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Abstract

In the current digital era, security issues in internet applications, such as data breaches and privacy
violations, are increasingly manifesting in the daily lives of people. Handwritten signatures, as an inherent
biometric characteristic of individuals, are frequently used for personal identity verification in scenarios such
as commercial transactions and banking procedures. However, handwritten signatures are inherently
susceptible to forgery, especially offline handwritten signatures, which lack dynamic information from the
signing process, making automated verification exceptionally challenging. Therefore, this work conducts
research and application on the fine-grained feature learning of genuine and forged signatures based on
canonical correlation analysis and Siamese networks. The main contributions of this work are as follows:

(1) Canonical correlation analysis-based Siamese network for offline signature verification. In existing
research on offline handwritten signature verification, the construction of signature pairs based on Siamese
networks is often insufficiently comprehensive, and the methods used to measure the correlation between
signatures are relatively simple, leading to limited verification performance. To address these issues, this
thesis proposes a novel writer-independent Siamese network architecture based on Canonical Correlation
Analysis (CCA) to learn discriminative features between different signature pairs. Specifically, this study
first constructs three types of signature pairs: genuine-genuine, genuine-forged, and forged-forged. These
signature pairs are then fed into the designed Siamese network to extract features simultaneously. The model
is trained using canonical correlation analysis and a classification-based loss function. After training, the
CCA-Siamese network serves as a feature extractor for signature feature extraction, and a writer-dependent
classifier is employed to build a complete verification system.

(2) Hybrid Transformer and convolution signature network for offline signature verification. Traditional
Convolutional Neural Networks (CNNs) and Transformers struggle to independently capture both global and
local features of signatures. Moreover, single deep models often face challenges such as overfitting and poor
generalization ability. To address these issues, this thesis proposes a novel hybrid signature network that
integrates Transformers and convolutional layers, aiming to capture multi-scale signature features through
self-attention and receptive field mechanisms. Specifically, the hybrid network introduces an innovative
framework consisting of two main components: a Transformer-based module and a composite convolutional
module. These components work together to extract multi-scale signature features, encompassing both the
global structure and fine-grained local details of signature images. The hybrid network demonstrates a strong
capability in identifying subtle deformation features between genuine and skilled forged signatures.
Extensive experiments were conducted on four public signature datasets (GPDSsynthetic, CEDAR, UTSig,
and BHSig260). The results show that HTCSigNet effectively learns fine-grained differences between



genuine and skilled forged signatures, achieving optimal or competitive verification performance while
demonstrating advanced generalization capabilities.

(3) Canonical correlation analysis Siamese network-based signature verification system. This work
integrates the research on offline handwritten signature verification using canonical correlation analysis
Siamese networks and hybrid Transformer-CNN models to develop an automated offline handwritten
signature verification system that is user-friendly and provides high accuracy in verification. The system
integrates the model using technologies such as Flask, MySQL, PyTorch, and Vue, and includes the
development of a user interaction interface and API design to offer verification services to signature verifiers.
This system aims to provide a seamless, efficient solution for the automated verification of handwritten
signatures with high precision.

Key words: offline handwritten signature verification; feature learning; canonical correlation analysis;

convolutional neural networks; transformer
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