handwritten 
signature verification performs discrimination by finding potential patterns in the sequence. This method ignores the image features of 
handwritten signatures, so we consider converting the original input sequence into an image, then using two-dimensional Convolu
tional Neural Networks (CNN) to extract features from the image, which not only retains the original temporal information of the 
signature, but also adds image information, making the signature features richer.

In previous work, typical methods for converting time-series data into image data include fast Fourier transform (FFT) [24], 
wavelet transform [25], etc., all of which are based on conversion methods from time domain to frequency domain. Considering our 
application context, we ultimately used the Relative Positional Matrix of time series [26] for image conversion. This method has 
several advantages:

(1) Simple calculation.
(2) The values of the matrix are calculated based on relative positions, eliminating the absoluteness of position.

The definition of Relative Position Matrix (RPM) is shown in Eq. (1). 

M=

⎛

⎜
⎜
⎝

x1 − x1 x2 − x1 ⋯ xm − x1
x1 − x2 x2 − x2 ⋯ xm − x2

⋮ ⋮ ⋱ ⋮
x1 − xm x2 − xm ⋯ xm − xm

⎞

⎟
⎟
⎠ (1) 

It is known from the definition of M that the element of the i-th row and j-th column of M represents the difference in data between 
the i-th sampling point and the j-th sampling point of the input sequence. Via the abovementioned calculations, matrix M not only 
contains information from the original sequence but also has redundant features. The redundancy can act as data augmentation, which 
would improve the model’s performance by compensating for the lack of original signature sequence features.

Afterward, M is processed with max-min normalization and multiplied by 255 to convert M into a grayscale value matrix, as shown 
in Eq. (2), to obtain the final matrix M. 

Mʹ=
M − min (M)

max(M) − min (M)
∗ 255 (2) 

We only retained the three most significant channel features in the signature sequence: namely the horizontal coordinate (X), 
vertical coordinate (Y), and pressure (P). By calculating the corresponding RPM Mʹ

x, Mʹ
y, Mʹ

p for each channel of the original sequence 
and stacking them, the target 3-channel image can be obtained. Fig. 1a-c represents the results of the RPM conversion for some samples 
(given in RGB format, where Mʹ

x, Mʹ
y, and Mʹ

p correspond to the R, G, and B channels, respectively).
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2.3. Downsampling

If the length of the original sequence is L and the number of channels is C, then the size of the converted relative positional matrix is 
L * L * C. The scale of the matrix data is quadratic to the length of the original sequence, which poses certain challenges for the storage 
and computation of the converted images. In addition, considering the redundancy of data in RPM, it is necessary to downsample the 
original time series while preserving the sample’s own features as much as possible.

We employed the Largest Triangle Three Buckets (LTTB) algorithm [27], which divides the original sequence into k segments 
according to time order, considering each data set within a segment as a bucket. After division, starting from the first point of the 
sequence, thereafter, find a representative point with the smallest Standard Error of the Estimate (SEE) in each bucket according to the 
order of the buckets, excluding the first and last points, until the last point of the time series is selected. The pseudocode of the al
gorithm is as follows:

The pseudocode for the LTTB

Input:original signature sequence: S = (X, Y, P), X = (x1, x2, …, xn), Y = (y1, y2, …, yn), P = (p1, p2, …, pn)
Output:Downsampled signature sequence: S’ = (X′, Y′, P′), X’ = (x’1, x’2, …, x’m), Y’ = (y’1, y’2, …, y’m), P’ = (p’1, p’2, …, p’m)
Algorithm: 

1.For i = 1,2,3 do: 
2. Divide the signature sequence into m buckets, with the first bucket containing only the first data point, the last bucket containing only the last data point, 
and the remaining data points evenly distributed into m-2 buckets. 
3. Select the point in the first bucket. 
4. for a in (Data points, except for the first and last bucket) do: 
5. Calculate the area of the triangle formed by a with the selected point in the previous bucket and the average point in the next bucket, sorting each point in 
the bucket. 
6. end for 
7. Select the highest ranked point in the bucket. 
8.end for 
9.Select the point in the last bucket.

We use the LTTB algorithm to downsample the signature sequence. The length is reduced from the original L to m. Let DR = L/m, 
representing the down sampling ratio. Then use the sequence-to-image conversion, and the relative positional matrix with different 
degrees of data redundancy can be obtained. By this method, the size of the matrix can be reduced by DR times, greatly reducing 
storage and computational costs. Fig. 2a represents the original signature data, and Fig. 2b represents the signature data after 
downsampling by a factor of 4.57.

The downsampled data retains the basic structure of the original signature data while also amplifying some of the non-smooth 
turning points in the original signature. We believe this is more conducive for convolutional neural networks to extract more 
discriminative texture information. Compared with downsampling methods based on smooth sampling, the data after LTTB down
sampling has stronger separability.

2.4. Encoder-classifier architecture

For our proposed model, the discrimination process is divided into encoding and discrimination stages. The learning target of the 
encoder is to encode the original features into a new feature space, so that the distance between samples of the same category in the 
new space is as small as possible, and the distance between samples of different categories in that space is as large as possible. 
Therefore, the Contrastive Loss function is used during the encoding stage.

The contrastive loss function as shown in Eq. (3). 

L(W, (Y,X1,X2))=
1
N
∑N

n+1
YD2

w + (1 − Y)max (m − Dw,0)2 (3) 

Fig. 1. RPM matrix visualization. (a–c) are the visualization results of three randomly selected samples.
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Dw(X1,X2)= ‖X1 − X2‖2 =

(
∑P

i=1

(
Xi

1 − Xi
2
)2
)1

2

(4) 

in the formula, W represents the weights of the encoder, X1 and X2 represent the two input samples to be compared, N represents the 
number of samples in a particular mini-batch, and Y represents the true label, that is, whether the two input samples belong to the same 
category. Dw is a distance metric, and we choose to measure the Euclidean distance between samples, as calculated in Eq. (4). m is a set 
threshold. When the distance between non-similar samples in the new feature space is greater than m, stop optimizing the distance 
between the input sample pairs, which reduces the difficulty of optimizing this loss.

The discrimination stage uses cross-entropy loss for optimization, aiming to discriminate whether the two encoded sequences 
belong to the same user.

The learning architecture based on the Encoder-Classifier architecture is shown in Fig. 3. We propose the Two-Dimensional Multi- 
Scale Feature Fusion Neural Network (2D-MFFnet) as an encoder. Mean-while, TCN is used as a classifier to verify the authenticity of 
signatures. Each module will be introduced in detail later.

2.5. Two-dimensional multi-scale feature fusion neural network

Our proposed Two-Dimensional Multi-Scale Feature Fusion Neural Network (2D-MFFnet) mainly consists of two types of con
volutional blocks, namely the Basic Block and the Dilation Block. In addition, it includes a Squeeze-and-Excitation (SE) module, which 
is introduced below.

2.5.1. Basic block
The Basic Block contained in our proposed encoder consists of four groups of convolutional units with different sizes, corresponding 

to different receptive fields, capable of capturing neighborhood features of different scales in the feature map. Each convolutional unit 
also includes a convolutional layer with a kernel size of 1 to unify the output channel number of the four convolutional units. In each 
unit, the convolutional layer is followed by a ReLU function max(0, x) as the activation function. Table 1 represents the corresponding 
parameters for different groups:

After the four convolutional units have processed the input feature maps, the four sets of new features obtained will be stacked. 
Then, the Channel Attention Module SE Block is used to process them, which can better focus on the importance of features at different 
scales.

2.5.2. Dilation block
To further improve the model’s ability to capture long-term relationships in sequence features, we use the Dilation Block to process 

features. In traditional time-series analysis tasks, the short-term dependence and long-term relationships of time series are of varying 
importance in different tasks. Inspired by the feature pyramid modules in computer vision, we designed a multi-scale sequence 
relationship capturing module. This module uses multiple groups of two-dimensional convolutions with varying dilation rates to 

Fig. 2. Downsampling signature comparison chart. (a) is the original signature. (b) represents the signature after downsampling.

Fig. 3. Encoder-classifier architecture.
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capture different temporal patterns from the input relative positional matrix.
It is known from the definition of the relative positional matrix that the i-th row and j-th column of the matrix represent the 

difference between the i-th sampling point and the j-th sampling point, that is, the i-th row represents the relative relationship of its 
data with any sampling point. If a convolution with a dilation rate of 0 and kernel size S, with weights W, is used to compute the 
convolution at the i-th row and j-th column of the RPM. According to the definition of the convolution operation, the value at that point 

should be 
∑

i+

⌊
S
2

⌋

i−

⌊
S
2

⌋
∑

j+

⌊
S
2

⌋

j−

⌊
S
2

⌋Wi,j ∗ Mi,j, which means that the convolution operation captures the relationship in the size S neighborhood 

of each sampling point in the original time series from the i −
⌊

S
2

⌋

sampling point to the i+
⌊

S
2

⌋

sampling point. If the dilation rate is 

increased at this point, the temporal span of the features captured can be further increased without adding model parameters.
For a convolution with a stride of 1, a dilation rate of V, and a convolution kernel size of S, using a padding rate P = V can ensure 

that the size of the feature map after convolution is consistent with the input size. This is to ensure that the feature maps generated by 
convolution kernels with different dilation rates can be directly stacked.

Finally, via stacking the local features obtained from convolution blocks with different dilation rates, and using a 1*1 convolution 
kernel to merge features with different temporal spans, the fused global features can be obtained. Fig. 4 shows the sampling process of 
dilated convolution with a dilation rate of 2.

Similarly, the Dilation Block also contains four different convolutional units, with related parameters of each convolutional kernel 
as shown in Table 2.

2.5.3. Squeeze-and-excitation
The SE channel attention mechanism [15] can adaptively increase the weights of important channels, which effectively captures 

the significant features in the data and enhances the representation capacity of the model. It consists of two parts: squeeze and 
excitation. In the squeeze stage, global average pooling is used to obtain global information from the three channels. In the excitation 
stage, fully connected layers and activation functions are used to learn the weights of the channels, thereby obtaining the importance 
weights of each channel. Finally, the learned weights are multiplied by the corresponding original channels to obtain the weighted 
feature map.

The Dilation Block mentioned above uses dilation convolutions of various scales to capture different local dependencies of 
signature features, but it is not clear at this point which scale features are more effective for the task. Therefore, the SE channel 
attention mechanism is used to adaptively learn the importance of channels corresponding to each scale, which further improves the 
encoding effect of the encoder. The Dilation Block with the SE module is shown in Fig. 5.

2.5.4. Overall network architecture
The key structures of the designed network have been explained above. Below, we introduce the overall architecture of the 2D- 

Table 1 
Basic block parameters.

Group Kernel size Padding Activation function

Group-1 3 1 ReLU
Group-2 5 2
Group-3 7 3
Group-4 11 5

Fig. 4. Dilation convolution sampling.
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RMFFnet, as shown in Fig. 6:
The network receives input images converted from sequences to images. After feature extraction, it is mapped to a feature vector in 

a new feature space through a fully connected layer. In addition, both the Basic Block and the Dilation Block in the network are 
followed by residual structures to prevent gradient vanishing and further enhance feature extraction capability.

2.6. TCN classifier

Benefiting from the translational invariance of CNN, the features encoded still retain the temporal sequence relationship of the 
original time series. Therefore, time-series-related models can be used as the final classifier in the classification phase. TCN is a deep 
learning model for processing time series data and is more suitable for time series prediction and classification tasks [22]. TCN is based 
on the idea of Convolutional Neural Networks (CNN), but compared with ordinary convolution, it can capture long-term dependencies 
in time series data. By stacking multiple convolutional layers, each layer has a receptive field that can capture longer time series 
information. In addition, TCN also uses dilated convolutions technology, which further enhances the model’s ability to model 
long-term dependencies. The TCN architecture used in the experiment is shown in Fig. 7. We used a 5-layer TCN block with the kernel 
size of 40. Relevant parameters are shown in Table 3.

2.7. MLP classifier

In classification tasks, the Multilayer Perceptron (MLP) [28] is often used as a classifier after the feature extraction phase. It is 
simple to implement and easy to converge. The parameters of the MLP are shown in Table 4. We used a three-layer MLP, with a hidden 
layer size of 256 and activated using the ReLU function.

Table 2 
Dilation block parameters.

Group Kernal size Dilation rate Padding Activation function

Group-1 3 1 1 ReLU
Group-2 2 2
Group-3 3 3
Group-4 4 4

Fig. 5. Dilation block architecture with SE modules.

Fig. 6. Encoder overall architecture.
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3. Experiment

In this section, we will further illustrate the effectiveness of the proposed method based on the datasets used, the experimental 
platform, the specific experimental parameters, and the comparative experiments. The specific configuration of our experimental 
platform is shown in Table 5:

3.1. Dataset and signature pairing

MYCT-100 [29] is a Spanish database published by the BiDA laboratory of the Autonomous University of Madrid. The database has 
signatures from 100 users, each with 25 genuine signatures and 25 skilled forged signatures. The signature collection device is a 
WACOM pen tablet, and the sampling frequency is 100 Hz. The following information was mainly collected during the signing process: 
coordinate trajectory, time, pressure value, and knob deflection angle. The ranges of the x-axis and y-axis coordinate values are 
0–12700 and 0–9700, respectively. The pressure value ranges from 0 to 1024. The range of horizontal and vertical angles is 0–3600 
and 300–900, respectively.

The SVC-2004 task2 [30] Chinese and English handwritten signature database was provided by the Hong Kong University of 

Fig. 7. TCN architecture.

Table 3 
TCN parameters.

Parameters Value

Kernal size 40
Layers 5
Dilation rate [1,2,4,8,16]
Number of channels 25
Activation function ReLU
Drop out 0.5

Table 4 
MLP experiment parameters.

Parameters Value

Number of hidden layers 2
Hidden layer size 256
Activation function ReLU
Dropout 0.5
Python Python 3.8

Table 5 
Experimental platform configuration.

Configuration Version

CPU Intel Xeon 64C
GPU RTX4090 24G
RAM 90 GB DDR4
OS Ubuntu 20.4
Python Python 3.8
Pytorch 2.0.0
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Science and Technology at the first World Signature Verification Competition held in 2004, with signatures collected using WACOM 
tablet computers. The database contains a relatively small number of signatures, with 40 users in total. Each user has 20 genuine 
signature samples and 20 skilled forgery signature samples. The signature feature information mainly includes seven time series 
features: coordinate trajectory, pressure, time, pen horizontal and vertical declination angles, and pen lifting and lowering marks.

In the MCYT-100 dataset, the signatures of the first 80 users were used to train the model, and the signatures of the remaining 20 
users were used for testing. In the SVC-2004 task2 dataset, the signatures of the first 30 users were used as the training set, and the 
signatures of the remaining 10 users were used as the test set.

To facilitate the network’s learning of signature similarity, we need to construct signature sample pairs. Taking the MCYT-100 
dataset as an example, the training set has signatures from 80 users, making each user’s genuine signatures paired with genuine 
signatures, resulting in 80 ∗ C2

25 = 24000 genuine-genuine sample pairs; each user’s genuine signatures paired with forged signatures 
result in 80 ∗ 25 ∗ 25 = 50000 genuine-forged signature sample pairs. To ensure data fairness, this experiment randomly discarded 
excess genuine-forged signature pairs to balance the number of positive and negative samples. The paired quantities afterward are 
shown in Table 6:

3.2. Preprocessing

In the experiments, we found that the original multi-channel sequence features contained a lot of redundancy, so we only retained 
the three most significant channel features in the signature sequence, namely the horizontal coordinate, vertical coordinate, and 
pressure. To eliminate noise in the time series, five point cubic smoothing filter [31] was used to smooth the online handwritten 
signature data. For the signature sequence feature S = {S1, S2, …, Sn}, where Si = {X, Y, P} and i = 1, 2, …, n, with n representing the 
number of sampling points in the signature, X representing the horizontal coordinate of the signature, Y representing the vertical 
coordinate, and P representing the pressure during writing. The smoothing method is as presented in Eqs. (5)–(9). 

Sʹ(1)= (69 ⋅ S(1)+4 ⋅ S(2) − 6 ⋅ S(3)+4 ⋅ S(4) − S(5))/70 (5) 

Sʹ(2)= (2 ⋅ S(1)+27 ⋅ S(2)+ 12 ⋅ S(3) − 8 ⋅ S(4)+ 2 ⋅ S(5))/35 (6) 

Sʹ(i)= ( − 3 ⋅ S(i − 2)+12 ⋅ S(i − 1)+ 17 ⋅ S(i)+ 12 ⋅ S(i+1) − 3 ⋅ S(i+2))/35 (7) 

Sʹ(i − 1)= (2 ⋅ S(i − 4)+8 ⋅ S(i − 3)+ 10 ⋅ S(i − 2)+27 ⋅ S(i − 1)+ 2 ⋅ S(i))/35 (8) 

Sʹ(i − 2)= ( − S(i − 4)+4 ⋅ S(i − 3) − 6 ⋅ S(i − 2)+4 ⋅ S(i − 1)+69 ⋅ S(i))/70 (9) 

Sʹ
i represents the signature sequence after smoothing. Subsequently, through normalization operation, as shown in Eq. (10). It is 

scaled to the range [0, 1] to eliminate the differences in dimensions between features. 

Sʹ́
i =

Sʹ
i − Sʹ

min
Sḿax − Sʹ

min
(10) 

Where Śmin is the minimum value in the feature sequence and Sḿax is the maximum value in the feature sequence. For subsequent 
processing, it is necessary to ensure the equal length of the signature sequences. According to statistics, the length of most samples is 
less than 1400, so the signature sequence length is unified to 1400. For samples shorter than 1400, padding with zeros was used, and 
samples longer than 1400 were truncated.

3.3. Evaluation metrics

To evaluate the performance of the model, we utilize Accuracy (ACC) (Eq. (11)), False Accept Rate (FAR) (Eq. (12)), False Reject 
Rate (FRR) (Eq. (13)), and Equal Error Rate (EER) (Eq. (14)) to assess the proposed model. 

Acc=
TP + TN

TP + TN + FP + FN
(11) 

FAR=
FP

TN + FP
(12) 

Table 6 
Number of pairs.

Dataset Training set Testing set

G-G G-F G-G G-F

MCYT-100 24000 24000 6000 6000
SVC-2004 task2 5700 5700 1900 1900

G represents genuine signatures; F represents forged signatures.

F. Luan et al.                                                                                                                                                                                                           Heliyon 10 (2024) e37655 

9 



FRR=
FN

TP + FN
(13) 

EER= FART = FRRT (14) 

where TP represents the number of genuine signatures correctly recognized by the model, TN represents the number of forged sig
natures correctly recognized, FP represents the number of genuine signatures misidentified as forged, FN represents the number of 
forged signatures misidentified as genuine, and T represents the threshold when the FAR equals the FRR.

3.4. Experimental parameters

We trained the 2D-MFFnet with the relevant parameters as shown in Table 7:

3.5. Experimental results

3.5.1. Comparison with typical convolutional networks
To intuitively compare the effectiveness of our proposed model, we selected the classic convolutional neural networks VGG-11 and 

ResNet-18 as encoders. At the same time, we implemented two classifiers: MLP and TCN. Subsequently, we combined the encoder and 
classifier for training. The results of the experiments are shown in Tables 8 and 9. On the MCYT-100 dataset, the 2D-MFFnet + TCN 
method achieved an accuracy of 93.74 %, an EER of 6.45 %, a FAR of 6.48 %, and an FRR of 6.03 %. On the SVC-2004 task2 dataset, the 
accuracy was 89.55 %, the EER was 10.57 %, the FAR was 11.21 %, and the FRR was 9.68 %. The results demonstrate that the 2D- 
MFFnet + TCN proposed in this paper outperforms other convolutional neural networks in terms of discrimination accuracy (ACC) and 
equal error rate (EER) on all datasets, which confirm the effectiveness of the proposed model. In addition, the TCN classifier achieved 
certain advantages in terms of accuracy and equal error rate.

3.5.2. Comparison with time series model
We employed popular time series models as encoders, including the Transformer, LSTM, and our proposed 1D-MFFnet, to encode 

the original time series data that had not undergone sequence-to-image transformation. Subsequently, we used MLP and a TCN as 
classifiers to discriminate the authenticity of the samples and tested their performances. The structure of 1D-MFFnet is similar to 2D- 
MFFnet, with all 2D convolutions in 2D-MFFnet replaced with 1D convolutions. The results are shown in Tables 10 and 11. In the 
MCYT-100 dataset, 1D-MFFnet + TCN achieved an EER of 7.76 %, which is the best result compared with other time series models. On 
the SVC-2004 task2 dataset, 1D-MFFnet + TCN achieved an EER of 14.68 %, which is the best result. It is evident that our proposed 1D- 
MFFnet still achieves competitive results compared with Transformer and LSTM.

From the results in Tables 10 and 11, it can be observed that LSTM + TCN achieved an accuracy of 90.2 % when dealing with the 
MCYT-100 dataset. However, it only achieved an accuracy of 79.97 % on the SVC2004 task2 dataset, which is unsatisfactory. This is 
because LSTM is more suitable for larger data scales. SVC-2004 task2 contains fewer signature data, and using LSTM poses a serious 
overfitting problem, which lead to poor results. However, the proposed model still has good verification performance when dealing 
with small databases, further confirming the effectiveness of the proposed model.

The experiments in this section, compared with the convolutional methods in the previous section (Tables 8 and 9), represent that 
the methods that underwent sequence-to-image transformation overall outperform the traditional time series methods in all metrics, 
which indicates that the image representation method effectively improves the signature verification accuracy.

3.5.3. Ablation experiments
To verify the effectiveness of the encoder-classifier architecture, we tested the various indicators of the end-to-end 2D-MFFnet 

model, as shown in Table 12. The end-to-end model of 2D-MFFnet had an EER of 10.07 % and an accuracy of 90.00 % on the 
MCYT-100 dataset, and an EER of 15.53 % and an accuracy of 84.55 % on the SVC-2004 task2 dataset. Compared with the end-to-end 
method of 2D-RMFFnet, the 2D-MFFnet + TCN method reduced the equal error rates by 3.48 % and 4.11 % on the two datasets, 
respectively. And the accuracy rates were increased by 3.05 % and 5.00 %, respectively. The results represent that the staged training 
can better learn signature feature representation and improve discrimination accuracy.

Considering that the importance of input channel features and channel features at different scales varies, SENet can enhance the 
weight of important feature information among different channels. There-fore, the SE structure is introduced into the 2D-MFFnet to 

Table 7 
2D-MFFnet parameters.

Parameters Value

Optimizer Adam
Learning rate (lr) 0.001
Batch size 32
Weight decay 10− 9

Dropout 0.5
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further improve the model’s representation learning ability. Table 13 shows the experimental results of 2D-MFFnet without the SE 
structure. The classifiers used were TCN and MLP. The results show that the performance of 2D-MFFnet with the SE structure is 
significantly improved on the MCYT-100 dataset, with the EER reduced by approximately 5 %. On the SVC-2004 task2 dataset, the EER 
decreased by about 2 %. This validates the effectiveness of the SE module.

3.5.4. Robustness evaluation of the proposed model
Considering that different signature samples may impact model performance, we used five-fold cross-validation to evaluate the 

robustness of the 2D-MFFNet + TCN model. For the MCYT dataset, the data was divided into groups of 20 users each (total of 5 groups). 
For the SVC dataset, which includes 40 users, we split the dataset into 5 groups based on users (8 users per group). During the ex
periments, each group of users was used as the test set in turn, with the remaining groups serving as the training set. The experimental 
results are shown in Fig. 8a-d. Differences in validation results can be observed, which are due to some users having challenging 

Table 8 
Comparison results with other convolutional networks on the MCYT-100 dataset.

Encoder Classifier ACC (%) FAR (%) FFR (%) EER (%)

ResNet-18 MLP 88.95 8.01 14.38 9.92
TCN 89.83 13.11 7.22 9.92

VGG-11 MLP 90.30 7.35 11.95 8.77
TCN 91.27 11.71 5.74 8.61

2D-MFFnet MLP 92.87 6.96 7.28 7.16
TCN 93.74 6.48 6.03 6.45

Table 9 
Comparison results with other convolutional networks on the SVC-2004 task2 dataset.

Encoder Classifier ACC (%) FAR (%) FFR (%) EER (%)

ResNet-18 MLP 86.47 15.00 12.05 13.47
TCN 87.15 20.58 5.11 11.26

VGG-11 MLP 88.86 14.47 7.78 11.21
TCN 87.92 21.47 3.26 12.84

2D-MFFnet MLP 87.47 18.78 6.26 10.68
TCN 89.55 11.21 9.68 10.57

Table 10 
Comparison with time series model on MCYT-100 dataset.

Encoder Classifier ACC (%) FAR (%) FFR (%) EER (%)

Transformer MLP 89.78 9.32 11.12 9.84
TCN 90.00 11.64 8.29 10.19

LSTM MLP 89.84 8.96 11.31 10.35
TCN 90.2 14.76 4.92 9.11

1D-MFFnet MLP 91.98 8.00 8.04 8.04
TCN 90.16 17.53 2.16 7.76

Table 11 
Comparison with time series model on SVC-2004 task2 dataset.

Encoder Classifier ACC (%) FAR (%) FFR (%) EER (%)

Transformer MLP 83.84 27.94 4.37 14.21
TCN 84.34 26.42 4.89 14.89

LSTM MLP 80.84 25.63 12.68 19.05
TCN 79.97 27.68 12.37 19.05

1D-MFFnet MLP 85.37 25.00 4.26 14.89
TCN 84.61 27.89 2.89 14.68

Table 12 
End-to-end experimental results.

Method Dataset ACC (%) FAR (%) FFR (%) EER (%)

2D-MFFnet MCYT-100 90.00 13.79 6.29 10.07
SVC-2004 task2 84.55 21.05 9.84 15.53
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samples (low distinguishability between genuine and forged signatures). The significant differences among different user groups in 
different datasets cause some fluctuations in the model’s performance. Overall, our proposed model still demonstrates robustness.

3.5.5. Comparison of performance with other methods
In this part, we compare with other representative methods. Tables 14 and 15 respectively present the comparison results of ACC 

and EER on the MCYT-100 and SVC-2004 task2 datasets. Documents [12,32–35] are deep learning methods, and documents [36,37] 
use traditional methods based on DTW and machine learning. Among them, the document [37] uses a 5V1 verification method, which 
involves five reference signatures. In contrast, our method used a 1V1 verification method (with one reference sample), making our 
verification task more challenging. The results demonstrate the superior performance of our proposed 2D-MFFnet + TCN method.

We then calculated the parameter quantity and computational complexity of the proposed model. For traditional methods such as 

Table 13 
Experimental results of 2D-MFFnet without SENet.

Method Dataset ACC (%) FAR (%) FFR (%) EER (%)

2D-MFFnet* + TCN MCYT-100 87.30 12.73 12.61 12.73
SVC-2004 task2 84.05 15.58 16.32 16.16

2D-MFFnet* + MLP MCYT-100 88.12 11.96 11.81 11.92
SVC-2004 task2 88.31 11.32 12.11 12.00

‘2D-MFFnet*’ indicates 2D-MFFnet without SENet.

Fig. 8. The five-fold cross-validation results of 2D-FMMnet + TCN.

Table 14 
Comparison with other methods on MCYT-100 dataset.

Method ACC (%) EER (%)

Siamese Neural Network [12] 93.53 6.57
Semantic-driven [32] – 8.79
OSVNet [33] 92.85 –
A stroke-based RNN [35] – 10.46
Stroke-Wise Distortion [36] – 13.72
2D-MFFnet + TCN 93.74 6.45

‘-’ indicates that the paper does not present relevant results.
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DTW [36], the time complexity is determined by the template signature length M and the length of the signature to be verified T. For 
deep learning models, we measure the computational complexity in terms of GFLOPs, as shown in Table 16. Since the proposed model 
processes image data, its computational complexity and parameter quantity are significantly higher than those of previous sequential 
models, which is in line with reality. Additionally, our proposed model requires approximately 1720 s for training and 30.3 s for 
testing, demonstrating high usability.

3.6. Dataset mixing

In the previous experiments, we have demonstrated the performance of the proposed model on a single dataset. However, whether 
the model can maintain its accuracy and robustness on a large dataset composed of multiple languages and different collection devices 
is also an interesting question. Therefore, we conducted more experiments following this line of thought.

We combined the MCYT-100 dataset (Spanish) and the MOBISIG dataset (Hungarian) [38] to create a new dataset, bringing the 
total number of users to 183 (with 100 from MCYT-100 and 83 from MOBISIG). Unlike other datasets, the MOBISIG database consists 
of signatures written with a finger on a tablet and received by an Android APP. We randomly discarded the excess genuine signatures 
from MOBISIG so that the processed dataset contains 20 genuine signatures and 20 forged signatures per user.

We mixed the MCYT-100 and MOBISIG datasets as follows: both datasets were divided into five parts by user (MCYT-100 with 20 
users per part and MOBISIG with 16 users per part). During each training session, the training-testing split was applied in the same way 
for both datasets. For instance, in the first training session, the signatures of users 1–20 from MCYT-100 were used as the test set, and 
those of users 21–100 were used as the training set. Similarly, the signatures of users 1–16 from MOBISIG were used as the test set, and 
those of users 17–83 were used as the training set. The results after five-fold cross validation following the aforementioned method are 
shown in Fig. 9. The EER (Fig. 9a) is 13.6 ± 0.45, and the ACC (Fig. 9b) is 85.9 ± 1.

The MOBISIG dataset is more challenging to distinguish. As shown in Table 17, our proposed method achieved an EER of 14.7 ± 0.5 
on this dataset, which is about 1 % lower than the EER of other methods. Overall, the model’s performance showed a certain degree of 
decline when using the mixed dataset. Considering the differences in language and data distribution between MCYT-100 and MOBISIG, 
we believe that this level of decline is within an acceptable range, demonstrating that our proposed model is robust to signature 
language and signature devices. This also explains why recognizing mixed language datasets (such as the SVC dataset) is more 
challenging. Furthermore, we believe that one of the challenges of writer-independent online handwritten signature verification is 
overcoming data distribution inconsistencies to improve the overall performance of the model. This will be an important research 
direction in the future.

4. Conclusion and implications

We propose a writer-independent online handwritten signature verification network, where the verification process is divided into 
two parts: feature encoding and authenticity discrimination. The feature encoding stage focuses on learning a highly discriminative 
representation of the signature, where the Siamese network serves as the backbone, using dilated convolutions and residual network 
learning for multi-scale features of signatures. Channel attention mechanisms are introduced to help the network learn the importance 
between different channels and scales, thus improving the network’s representation learning capability. Afterward, a temporal 
convolution classifier was constructed to verify the authenticity of the signature. Our focus is on the image representation of the 

Table 15 
Comparison with other methods on SVC-2004 task2 dataset.

Method ACC (%) EER (%)

Siamese Neural Network [12] 88.23 11.74
OSVNet [33] 68.21 –
Signature2Vec [34] 86.00 –
DTW + SVM(5V1) [37] 88.59 –
Stroke-Wise Distortion [36] – 18.63
2D-MFFnet + TCN 89.55 10.57

‘-’ indicates that the paper does not present relevant results.

Table 16 
Computational cost of each method.

Method Computational complexity Parameter quantity

Ours 76.52 GFLops 45.56M
Siamese Neural Network [12] – 7.44M
TriAlexNet_CWL [13] 9.95 GFLops 47.49 M
Semantic-driven [32] 1.19 GFLops –
Stroke-Wise Distortion [36] O(MN) –
Target-Wise Distortion [36] O(MN) –

“-” indicates that the paper does not provide relevant results or the metric is not applicable.
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signature. The down sampled signature sequence is converted into an image using the relative position matrix method to obtain richer 
features. In subsequent experiments, we compared several of the most popular time series models to demonstrate that image models 
that incorporate timing features have better verification capabilities.

In addition, the writer-independent method effectively alleviates the problem of insufficient signature samples in practical ap
plications. A single template signature can be sufficient to determine the authenticity of a signature, which is more conducive to 
practical applications and deployment. However, compared with writer-dependent methods, writer-independent methods have lower 
accuracy, hence further research is needed to enhance the verification accuracy. To address the issue of inconsistent signature data 
distribution, the approach of transfer learning can be utilized. Other studies have already illustrated the effectiveness of this method, 
and we will also attempt to use this approach to further improve the validation accuracy in subsequent research.
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