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Abstract: Recently, the problem of signature forgery detection attracted significant attention due to various 

applications: banking, legal, and security . Existing methods require extensive volumes of data for training, 

making signature detection less accurate and convenient. This paper designs a novel methodology for signature 

forgery detection that requires one-shot learning.Furthermore, we introduce a novel similarity metric tailored 

for signature forgery detection, which captures the subtle differences between genuine and forged signatures. 

This metric facilitates the identification of forged signatures even in cases where the forgeries closely resemble 

genuine signatures.By training the siamese network on the genuine signature samples, we produced the synthetic 

forgery samples using sufficiently powerful data augmentation techniques which can allow the network to learn 

and easily differentiate between the genuine and the forgery signature samples. Our proposed method 

outperforms existing approaches and demonstrates a high potential for implementation in practice across various 

realms where the signature authentication needs for security and authenticity verfication. 

Index Terms - Signature forgery detection, One-shot learning, Siamese neural networks, Data augmentation, 

Similarity metric. 

I.  

II. INTRODUCTION 

Signature forgery detection is an important task in a variety of applications, including banking, legal documents, 

and forensic investigations. Traditional approaches to handwriting analysis often rely on manually constructed 

tools or require various calculations for schooling. However, these methods will not be robust enough to handle 

the variety and complexity of genuine and counterfeit signatures. One-time learning, a subset of machine 

learning, offers a promising option for this problem by allowing models to evolve from only few samples of the 

signatures. 

In terms of false signature detection, one-to-one analysis allows us to train models with distributed statistics, 

making it especially useful when we are dealing with authentic signatures and composite signatures with limited 

amount of raw data. This technique mimics the human ability to perceive patterns and perceive anomalies based 

on finite data, making it ideal for applications such as fingerprint analysis, which include the detection of various 

facts potentially problematic or impossible. 

 In this paper, we recommend a new forged signature detection framework based primarily on a single learning 

algorithm. We use in-depth architectural recognition, including siamese networks , to learn different 

representations of positive signatures and successfully distinguish them from false positives. Using a one-time 
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training, our less productive approach achieves higher accuracy but in addition requires proportionally smaller 

segmented data to provide an intelligent solution to real-world packages. 

Signature forgery detection is an important task in a variety of applications, including banking, legal documents, 

and forensic investigation. Traditional methods for handwriting analysis often rely on artificial skills or require 

multiple hidden facts for training purposes. However, these methods may not be robust enough to handle the 

number and complexity of genuine and fake signatures. One-time learning, a subset of device recognition, offers 

a promising approach to this problem by allowing models to learn from only one instance of the entire beauty.  

Deep learning algorithms require large amount of labelled data and is also not accurate enough. We have 

incorporated SNN in our system which have helped us achieve an accuracy of 98.94%.  

III. DESIGN AND DEVELOPMENT 

 

 We are using Siamese Neural Networks to design the proposed system. We first train our model with the limited 

amount of samples we have. After which we are going to test the model by feeding testing data. We are able to 

distinguish true positives from the false positives using the euclidean distance calculated. 

 

IV. SYSTEM ARCHITECTURE 

 

The architecture of the Signature Forgery Detection System consists of various layers such as Conv2D, 

maxpooling and dense layers. 

Convolutional 2D (Conv2D): This is a type of mathematical operation used in deep learning for processing 

visual data like images. Imagine you have a picture. Convolutional layers analyze small portions of the image 

at a time, applying filters to detect patterns like edges, shapes, or textures. These filters slide across the entire 

image, processing it piece by piece to learn features that are important for the task at hand.  

 

MaxPooling: After the convolutional layers, it's common to use pooling layers to reduce the dimensionality of 

the data and extract 

the most important features. MaxPooling is a popular type of pooling where the input image is divided into 

smaller regions, and 

only the maximum pixel value from each region is kept. This downsamples the image, retaining the most 

significant information 

while reducing computation. 

 

Dense Layer: This layer is also known as a fully connected layer, a fundamental component of neural networks. 

After the 

Convolutional and pooling layers extract features from the input data, the dense layer(s) process these features 

to make predictions 

or  classifications. Each neuron in a dense layer is connected to every neuron in the previous layer, forming a 

dense network of  

connections. These layers are typically used for learning complex patterns and relationships in the data. 

 

  Dropout layer: A dropout layer is a regularization technique commonly used in neural network architectures to 

prevent overfitting. It works by randomly setting a fraction of input units to zero during training, effectively 

"dropping out" those units. This forces the network to learn more robust features by reducing the reliance on 

any single input unit. 

 

 

V. EVALUATION 

 

Evaluation of the signature forgery detection depends on the euclidean distance that is calculated when we train 

the model.  

  The formula is given by: 
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VI. WORKING 

 

In this proposed model, we have made use of deep learning techniques, including spiking neural networks 

(SNNs), to automatically learn discriminative features from signature images. Through the integration of a 

graphical user interface, users can conveniently assess the authenticity of signatures using the trained model. 

 

INPUT PREPROCESSING: Upon image selection, the input image undergoes preprocessing to standardize its 

dimensions and pixel values. It's re-sized to 128x128 pixels and pixel values are normalized to the range [0, 1]. 

 

MODEL: The model architecture consists of layers designed to extract relevant features from the input image. 

Details of the architecture could include convolutional layers for feature extraction followed by pooling layers 

for spatial down sampling. These layers are typically stacked to form a deep neural network. 

 

WEIGHT AND BIASES: The model's parameters, including weights and biases, are learned during the training 

phase. These parameters encode the knowledge necessary to discriminate between forged and original 

signatures. 

 

PREDICTION: Upon receiving a pre-processed image, the model performs inference by applying learned 

transformations to the input data. These transformations involve matrix multiplications and activation functions 

applied in a sequential manner according to the model's architecture. 

 

DECISION THRESHOLD: A decision threshold, commonly set at 0.5, is applied to the probability score. If the 

score exceeds this threshold, the model classifies the input as a forged signature; otherwise, it classifies it as an 

original signature. 

 

MODEL EVALUATION: The model's performance is evaluated during the training phase using metrics such 

as accuracy, precision, recall, and F1-score. These metrics quantify the model's ability to correctly classify 

signatures and distinguish between forged and original instances. 

 

GUI INTEGRATION: The Tkinter GUI enables users to select signature images effortlessly. Once an image is 

chosen, the model promptly predicts the signature's authenticity and displays the result alongside the selected 

image. This intuitive interface provides users with quick and visual feedback on signature forgery detection. 

 

 
 

 

Fig 1.1 Architecture of Proposed System 

 

 

http://www.ijcrt.org/


www.ijcrt.org                                                                    © 2024 IJCRT | Volume 12, Issue 5 May 2024 | ISSN: 2320-2882 

IJCRTAB02080 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org 557 
 

 
 

 

Fig 1.2 Working of the system 

 

 
Fig 1.3 Results 

 

 
 

 

 

Fig 1.4 Original signature 
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Fig 1.4 Forged signature 

 

VII. FUTURE DIRECTIONS LOOKING AHEAD 

 

 Incremental Learning: Continuously adapt to new types of forgeries over time. 

 Adversarial Robustness: Improve resilience against adversarial attacks. 

 Feature Fusion: Combine information from multiple sources to enhance model performance. 

 Domain Adaptation: Generalize well to signatures from different domains or sources. 

 Uncertainty Estimation: Estimate model uncertainty to identify uncertain predictions. 

 Active Learning: Select informative samples for labeling to improve model performance efficiently. 

 Interpretability: Provide insights into model decisions for better understanding. 

 Privacy-Preserving Techniques: Ensure data privacy while training the model 

 

VIII. CONCLUSION IN SUMMARY 

 

In conclusion, the advanced kind of authentication by means of signature identification which can tell the forged 

from the real ones is the most important in the process of developing new security technologies. The highly 

accurate 99% precision of this system will create the means for institutions of government and even beyond to 

do away with the cumbersome process of biometric authentication. This technology can be a trusted partner in 

the crypt-e-dizioniaries and handles of establishing security and verifying authentic documents. Fraudulent 

activities and forgery such as mimicking the handwritten signature would not be possible as the crypt-e-

dizioniaries and handles have been secured by the technology. In terms of biometric authentication technology, 

this is only the leading edge, that will continue to develop. As a result, these advancements lay the foundation 

for a digital future that is safer and more convenient to use. 
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