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ABSTRACT

Every person has a distinctive signature that is
mostly used for personal identification and the
authentication of significant papers or legal
transactions. Static and dynamic signature
verification are the two options available. the
process of using static (off-line) verification to
confirm a paper or electronic file Dynamic (online)
verification occurs while the signature is being
formed on a digital tablet or other such device,
whereas static (offline) verification occurs after the
signature has been created. For many documents,
offline signature verification is inefficient and
slow. We have seen a rise in online biometric
personal verification such as fingerprints, eye
scans, etc. to overcome the limitations of offline
signature verification. In this project, Python was
used to build a CNN model for offline signatures.
Following training and validation, the model's
testing accuracy was 99.70%. Signature
verification is a crucial duty in many different
applications, such as banking, legal documents,
and forensic investigation. Traditional methods of
signature authentication rely on manually crafted

classifiers and extracted properties, which usually
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struggle with scaling, handling changes in writing
styles, and forgery detection. Recent developments
in deep learning have shown promise in a variety
of pattern recognition applications, including
signature verification. This paper suggests a
convolutional neural network (CNN) and recurrent
neural network (RNN)-based deep learning
method for signature verification. CNNs are
employed in the suggested patch to automatically
extract distinguishing qualities from input
signature images. To capture the temporal
correlations and sequential information included in
the signature, the learned features are subsequently
input into an RNN. The RNN generates a
verification score that indicates whether the
signature is likely real or fake. An extensive
collection of real and fake signature photos is
needed to train the deep learning model. The
collection contains ground truth labels that define
the veracity of each signature. By applying
supervised learning to optimize a loss function that
penalizes misclassifications, the model is

produced.

I. INTRODUCTION
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A signature is outlined as a uniquely written
drawing that a person writes on any document as
an indication of identity. An individual uses it on a
usual wish to sign a check, a legal instrument,
contract, etc. The matter arises when once
somebody tries to replicate it. A signature by any
individual depicts a picture conveying a particular
pattern of pixels that bothers a particular person.
Signature verification drawback is plagued with
monitoring and checks whether a picked signature
refers to an individual or not. Signatures range
exceptional case of script during which special
characters flourish area unit viable. Signature
verification may be a complex pattern
identification with a shortcoming as no two
genuine signatures of an individual can be
precisely similar. If unintentionally it is winning
then it will do serious injury to a person. One of the
ways 1s to use the biometric features of every
individual. In this paper, we tend to specialize in
the signature as a biometric feature whereas, we
tend to notice that signature depends on several
other factors like state of the person, body position,
writing surface, environmental factors, etc.
Therefore, it is necessary to get rid of the maximum
amount of features as attainable these factors to
extend the potency of the system. However, it is
hard to include all factors. In this work, we
represented a number of ways to discern forgery in
signature. Our proposed approach relies on a

Convolutional Neural Networks (CNN) [2][4] for
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signature verification and Crest-Trough [8] for
forgery detection. CNN consists of assorted layers
wherever inputs labor under and are finally, feed
into the classifier. It is one of the most effective
methodologies for detective work whether or not
the signature is real or solid. In Crest-Trough for
forgery detection, the range in every signature and
the magnitude relation between consecutive crest

and trough remains the same.

II. LITERATURE SURVEY

The difficulties connected with signature
verification have been extensively researched, and
a variety of solutions have been put forth. Deep
learning techniques have gained in prominence
recently and considerably enhanced accuracy and
resilience. Here, we go over some pertinent studies

on deep learning-based signature verification.

"Deep learning for automatic  signature
verification: A survey" by Pal et al., published in
2019, states that: The various deep learning
techniques used for signature verification are
covered in-depth in this article. It discusses various
network designs, training methods, and datasets
relevant to the field. The study emphasizes how

deep learning may improve the effectiveness of

signature verification.

The article "Offline handwritten signature
verification using deep learning based hierarchical
triplet network" by Bhardwaj et al. was published

in 2020. This research proposes a hierarchical
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triplet network for offline signature validation. To
extract distinguishing characteristics from iconic
photos, the network employs a sophisticated CNN
architecture. On benchmark datasets, the suggested
approach performs at the cutting edge,
demonstrating the utility of deep learning in

signature verification.

The following is an excerpt from the study
"Signature verification using deep learning and
Bayesian adaptation" by Gupta et al. (2017): This
method combines deep learning with Bayesian
adaptation to validate signatures. The authors
analyze identifiable images using a deep CNN to
find characteristics. For some users, the model is

modified using a Bayesian adaptation technique.

Houmani et al.'s "Signature verification based on
recurrent neural network and statistical features"
This paper suggests a statistical trait-based
signature verification technique that makes use of
RNNs. To enhance the deep learning model, the
authors apply an RNN to capture the temporal
correlations in signature sequences and statistical
properties. The method performs exceptionally
well on accepted benchmarks for signature

verification.

By Rathgeb and Busch (2018), "Online signature
verification using convolutional recurrent neural
network": This work's major focus is on the
application of CNNs and RNNs to online signature

verification. The authors suggest a convolutional
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recurrent neural network to manage the dynamic
information present in online signatures, such as

the timing and order of the strokes.
III. PROPOSED WORK

CNNs are extremely effective system for
recognition task because it is way higher at
extracting important/relevant data for classification

than humans.

Convolutional neural networks (CNNs) and
recurrent neural networks (RNNs) are used in the
proposed deep learning method for signature
verification in order to efficiently extract features
and record sequential information from signature
images. The suggested approach's general process

is outlined as follows:

In order to prepare the dataset, real and fake
signature photos are collected. The collection
should contain a diverse spectrum of writing styles,
forgeries, and quality levels. Each photograph in
the collection contains labels that attest to its

authenticity.

Preprocessing: Preprocessing is used to improve
the signature photos' quality and uniform their
format. Techniques including scaling,
normalization, noise reduction, and contrast

adjustment can be used to achieve this.

Preprocessed signature photos are fed into the
CNN architecture to extract discriminative

features. As a result of the CNN's extensive use of

Vol 26 Issue 04, April, 2026

Page 718 of 721



ISSN:2250-3676

International Journal of Engineering Science and Advanced Technology(IJESAT)

convolutional and pooling layers, the signature
images are taught to be represented hierarchically.
Our method detects these qualities in authentic
signatures by automatically identifying crucial

traits that set them apart from forgeries.

RNN-based temporal modelling: To model the
temporal relationships and sequential data in the
signature images, CNN-collected features are input
into an RNN. Recurrent RNNs include things like
gated recurrent units (GRUs) and long short-term
memories (LSTMs). The RNN sequentially
evaluates the characteristics while taking into
consideration the time and sequence of the strokes

in the signature.

Classification and Verification: After the output
from the RNN has been passed through fully linked
layers, a final classification layer is used to check
the validity of the signature. A verification score
that indicates whether the signature is likely to be
legitimate or false 1is calculated by the
classification layer. To determine whether to accept

or reject a signature, utilize this score.

Training and Improvement: The deep learning
model is trained using the annotated dataset. The
model's parameters are tuned by utilizing
backpropagation to reduce a suitable loss function,
such as cross-entropy loss. Throughout the training
process, the model's weights are incrementally
altered to improve the model's ability to distinguish

between real and fraudulent signatures.
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Extension to Online Signatures: The described
technique may optionally be extended to
incorporate online signatures by providing
information on the order and timing of the strokes.
This requires adjusting the preprocessing
techniques and architecture to handle sequential
input. On-line signature verification datasets can
be used to test how well the expanded technique

performs in practical setting

Method of Signature Recognition Convolutional
Neural Networks (CNNs) have tested no-hit in
recent years at an outsized variety of image
processing-based machine learning tasks. Several
different strategies of playacting such tasks as
shown in Fig. 7 revolve around a method of feature
extraction, during which hand-chosen options
extracted from a picture fed into a classifier to
make a classification call. Such processes solely as
sturdy because of the chosen options, which
regularly take giant amounts of care and energy to
construct. Against this, in CNN, the options fed
into the ultimate linear classifier all learned from
the dataset. A CNN consists of a variety of layers
as shown in Fig. 7, beginning at the raw image
pixels, that each performs an easy computation and
feeds the result to the successive layer, with the

ultimate result being fed to a linear classifier.

The layers computation area unit supports a variety
of parameters that learned through the method of

backprop- agnation, during which for every
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parameter, the gradient of the classification loss
with relation to that parameter is computed and
therefore the parameter is updated to minimize the
loss perform. The look of any signature verifica-
tion system typically needs the answer of 5 sub-
issues: data retrieval, pre-processing, feature
extraction, identification method, and performance
analysis. Off-line signature verification just deals
with pictures non-heritable by a scanner or a
photographic camera. In associate degree off-line
signature verification system, a signature is non-
heritable as a picture. This picture depicts a private
sort of human. The method needs neither be too
sensitive nor too rough. It should have a proper
balance between an occasional False Acceptance
Rate (FAR) and an occasional False Rejection Rate

(FRR).

Fully-Connected Fully-Connected
optimizer = ‘adam’, loss = ‘categorical_crossentropy' Neural Network Neural Network

Conv_1 Conv_2 ReLU activation
Convolution Convolution A /—M
(5 x 5) kﬂl‘1!| Max-Pooling (5 " 5) k‘"y“' Max-Pooling (with
valid padding (3x3) valid padding (3x3) @ dropout)
~ Qo
0:
0
INPUT - n1 channels n1 channels n2channels  n2 channels E ‘ N
(s4x64x22) (50xg0xn1) (30x30xn1) (@6x26xrz)  (24x24xn2) OUTPUT

Activation = 'relu’ Activation =

n3 units 'sigmoid’

Fig. 7. CNN Architecture.
IV. CONCLUSIONS

A model that can learn from signatures and
determine whether or not a signature is fake has

been successfully developed. This method can be
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used in a variety of government offices that require
handwritten signatures for authentication or
approval. Despite using CNNs to learn the
signatures, the structure of our entirely linked layer
is not ideal. This application might be thought of as
serious. In the paradigm established in this study,
two classes— Real and forgery—are formed for
each user. Due to the fact that there are 30 users,
our model has 60 classes to forecast. 99.7%

accuracy was our best level of accuracy.
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