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Abstract—Handwritten Signature Recognition is an important
behavioral biometric which is used for numerous identification
and authentication applications. There are two fundamental
methods of signature recognition, on-line or off-line. On-line
recognition is a dynamic form, which uses parameters like
writing pace, change in stylus direction and number of pen ups
and pen downs during the writing of the signature. Off-line
signature recognition is a static form where a signature is
handled as an image and the author of the signature is predicted
based on the features of the signature. The current method of
Off-line Signature Recognition predominantly employs template
matching, where a test image is compared with multiple
specimen images to speculate the author of the signature. This
takes up a lot of memory and has a higher time complexity. This
paper proposes a method of off-line signature recognition using
Convolution Neural Network. The purpose of this paper is to
obtain high accuracy multi-class classification with a few training
signature samples. Images are preprocessed to isolate the
signature pixels from the background/noise pixels using a series
of Image processing techniques. Initially, the system is trained
with 27 genuine signatures of 10 different authors each. A
Convolution Neural Network is used to predict a test signature
belongs to which of the 10 given authors. Different public
datasets are used to demonstrate effectiveness of the proposed
solution.

I. INTRODUCTION

Signature recognition is fundamental to forensic analysis
of documents. Signatures are a major tool for document
verification. Every individual has a unique way of doing
his/her signature and this signature, on forgery, loses its key
features. Thus, signature verification becomes a very
important security aspect. Handwritten signature recognition
can be operated in two ways:

Online Recognition : In this method, signature is acquired
from the user on a digital device in real time, usually, operated
by a stylus. Dynamic information about the signature, like,
spatial coordinates, pressure, azimuth, inclination and
number of pen-up/down are recorded and analyzed to predict
the author of the signature. This is also known as Dynamic
Signature Recognition.
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Off-line Recognition : In this method, signature is written
on paper, digitized through a scanner or a camera and the
biometric system recognizes the signature based on unique
features of the signatures. This is also known as Static
Signature Recognition.

These methods are widely used for authentication purposes
in the following sectors:

Finance : Financial Institutions store specimen signatures
of their customers to verify the authenticity of the documents
submitted to them by comparing the signature on the
document with the specimen signatures.

Health : The “National Health  Service” , United
Kingdom has started capturing signatures of doctors who fill
patient records for authentication purpose.

Real Estate: In the USA, there are options of
paperless contracting by signing on Tablet PCs or PDA with
help of a stylus [1].

II. RELATED WORK

e In 2009, an off-line signature identification and
verification system based on image registration and Discrete
Wavelet Transform (for Persian signatures) was proposed by
Ghandali and Moghaddam. It is a language dependent method
which uses DWT for feature extraction and Euclidean distance
for comparing the extracted features [2].

e  General methods use feature extraction including
geometric, graph metric, directional, wavelet, shadow, and
texture features.

e  Ferrier et al. calculates geometric features of a
signature in fixed-point arithmetic for offline verification. The
proposed features are then checked with different classifiers,
such as Hidden Markov Models, Support Vector Machines,
etc [3].

e Two methods were proposed by Fang et. al. for
detection of signature forgeries. These were based on template
matching. The first one was based on optimal matching of the
one dimensional projection profiles of the signature patterns
and the other was based on elastic matching of the strokes in
the two dimensional signature patterns [4].



Fig. 2. Pre-Processed Image
e A fuzzy approach was proposed by M. Nassir and A.
Javaheri for verification using Takagi-Sugeno Fuzzy Inference
System (FIS) for off-line signatures [5].

III. PREPROCESSING

The images present in the dataset have inherent noise
present in the form of small, dark clusters of pixels randomly
distributed around the signature. This noise may affect our
results by generating errors when the neural network is
identifying unique features of a signature class. Hence, to
ensure efficient feature extraction, the image first undergoes a
series of preprocessing algorithms for noise removal:

A. Grayscale Conversion & Finalization

All images are converted to grayscale format. Furthermore,
to emphasize only on the signature pixels and suppress any
noise which may have been introduced during the data
acquisition, the images are converted to binary images. A
threshold is chosen such that pixels above the threshold are the
signature pixels, having pixel value as 255. Accordingly, all
pixels below the threshold are background pixels, having pixel
value as 0.

B. Morphological Transformation

e FErosion: Since, our background is made of white
pixels and the foreground object (signature) is made of
darker pixels, the thickness of the foreground object
increases when erosion is applied and small white
noises are removed.

e Dilation: This is the reverse process of erosion and
helps in thinning of foreground object (signature) and
completely removes any dark dots or specs present in
the background. Thus the image now contains only
signature pixels with a white background [6].

C. Image Resizing

The images in the dataset are of varying width and height
which would not be suitable for training the CNN. For the
CNN to learn which features need to be extracted, all images
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must have a uniform size and aspect ratio. So, the images are
resized to have dimensions of width 160 pixels and height 120
pixels.
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Fig. 1. Original Image

IV. DATASET

Two datasets are used. Both datasets contain genuine as
well as forged signatures of various authors. For signature
recognition purpose, only the genuine signature samples
would be utilized for training and validation of the model.

SigComp 2011 dataset [7]: This dataset was presented for
the ICDAR 2011 Signature Verification Competition
(SigComp2011). It consists of Dutch and Chinese signature
samples. The images are in Portable Network Graphics (PNG)
format scanned at 400 dpi having RGB color channels. The
Dutch and Chinese training sets both contain about 24 genuine
signature samples each from 10 reference writers.

UTsig Persian dataset [8]: This is a public Persian off-line
signature dataset that consists of 8280 signature images from
115 classes. Each author has 27 genuine signatures, 3
opposite-hand signatures, and 42 skilled forgeries made by 6
forgers. All images are stored in TIFF format but have non-
uniform width and height. For uniformity, 24 genuine
signatures each from 10 authors are used from this dataset.

In sum, the combined dataset for training and model tuning
contains 720 signatures of 30 classes. The model is trained on
the Dutch, Chinese and Persian signatures separately and
independently to validate its versatility.

V. CNN AND ITS COMPONENTS

A Convolutional Neural Network (CNN) model or Conv-
Net for short has become the gold standard for image
recognition algorithms [9]. A CNN model applies convolution
operations on the image which are accompanied by some
pooling operations to generate features which are fed into the
fully connected layers.



A.  Convolutional Layer

The Convolutional layer is a fundamental part of any
Convolutional Neural Network and does the majority of the
computational operations.
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D.  Softmax Layer

The final layer which produces the output of the neural
network is also a fully connected layer but with a special
activation function called softmax activation function [10].
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Fig. 3. CNN Architecture

The convolution operation works as a scanning process
with defined filter dimensions. Here, we also set the stride for
the filter which is the amount of pixels it moves after
completing a scan of a part of an image. When it reaches the
end of the image on the boundaries we can define what should
be done if the filter is hanging from the image. There are 2
ways to handle this, either skip some values at the boundaries
which do not fit the filter dimensions or pad zeros after the
image boundary to make up the space in the filter. The first
way is called 'valid' padding and second way is called 'same’
padding. Hence, the width and height of the image does
change for 'same' padding and reduces little for ‘valid'
padding.

B.  Pooling Layer

The pooling layer is an important block of a convolutional
model whose function is to progressively reduce the spatial
size of model. This reduces the amount of trainable parameters
and thereby reduces the computation time. It is usually added
after a convolutional layer. There are different types of
pooling methods.

The most widely used is the max-pooling method. In Max-
pooling method, the image is partitioned into smaller
rectangles and only the maximum value from each rectangle is
returned as output [10]. The pooling operation effectively
eliminates values, hence there is a loss of information as well.
This is called 'down-sampling'. But there are some benefits to
this, it works against over-fitting and the decrease in size
results in a reduced computational load for the succeeding
layers of the network.

C.  Fully Connected Layer

The Fully Connected layer consists of densely packed
neurons which are connected to all the activations in the
preceding layer. It is also sometimes referred to as the dense
layer. The output of the preceding layer is fed to a fully
connected layer which generates an N dimensional output
vector, where N represents the number of neurons in the
particular fully connected layer.
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The main goal of this function is to squish the

output neuron's value between the values of 0 to 1. Also, the
sum total of the output value equals to one. Hence, we get the
output in terms of probabilities.

eWi x4+b;
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Here, x is the output of the softmax layer, W; and b; are
the weights and biases of i neuron of this layer, and N is the
number of neurons. The neuron which has the maximum
probabilistic value is taken as the output [11]. Equation below
calculates this neuron position.

.@":ngaxp(y: 2|T, Wl:“‘:WN:bl:‘“:bN) (2)

Here, y denotes the predicted class.
Conventional sigmoid activation functions have the problem
of gradient vanishing due to their mechanism of decreasing the
gradient as the input to the sigmoid function increases. Hence,
for minimizing the likelihood of gradient vanishing, ReLUs
[12] are used in their place.

E. Training

The network was separately trained using two adaptive
learning rate methods of Adam [13], which stands for
Adaptive Moment Estimation that computes adaptive learning
rates for each parameter \& RMSprop for 100 epochs each
with a starting learning rate of 1x10™, 1x10* & 5x107 for
Chinese, Dutch & Persian datasets respectively. A uniform
batch size of 32 was selected for all datasets



TABLE 1
RESULT TABLE

[ Signature Type |

Optimizer | Avg. Classwise Precision | Avg. Classwise Recall | Avg. Classwise F-measure | Accuracy (%) |

Chinese Adam 0.905 0.8217 0.8328 85.11
Chinese RMSprop 0.8799 0.7917 0.8146 82.98
Dutch Adam 1.0 1.0 1.0 100
Dutch RMSprop 0.9833 0.9667 0.9709 9791
Persian Adam 0.9722 09764 0.9725 96.29
Persian RMSprop 0.9722 0.9764 0.9725 96.29
VI. RESULTS

A.

The dataset was split into training set and a validation set
containing 80\% and 20\% of the data respectively. Accuracy
of the model has been reported on the validation sets of the
Dutch, Chinese and Persian signatures. The performance of
the model is evaluated using the following metrics [14]:

1) Precision (P):
This gives a measure of the proportion of positive
identifications that were actually correct for each of
the 10 classes.

Evaluation Metrics

True_Positives

= 3

2) True_Positives + False_Positives )
call (R) :
This is used for measuring the fraction of positive
identifications that are correctly classified for each of
the 10 classes.

3) N True_Positives @)
' " True_Positives + True_Negatives
vl
easure (FM) :
This is the
harmonic mean g, _ 2X P x B )
between the P+R
Precision and Recall values.

B.  Learning Curve and Loss Function

The loss function and accuracy graph of the final model
for the 3 different datasets is shown in figures 4, 5 & 6.

From Fig. 4, it can be observed that when the model was
trained on the Chinese dataset using Adam, it achieved its
optimum value of validation performance after 38 epochs. The
same model when trained using RMSprop, required around 70
epochs to reach its maximum validation performance.

From Fig. 5, it is evident that RMSprop required fewer
epochs to achieve its peak validation performance on the
Dutch signatures. However, it was outperformed by Adam
after 80 epochs. The flat response of Adam between 20 and 60
epochs can be attributed to the convergence of the Gradient
Descent Algorithm to a local minimum. From Fig. 6, it can be
inferred that both models reached the same level of validation
performance for the Persian dataset. RMSprop, however,
required fewer epochs to attain optimum performance than
Adam.
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Fig. 6. Learning & Loss Curve for Persian Signatures

VII. CONCLUSION AND FUTURE SCOPE

We have proposed a convolutional neural network
architecture for off-line handwritten signature recognition. We
experimented the model over 3 different datasets using 2
optimizers and evaluated its performance. It can be concluded
that training the model using Adam enhanced its versatility
because it provided better validation accuracy over all 3 types
of signatures.

Future work may include using the proposed model along
with pre-trained models like Inception-V3 for signature
verification where the model would classify whether a
signature is genuine or forged, with a high accuracy using few
training samples.
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