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Abstract. Feature learning is one of the most crucial steps in offline
signature verification systems. In this paper, to improve the performance
of deep learning-based features for the offline signature verification task,
we propose a novel framework to learn the new representations from two
views of deep features by Canonical Correlation Analysis-based (CCA-
based) multi-view representation learning approaches. Specifically, the
features from one view can be extracted from deep learning-based feature
extractors and the other view can be generated from the extracted view
by adding the noise to another homologous sample. Then, the different
CCA-based multi-view representation learning methods are evaluated
on these two-view deep features to generate the joint features as the
final features for the next verification step. Extensive experiments and
discussions on three benchmark offline handwritten signature datasets
demonstrate that the proposed framework improves the deep learning-
based features and achieves the state-of-the-art results compared with
other verification systems.

Keywords: Offline signature verification · Feature learning ·
Multi-view representation learning · Deep learning · Canonical
correlation analysis

1 Introduction

The handwritten signature verification system is a typical human-computer
interface system which automatically verifies whether a query signature is gen-
uine or forged. Generally, according to the collection process, the signature verifi-
cation systems are divided into two types: online and offline. The online systems
collect the signatures as a series of dynamic sequences which include the speed,
the pressure coordinate sequence, the pen-ups trajectory, etc. Different from the
online verification systems, the offline verification systems collect the signatures
as static digit images. Since the dynamic information can not be accessed dur-
ing the training process and the skilled forgeries are very similar to the genuine
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signatures (the imitators can access the genuine signatures and imitate many
times), the offline signature verification task is relatively challenging compared
with the online signature verification task. Therefore, discriminating the genuine
signatures and skilled forgeries is a crucial task in verification systems.

The verification task is often composed of preprocessing, feature extraction,
and building Writer-Dependent (WD) or Writer-Independent (WI) classifiers [7].
Among them, feature extraction is one of the most crucial processes and deter-
mines the success or failure of the whole task. The handcrafted and deep learning-
based features are typically applied to various verification systems. Comparing
with traditionally handcrafted features, such as Local Binary Pattern (LBP) [8],
Histogram of Oriented Gradient (HOG) [38], and Scale Invariant Feature Trans-
form (SIFT) [28], deep learning-based features [9,12,35] are more popular in
recent years.

The deep learning-based feature extractors often train the deep neural net-
works (DNNs) with different strategies to capture the discriminative information
between different signatures. However, to achieve good performances, a large-
scale training set is needed, which makes it hard to transfer to different datasets
and implement in real-world applications. In addition, the problem of signature
diversity that only several signatures could be accessed from the target signer
also limits the learning ability of deep learning-based feature extractors.

To improve the learning ability of deep learning-based features for the offline
signature verification task, in this paper, we propose a novel CCA-based multi-
view representation learning framework which generates a new joint feature from
different views of deep features. Detailedly, for the feature extraction process,
we extract one view of deep features from a fully connected layer in a convo-
lutional neural network (CNN). Then, the features from another view could be
generated by adding random noise to another sample from the same class. Based
on these two-view features, we evaluate several CCA-based multi-view represen-
tation learning approaches and generate the final learned features from one of
them. After the feature learning process, we train the Support Vector Machine
(SVM) as the WD classifiers for each user to build the completed verification
system. The main contributions of this paper are listed as follows.

– We propose a novel framework to apply and explore the learning ability of
multi-view representation learning approaches for the offline signature verifi-
cation task.

– The different CCA-based multi-view representation learning approaches are
evaluated and discussed on deep learning-based features, which improves the
learning ability of deep features and demonstrates a novel view for the feature
extraction process.

– Extensive experimental results and evaluations on three benchmark offline
handwritten signature datasets demonstrate that the proposed framework
achieves the state-of-the-art performance in most cases.

The rest of the paper is organized as follows. We review related work of tradi-
tional and deep learning-based feature extractors in offline signature verification
systems and multi-view representation learning approaches in Sect. 2. In Sect. 3,
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the proposed framework is described in detail. Experimental results performed
on three benchmark datasets are presented in Sect. 4. Section 5 concludes this
paper with remarks and future work.

2 Related Work

2.1 Feature Extraction in Offline Signature Verification Systems

To capture the discriminative information between different signatures, many
traditionally handcrafted [16,17,40] and deep learning-based [9,12,35] feature
extractors are proposed in recent years. For traditionally handcrafted feature
extractors, they aim to design different descriptors to capture the local or global
information of signatures. In [16], it extracted parametric LBP features from
the signatures, and then applied fusion using CCA to improve the discrimina-
tive features. In [17], two global (the number of connected components and the
number of active pixels) and eight local (coordinates of effective mass, number
of active pixels, isolated points, etc.) features were extracted from each signa-
ture, and then they were concatenated to create a final feature vector for feature
learning. More recently, Zhou et al. extracted Gray-Level Co-Occurrence Matrix
(GLCM) and HOG features from the static signature images and then fused
them with dynamic information from online data to build the feature extrac-
tion procedure [40]. Although the handcrafted feature extractors achieve good
performance in many scenarios, they are hard to capture the micro differences
between the genuine signatures and their corresponding skilled forgeries.

Since the deep learning-based approaches have obtained excellent achieve-
ment in various areas, such as edge computing [4,21], Internet of Things
(IoT) [25,36], document recognition and analysis [5,23], etc. [2,20], the deep
learning-based feature extractors are more and more popular in modern sig-
nature verification systems [12,26,35]. In [12], a CNN-based architecture was
applied to capture the difference not only between different signers but also
between genuine signatures and skilled forgeries. In [26], Masoudnia et al. pro-
posed Multi-Loss Snapshot Ensemble (MLSE) that combines a dynamic multi-
loss function and a novel ensemble framework for simultaneously learning the
features between different signatures. Similarly, Wan and Zou [35] used a dual
triplet loss to train the model for feature learning, where two different triplets
are constructed for random and skilled forgeries, respectively. On the whole, the
deep learning-based feature extractors are designed to capture the discrimina-
tive information between genuine signatures and forgeries. However, only several
signatures could access from the target signer, which limits the learning ability
and makes it hard to train.

2.2 Multi-view Representation Learning

Multi-view representation learning is an emerging research area in machine learn-
ing which aims to learn a projection to model each view and jointly optimizes
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all the functions to improve the generalization performance [39]. In recent year,
many multi-view learning approaches are proposed to handle different applica-
tions [1,22,29]. In [29], Nie et al. proposed a novel multi-view learning model
which learns local structure and performs clustering or semi-supervised classifi-
cation tasks simultaneously. In [22], the Gaussian Process Latent Variable Model
(GPVLM) was applied to represent multiple views in a common subspace for
visual classification. In [1], Deep Canonical Correlation Analysis (DCCA) was
proposed to learn complex nonlinear transformations of two views of data. Unlike
Kernel Canonical Correlation Analysis (KCCA) [27], DCCA does not require to
compute inner product of original representations, which is more efficient than
KCCA.

To improve the learning ability of deep learning-based feature extractors in
offline signature verification systems, applying multi-view representation learn-
ing to automatically learn a new representation from multiple views of signatures
is very natural. To the best of our knowledge, only several studies like [16,19]
used CCA to learn the new representation from the views of traditionally hand-
crafted and dynamic features. It is better to use the multiple views of deep
learning-based features to further improve the performance of offline signature
verification systems.

3 Multi-view Representation Learning for Offline
Signature Verification Systems

In this section, we first introduce how to generate the second view from the
original view of deep features. Then, we introduce several CCA-based multi-view
representation learning approaches. Finally, we introduce how to train SVMs as
the WD classifiers for building the completed verification system.

3.1 Generating the Second View from Deep Features

After feature extraction, we obtain the deep features from a fully connected layer
in a deep CNN and take them as the first view for multi-view representation
learning. Based on the deep features, we first rescale the feature values to [0, 1]
by Min-Max normalization. The rescaled element can be described as,

X∗
ij =

Xij − min {Xij}
max {Xij} − min {Xij} . (1)

For each feature from the first view, we randomly select a feature from the same
class with the feature of the first view in the same specific signer and rescale
the feature to [0, 1]. Then, we add the independently random noise uniformly
sampled from [0, 1] to each value of a feature. Finally, we also rescale the values
to [0, 1] by Min-Max normalization and take the final features as the second view
features. For a robust multi-view representation learning method, it should learn
an effective representation from two views of features by ignoring the noise. The
next section will introduce several CCA-based multi-view representation learning
approaches for further learning the features for the verification system.
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Fig. 1. The proposed framework for offline signature verification.

3.2 CCA-based Multi-view Representation Learning Approaches

In this part, we introduce three CCA-based representation learning approaches,
CCA, KCCA, and DCCA which are used in our experiments. Canonical Corre-
lation Analysis (CCA) [15] analyzes the linear relationship between the charac-
teristics of two views. Let A = {a1, ...,an} and B = {b1, ...,bn} denote the data
from two views, U = {u1, ...,ud} and V = {v1, ...,vd} denote the CCA directions
that project the data from two views, the objective function can be described as,

max
ui,vi

u�
i AB�vi

s.t. u�
i (

1
N

AA� + raI)ui = 1,

v�
i (

1
N

BB� + rbI)vi = 1,

u�
i AB�vj = 0, i �= j,

(2)

where, ra, rb > 0 are regularization parameters which are used to handle the
overfitting problem. This objective function can be solved by several approaches,
such as Singular Value Decomposition (SVD). CCA tries to find linear projec-
tions of two random vectors that are maximally correlated. In CCA, the final
projection mapping of a test sample xtest is U�xtest. The learned dimensions in
each view should be uncorrelated and provide different information from their
own perspectives.

Kernel CCA (KCCA) [14] is an extension of CCA, which tries to find non-
linear projection mappings from two views of data. The objective function of
KCCA is “max u�

i Φ(A)Φ(B)�vi”, where, Φ(A) and Φ(B) are the projections
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of two views of data in a kernel space. We replace Φ(a) = α�
i κa(a, ·), where

κa(a, ·) is a vector whose i-th element is κa(a,ai). Then, the objective function
can be replaced as,

max
αi,βi

α�
i KaKbβi

s.t. α�
i K2

aαi + raα
�
i Kaαi = 1,

β�
i K2

bβi + rbβ
�
i Kbβi = 1,

α�
i KaKbβj = 0, i �= j,

(3)

where, Ka ∈ R
n×n, Ka = K − K1 − 1K + 1K1, and Kij = κa(ai,aj). For

regularization, the K2
a is replaced by K2

a+raKa here. The size of kernel matrices
is n × n. If n is very large, this problem is hard to solve and time consuming,
which is not friendly for large-scale applications.

Deep Canonical Correlation Analysis (DCCA) [1]. Different from KCCA,
DCCA learns the nonlinear representation of two views of data by building two
DNNs. The features extracted from two DNNs from two views are f(A) and
g(B). Then, the canonical correlation between the two views of deep features is
maximized,

max
ui,vi,Θf ,Θg

u�
i f(A)g(B)�vi

s.t. u�
i (

1
N

f(A)f(A)� + raI)ui = 1,

v�
i (

1
N

g(B)g(B)� + rbI)vi = 1,

u�
i f(A)g(B)�vj = 0, i �= j,

(4)

where, Θf and Θg are the weight parameters of two DNNs. The parameters of
CCA and DNNs can be optimized by Limited-memory Broyden Fletcher Gold-
farb Shanno (L-BFGS) [24] method with large mini-batches. Then, the final
features for a test sample xtest can be represented as U�f(xtest). In addition,
DCCA does not need to compute the inner product between two samples to
obtain the nonlinear representation. However, designing suitable architectures
for two DNNs is very important and decides the learning performance of DCCA.

3.3 Training the Writer-Dependent Classifiers

After feature extraction and multi-view feature learning processes, the final fea-
tures are learned from two views of deep features. Then, we choose SVMs as the
WD classifiers for building the completed verification system. For each signer, we
take the genuine signatures from a target signer as the positive samples, and the
genuine signatures from other signers as the negative samples since the skilled
forgeries can not be accessed during the training process. In this scenario, the
negative samples are much more than the positive samples. To solve the imbal-
ance problem in a fair way, the different weights C to balance the relationship
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between the positive and negative classes,

CN =
N

P
Cp, (5)

where, N and P represent the numbers of negative and positive samples. Then,
the objective function of SVM is described as,

min
w,ξ

1
2
w�w+CP

⎛
⎝ ∑

i:yi=+1

ξi

⎞
⎠ + CN

⎛
⎝ ∑

i:yi=−1

ξi

⎞
⎠ ,

s.t. yi
(
w�xi + b

) ≥ 1 − ξi, ξi ≥ 0,

(6)

where, xi is a training sample with target label yi, and ξi is the slack variables.
The whole framework is illustrated in Fig. 1. First, we apply a CNN-based

feature extractor to extract the features for different signatures. Then, based on
one view of features from a signature, we generate the second view of features
from another homologous sample. Next, the multi-view representation learning
approaches are used to further generate the final features for the verification
process. Finally, the SVMs are trained for each user as the WD classifiers for
building the completed verification system.

4 Experiment

In this section, we first introduce the datasets used in the experiments. Then,
we introduce the experimental settings in detail. Finally, We demonstrate the
experimental results and discussion.

4.1 Dataset

We conduct the experiments by extracting the deep features from two CNN-
based architectures, named ‘SigNet’ and ‘SigNet-F’ [12], on GPDS-960 [34],
CEDAR [18], and Brazilian PUC-PR [6] datasets. The SigNet aims to capture
the differences only between different users. The SigNet-F aims to capture the
differences not only between different users but also between genuine signatures
and skilled forgeries. The SigNet and SigNet-F are trained on the development
set (signatures of the final 531 users) of the GPDS-960 dataset.

For the GPDS-960 dataset, it contains 881 users. Each user has 24 genuine
signatures and 30 skilled forged signatures, with a total of 47,574 signatures.
GPDS-160 and GPDS-300 datasets are the subsets of the GPDS-960 dataset.
They contain the signatures of the first 160 and 300 users of the GPDS-960
dataset. For the CEDAR dataset, it contains 55 users and each user has 24
genuine signatures and 24 forged signatures, with a total of 2,640 signatures.
The Brazilian PUC-PR dataset contains 168 users. For the first 60 users, each
user has 40 genuine signatures, 10 simple forged signatures, and 10 skilled forged
signatures. For the last 108 users, each user only has 40 genuine signatures and
with a total of 7,920 signatures.
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4.2 Experimental Settings

For the feature extraction, we extract features from the output of the second fully
connected layer from SigNet and SignNet-F. The dimension size of extracted
features is 2,048. After the feature extraction, we generate the second view of
extracted features and apply the CCA-based multi-view representation learning
approaches for feature learning. For KCCA, we use Radial Basis Function (RBF)
as the kernel function, and set γ = 0.001. Since the KCCA is hard to train when
the number of training samples is too large, we use 50% samples for each user
to build the training set in our experiments to reduce the memory requirement.
For DCCA, we use two DNN networks with the same structure of 2048−1024−
2048 − 4096 − 2048. The epoch is set to 10, batch size = 2000 (because the
training process needs a relatively big batch size for observing the behavior on
different views of signatures), and learning rate = 0.001.

After feature extraction and feature learning processes, we train SVMs as
the WD classifiers for establishing a completed signature verification system.
We follow the data partition scheme in [12] to build the training set. For the
GPDS-160 dataset, we randomly select n ∈ {1, ..., 14} genuine signatures from
the target user as the positive samples, and 10 genuine signatures of each user
from the last 721 users in the GPDS-960 dataset as the negative samples. For the
GPDS-300 dataset, we also randomly select n ∈ {1, ..., 14} genuine signatures
from the target user as the positive samples, and 10 genuine signatures of each
user from the last 581 users in the GPDS-960 dataset as the negative samples. For
the CEDAR dataset, we randomly select n ∈ {1, ..., 12} genuine signatures from
the target user as the positive samples, and 10 genuine signatures of each user
from the remaining 54 users. For the Brazilian PUC-PR dataset, we randomly
select n ∈ {1, ..., 30}) genuine signatures from the target user in the first 60 users
as the positive samples, and 10 genuine signatures of each user from the last 108
users as the negative samples. For parameters in linear SVM, the CN is set to 1
and CP is calculated by Eq. 5.

For the test process, we randomly select 10 genuine signatures and 10 skilled
forgeries from the target user, 10 genuine signatures from the development set
as random forgeries for each user on GPDS-160 and GPDS-300 datasets. For
the CEDAR dataset, we randomly select 10 genuine signatures and 10 skilled
forgeries for each user as the test set. For the Brazilian PUC-PR dataset, we
randomly select 10 genuine signatures, 10 skilled forgeries from the target user,
and 10 genuine signatures from the last 108 users in the Brazilian PUC-PR
dataset as random forgeries. Finally, the experimental results are the averages
with 10 trials.
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Table 1. Comparing with different evaluation measurements on CCA, KCCA, and
DCCA-based multi-view representation learning approaches on GPDS-160 and GPDS-
300 datasets. Here, the feature that we use is SigNet-F, the number of reference samples
is 12 (the number of training samples in SVM). The red and green values represent the
improvement and deterioration compared with the original features, respectively.

Method Dataset FRR FAR random FAR skilled EER global EER user

- 160 6.39 (±0.67) 0.01 (±0.02) 3.96 (±0.18) 5.15 (±0.28) 2.60 (±0.39)

CCA 160 5.34 (±0.33) 0.01 (±0.00) 3.22 (±0.24) 4.21 (±0.13) 1.93 (±0.22)

KCCA 160 3.24 (±0.21) 0.02 (±0.00) 5.42 (±0.21) 4.25 (±0.20) 1.98 (±0.13)

DCCA 160 19.48 (±1.10) 0.48 (±0.02) 5.06 (±0.25) 9.78 (±0.20) 7.60 (±0.27)

- 300 6.80 (±0.31) 0.00 (±0.01) 6.16 (±0.17) 6.44 (±0.17) 3.56 (±0.18)

CCA 300 5.70 (±0.36) 0.01 (±0.00) 3.53 (±0.14) 4.49 (±0.15) 2.35 (±0.17)

KCCA 300 3.60 (±0.36) 0.01 (±0.00) 5.82 (±0.17) 4.63 (±0.18) 2.43 (±0.21)

DCCA 300 20.35 (±0.89) 0.53 (±0.02) 5.05 (±0.25) 9.63 (±0.28) 7.39 (±0.29)

Table 2. Comparison with the state-of-the-art verification systems on the GPDS-160
dataset. Here, “#Refs” represents the number of reference samples during the training
process.

Feature #Refs EER (%)

Curvelet transform [10] 12 15.07

LBP, HOG, SIFT [37] 5 7.98

LBP, HOG, SIFT [37] 12 6.97

AlexNet [11] 14 2.74 (±0.18)

SigNet-F [12] 5 3.52 (±0.28)

SigNet-F [12] 12 2.60 (±0.39)

CCA-SigNet-F 12 1.93 (±0.22)

KCCA-SigNet-F 12 1.98 (±0.13)

DCCA-SigNet-F 12 7.60 (±0.27)

4.3 Evaluation Measurements

We use the following evaluation measurements to measure the performance of
different approaches. False Rejection Rate (FRR): the rate of the genuine signa-
tures that are rejected as forgeries; False Acceptance Rate for random forgeries
(FARrandom): the rate of the random forgeries that are accepted as genuine
signatures; False Acceptance Rate for skilled forgeries (FARskilled): the rate of
the skilled forgeries that are accepted as genuine signatures; Equal Error Rate
(EER): the error when FAR = FRR. Here, the EER includes two forms, i.e.
EERuser: using user-specific decision thresholds and EERglobal: using a global
decision threshold.
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4.4 Experiments on the GPDS Dataset

Table 1 shows the performance of CCA, KCCA, and DCCA-based multi-view
representation learning methods with several evaluation measurements on the
GPDS-160 and GPDS-300 datasets. We can see that the KCCA-based approach
achieves the lowest FRR both in the GPDS-160 and GPDS-300 datasets, and
the CCA-based method also improves FRR. For the FARskilled, only the CCA-
based method improves it on the GPDS-160 dataset and all multi-view repre-
sentation learning methods improve it and the CCA-based method achieves the
best FARskilled on the GPDS-300 dataset. For the EERglobal and EERuser, the
CCA and KCCA-based methods improve them on the GPDS-160 and GPDS-
300 datasets. In addition, the DCCA-based method does not perform well. The
reason might be that the deep features extracted from the SigNet-F have already
included the major information of the signatures. The DNNs in DCCA-based
methods may destroy this information and are hard to train from the features
learned from the other deep architectures.

Fig. 2. The performance of the DCCA with different structures on the validation set
(the users from No. 352 to No. 402) of the GPDS-960 dataset. Here, the input and
output are all 2048. Therefore, we only show the middle three layers in the figure.

Tables 2 and 3 demonstrate the results that compares with the state-of-the-
art verification systems on the GPDS-160 and GPDS-300 datasets. According
to the tables, we can see that the CCA and KCCA-based methods improve the
performance of the SigNet-F feature. The CCA-based method achieves 1.93%
and 2.35% EERs which are the best results on the GPDS-160 and GPDS-300
datasets compared with the other state-of-the-art verification systems. In addi-
tion, the DCCA-based method also degrades the performance compared with
CCA and KCCA-based methods, the reason might be similar to before.
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Table 3. Comparison with the state-of-the-art verification systems on the GPDS-300
dataset.

Feature #Refs EER (%)

LBP [33] 10 20.94

Grid Feat [41] 12 3.24

GLBP [31] 12 2.84

Quad-tree [32] 10 9.30

SigNet-F [12] 5 4.84 (±0.26)

SigNet-F [12] 12 3.56 (±0.18)

CCA-SigNet-F 12 2.35 (±0.17)

KCCA-SigNet-F 12 2.43 (±0.21)

DCCA-SigNet-F 12 7.39 (±0.29)

Table 4. Comparison with the state-of-the-art verification systems on the CEDAR
dataset.

Feature #Refs EER (%)

Quad-tree [32] 10 18.15

Grid Feat [41] 10 3.02

GLBP [31] 12 7.94

SigNet [12] 8 5.03 (±0.75)

SigNet [12] 12 4.76 (±0.36)

SigNet-F [12] 8 4.77 (±0.76)

SigNet-F [12] 12 4.63 (±0.42)

CCA-SigNet-F 8 2.79 (±0.53)

CCA-SigNet-F 12 2.55 (±0.41)

KCCA-SigNet-F 8 4.41 (±0.80)

KCCA-SigNet-F 12 3.93 (±0.41)

DCCA-SigNet-F 8 11.49 (±0.84)

DCCA-SigNet-F 12 10.90 (±0.70)

Since the DCCA-based method does not work well in most cases, we evaluate
different structures of DCCA on the validation set of the GPDS-960 dataset.
Figure 2 shows the performance of different structures of DCCA with the EER
measurements on the features of SigNet and SigNet-F. From the figure, we can
see that the structure 1024−2048−4096 achieves the best performance compared
with the other structures. That is the reason why we choose this structure in our
experiments. In addition, if the structure is 4096−4096−4096, the performance
becomes much worse, which means the completed architectures will degrade the
learning ability of the DCCA-based method.
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Fig. 3. The performance of the KCCA with different proportions of data on the vali-
dation set.

To evaluate the influence of the proportion of data on the KCCA-based
method, we design an experiment using the different proportions of signatures
from each user to train the KCCA. Figure 3 demonstrates the results with the
EER measurements on the features of SigNet and SigNet-F on the validation set
of the GPDS-960 dataset. We can see that the performance is not very sensitive
to the change of proportions. It means that we can use a small amount of data
to train the KCCA in our experiments.

4.5 Experiments on the CEDAR and Brazilian PUC-PR Datasets

To evaluate the generalization ability of the proposed framework, we test it
on the CEDAR and Brazilian PUC-PR datasets. Here, the features are also
extracted from the SigNet or SigNet-F which are trained on the GPDS dataset.
Especially, due to the simple forgeries that are existed in the Brazilian PUC-PR
dataset, some systems report the Average Error Rate (AER) that is calculated as
AER = (FRR+FARrandom + FARsimple + FARskilled)/4, where, the FARsimple

is the rate of the simple forgeries that are accepted as genuine signatures. The
experimental results are shown in Tables 4 and 5.

It can be seen from the tables that the proposed framework also obtains the
best performance compared with the other state-of-the-art verification systems
on the CEDAR and Brazilian PUC-PR datasets. The CCA and KCCA-based
methods improve the performance of features that are extracted from the SigNet
or SigNet-F. The CCA-based method achieves 2.65% and 2.55% EERs on the
CEDAR and Brazilian PUC-PR datasets when the number of reference samples
is 12, respectively, which is better than the KCCA and DCCA-based methods.
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Table 5. Comparison with the state-of-the-art verification systems on the Brazilian
PUC-PR datasets.

Feature #Refs AER/EER (%)

Deep CNN features [30] 30 4.17

Graphometric [3] 15 5.65

MAML [13] 15 5.74 (±0.84)

SigNet [12] 15 2.07 (±0.63)

SigNet [12] 30 2.01 (±0.43)

SigNet-F [12] 15 4.03 (±0.59)

SigNet-F [12] 30 3.44 (±0.37)

CCA-SigNet 15 1.06 (±0.37)

CCA-SigNet-F 15 1.42 (±0.50)

CCA-SigNet 30 0.92 (±0.24)

CCA-SigNet-F 30 1.08 (±0.34)

KCCA-SigNet 15 2.38 (±0.38)

KCCA-SigNet-F 15 2.29 (±0.51)

KCCA-SigNet 30 2.11 (±0.37)

KCCA-SigNet-F 30 1.98 (±0.47)

DCCA-SigNet 15 3.83 (±0.48)

DCCA-SigNet-F 15 5.40 (±0.62)

DCCA-SigNet 30 3.57 (±0.69)

DCCA-SigNet-F 30 5.20 (±0.76)

5 Conclusion

In this paper, we propose that applying multi-view representation learning
approaches to build a framework to further improve the performance of the
features learned from the deep learning-based architectures for offline signature
verification tasks. Extensive experimental results on three benchmark datasets
prove that the CCA and KCCA-based multi-view representation learning meth-
ods improve the learning ability of deep learning-based feature extractors and
achieve state-of-the-art or competitive performance in most cases. In future work,
since the DCCA-based method can not work well, we plan to explore different
strategies on this method and evaluate more multi-view representation learning-
based methods for combining dynamic information for verification systems.
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