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Abstract. Convolutional autoencoders (CAE) are designed to reconstruct the in-
put image to the output in a near-perfect way via a compact data namely encoded
data containing relevant features. The encoded data can be used in various appli-
cations as for compressing or classifying the image. The present paper tries to
investigate the use of the CAE for writer identification using handwritten text
fragments. Hence, the CAE is used for generating features, which is fed to the
distance-based classifier. Experimental evaluation is performed on the well-
known IFN/ENIT dataset containing 411 writers. During training, a subset is se-
lected from the 411 writers containing only 11 writers allowing to produce a lite
CAE. Experimental results show an identification rate of 92.70% using the whole
dataset when the feature vector is appropriately normalized.

Keywords: Writer identification, Handwritten, Text fragment, Convolutional
autoencoders.

1 Introduction

In recent decades, the writer recognition has been one of the most challenging and fas-
cinating research areas in the field of individual recognition. The hypothesis that writ-
ing is an individualistic act has been proven by psychologists and psychoanalysts [1].
The writer recognition is divided in two categories: writer identification and writer ver-
ification. This study focuses on the writer identification problem, for which several
studies have been reported using the whole document [2], paragraphs [3], lines of text
[4], words [5], characters [6] and recently text fragments [7,10]. In certain applications
as for instance in forensics, few data are often available and therefore, the design of the
writer identification system based on text fragments is considered as an interesting al-
ternative way. Lastly, the writer identification from the text fragment has reached very
interesting reliability levels as claimed by several authors [7,8]. The writer identifica-
tion on small text fragments is also effective in absence of the whole document.
Usually, a writer identification system is composed of various modules, which are
preprocessing, feature generation, classification and decision. The feature generation is
the cornerstone of the system. Indeed, this module aims to represent a handwritten doc-
ument by a set of features to describe the writing style of the writer [7]. Hence, the
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feature generation can be performed via two approaches: handcrafted and feature learn-
ing methods. The handcrafted approach consists of manually developing targeted de-
scriptors to extract only the desired information. Several descriptors have been devel-
oped and used in this context, as for instance, the texture namely LBP, LTP and LPQ
[7]. In contrast, the feature learning approach uses deep learning algorithms to extract
all the information. These algorithms are basically based on neural networks such as
recurrent neural networks (RNN), convolutional neural networks (CNN) [11] or con-
volutional autoencoders (CAE) [12].

The present paper aims to explore for the first time the use of the convolutional auto-
encoder (CAE) to extract features using handwritten text fragments. In contrast to CNN,
the CAE does not require many data for training, which is considered as an advantage
in real applications where, in certain circumstances, few data are available. For the
classification module, the distance-based classifier is the most used to address the writer
identification studies [8], since it offers an open system and quick execution time [8].
In this context, various distance kinds are used for classification when performed on
handwritten text fragments [7-10]. In this paper, the simple Euclidean distance is used
for writer identification using handwritten text fragments.

This paper is then organized as follows: Section 2 presents a brief review of convo-
lutional autoencoders. Section 3 describes the proposed system. Section 4 devotes the
experimental results and comparative analysis from the state of the art on text fragments
for the Arabic writer identification. Finally, Section 5 presents out the conclusion and
suggestions for future works.

2 Brief review of the convolutional autoencoder

The standard autoencoder is an unsupervised neural network [13] designed to recon-
struct the input data to the output in a near-perfect way via a compact data namely
encoded data [14]. Formally, the autoencoder involves two parts, which are an encoding
part and a decoding part as shown in Fig.1.

The encoder allows producing an encoding data containing relevant features that are
used next for reconstructing the image. Several kinds of autoencoders are proposed in
the literature including sparse autoencoders [15], denoising autoencoders [15], convo-
lutional autoencoders, variational autoencoders and so on [16].

Encoder Decoder
A A

Input data

Fig. 1. Autoencoder architecture.
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Convolutional autoencoders (CAE) are well adapted for image processing for extract-
ing all features from the input image [17]. CAE are based on a standard autoencoder
architecture having convolutional encoding and decoding layers [18]. In convolutional
autoencoders, the encoding process involves to performing a convolution operation on
the input layer image in order to extract local features, thus obtaining a hidden layer
input. The decoding process performs a deconvolution operation on the hidden layer
data, so that the output image is reconstructed to the size of the input image [19].

This paper tries to investigate the use of the convolutional autoencoder as a feature
generator associated to distance-based classifier for writer identification based on hand-
written text fragments.

3 Description of the proposed system

The proposed paper aims to propose an open system for writer identification using text
fragments. Therefore, each writer is represented by a set of text fragments. As shown
in Fig. 2, the proposed system contains two main modules: the feature generation mod-
ule and the classification module.

SeF Of
writers generation

Classification

Feature vector .
Writers

Fig. 2. Proposed writer identification system.

The feature generation is performed via the convolutional autoencoder, which is used
as a feature generator for producing a feature vector. The resulting one is retrieved and
then used as an input for the classification module using the Euclidean distance for
identifying a writer. For better clarity, a more deeply description of each module is
reported in the following sections.

3.1  Feature generation

The feature generation is considered as a crucial step in the writer identification system.
Its role is to extract features contained into the text fragments in order to form a feature
vector that will be used as input for the classification module. As shown in Fig. 3, the
design of the feature generator is performed into two steps recovering the feature vector
via the CAE and then followed by a normalization way.
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Fig. 3. Feature generation steps.

The CAE is used for representing the text fragment in a compact form, which defines
the feature vector as shown in Fig. 4. The feature vector is considered representative
when the output fragment is similar to the input fragment according to a measure crite-
rion. The representative feature vector is found during the design step.

0.64
Input fragment . Output fragment
J _J
0.02
H_J

Feature vector
Fig. 4. Convolutional autoencoder for feature extraction.

The encoder and decoder of the proposed CAE are composed of convolution layers, an
activation function (ReLU) and a pooling layer. Table 1 shows the architecture of the
used CAE.

To ensure the homogeneity of the values contained into the feature vector, a normali-
zation is performed for redistributing values in the range between zero and one. The
mathematical formula for normalization is defined as follows [20]:

Xn

Yn = ey

2
n=1%n

P is the size of the feature vector, while x,, and y,, represent the no normalized and
normalized feature vectors, respectively.
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Table 1. Architecture of the proposed CAE.

Layer type Number of Filters  Kernel size  Padding Size of the output

Encode Input image - - - 100 x 100 x 1
Convolution 5 3x3 Same 100 x 100 x5
RelLU - - - 100 x 100 x 5

MaxPooling - 2x2 Same 50 x50 x5
Convolution 10 3x3 Same 50 x 50 x 10

RelLU - - - 50 x50 x 10

MaxPooling - 2x2 Same 25 x25x 10
Convolution 20 3x3 Same 25 x 25 x 20

RelLU - - - 25 x 25 x 20

MaxPooling - 2x2 Same 13x13x20

Code Flatten - - - 3380

Decode Convolution 20 3x3 Same 13x13x 20
RelLU - - - 13x13x 20

UpSampling - 2x2 Same 26 x 26 x 20
Convolution 10 3x3 Same 26 x 26 x 10

RelLU - - - 26 x 26 x 10

UpSampling - 2x%x2 Valid 52 x52 %10
Convolution 5 3x3 Same 50 x50 x5

RelLU - - - 50 x50 x5
UpSampling - 2x%x2 Same 100 x 100 x 5
Convolution 1 3x3 Same 100 x 100 x 1
Output image - - - 100 x 100 x 1

3.2 Classification

Inspired from [7], the proposed study also uses a dissimilarity measure between frag-
ments of reference writer storage in the database and fragments of the query writer.

Letr;,j =1,..,card(R) as the feature vector of the fragment belonging to the ref-
erence writer R and card (R) is the number of fragments, and let q;,i = 1,..,card(Q)
as the feature vector of the fragment belonging to the query writer Q and card(Q) is
the number of fragments. The dissimilarity measure namely T is calculated in order to
compare between two writers, which is defined as follows:

card(Q)

1
MR = s Z min(d(4,.7,) @

Where d(q;, ;) is the distance between two fragments (q;, 7;7), which can be computed
via the Euclidean distance defined as follows:

d(q,m) = 3)

P defines the size of the feature vector.
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For identifying a writer, the dissimilarity measure is performed against all writers
stored in the database. A decision rule is then performed for selecting the minimal dis-
similarity measure among all calculated dissimilarity measures. Formally, the index of
the writer namely W;,, 4., 1S Obtained through the following equation:

Windex (Q) = arg mink:l,..,K(F(Q' Rk)) (4‘)

Where K is the number of writers stored in the database.

4 Experimental results

4.1  Dataset description

For evaluating the proposed writer identification system, the well-known IFN/ENIT
dataset is used. It includes 2,200 documents with more than 26,000 names of Tunisian
cities and town villages written in Arabic collected from 411 different writers. In this
paper, the text fragments are produced for training and testing according to Hannad et
al [7] for a fair comparison. Fig. 5 shows some samples of the text fragments from the
same writer. [21]

Fig. 5. Samples of the IFN/ENIT text fragments of the same writer.

4.2 Evaluation criterion

The performance of the system is evaluated using the identification rate (IR), which is
equivalently to Accuracy. It is defined as the ratio of the number of well identified
writers to the total number of writers as follows:

IR(%) = Number of writers well identified < 100 .
o)~ Total number of writers ®)

This measure is used for a fair comparison against the state-of-art.

4.3  Experimental design

For finding the optimal architecture of the CAE model offering the best identification
rate, the first eleven (11) writers are selected for designing the proposed system while
the remaining 400 writers are used for evaluation. The selected training fragments be-
longing to 11 writers are divided into two subsets. The first subset containing 80% of
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training fragments is used for training the CAE while the second subset containing 20%
of training fragments is used for validation. Testing fragments of the eleven (11) writers
are used for evaluating the robustness of the CAE. No data augmentation is performed
during the training of the CAE. The number of writer’s fragments varies from writer to
another. Once the system is validated, the evaluation is performed on the whole dataset.
For the training, the number of epochs is fixed at 350 and the binary cross entropy is
used as a loss function. Fig. 6 shows the accuracy (ldentification Rate) and the loss of
the model for training and validation samples.
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Fig. 6. Accuracy and the loss for training and validation.

As it can be seen, the model is well trained without overfitting and with a high accuracy,
which means that the input image is reproduced on the output of the CAE as almost
identical. Therefore, the feature vector retrieved from the CAE can be considered suf-
ficiently relevant for using in the writer identification.

4.4 Experimental evaluation

The proposed system is evaluated on the whole IFN/ENIT dataset containing 411 writ-
ers. The model is evaluated firstly on a subset of the IFN/ENIT dataset containing 11
writers and the remaining writers are added progressively in order to keep an open sys-
tem. At first, the evaluation is performed on the feature vector directly without normal-
ization. Afterward, a normalization is performed on the feature vector as described in
equation 2 in order to show its influence. Fig. 8 depicts the identification rate using
normalized and no normalized feature vector, respectively.

As expected, the identification rate decreases when the number of writers increases.
However, the normalized feature vector is better since it keeps its stability performance
compared to the no normalized feature vector. It can be seen also that the normalized
feature vector gives an encouraging identification rate of 92.70% with an increase of
6.57% from 86.13% using the feature vector without normalization. This experiment
clearly shows that the normalization allows a considerable influence for improving the
identification rate. Furthermore, the evaluation shows the stability performance of the
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proposed system against the number of writers. Indeed, when a new writer is added to
the system, the identification rate remains almost stable.
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Fig. 8. Identification rate versus number of writers.

4,5  Comparative analysis

In order to situate the proposed work among the works carried out from the state-of-art,
Table 2 shows only selected single systems (no combined systems) for a fair compari-
son when using the fragmented IFN/ENIT dataset. As can be seen, all existing single
systems use handcrafted features whereas the proposed system use a feature learning
method using the convolutional autoencoder (CAE).

Table 2. IR (%) obtained by the offered system against the state-of-the-art methods using text
fragments for the IFN/ENIT dataset.

Method Reference Feature Classifier IR (%)
Extraction
Hannad et al [7] LBP Hamming distance 73.48
LTP Hamming distance 87.12
LPQ Hamming distance 94.89
Hannad et al [9] HOG Hamming distance ~ 86.62
Hadjadji et al [8] Run Length k-Means 93.18
Handcrafted k-Centers 88.07
Hamming distance 92.45
Hadjadji et al [8] oBIF k-Means 82.23
k-Centers 78.34
Hamming distance 90.51
Hadjadji et al [8] LPQ k-Means 93.67
k-Centers 88.32
Feature Proposed CAE Euclidian Distance  92.70
Learning
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Hannad et al [7,9] used different descriptors associated to the Hamming distance clas-
sifier. The LPQ descriptor showed the best performance with an IR of 94.89%. While
Hadjadji et al [8] evaluated several descriptors with different classifiers. The LPQ de-
scriptor associated to the k-means classifier has giving an IR of 93.67%.

Through this comparison, it can be deduced that the IR obtained by the proposed
system is ranked in 4th position, with an IR of 92.70%, compared to the rates of the
existing systems.

It is worth noting that systems designed by Hannad et al [7] and Hadjadji et al [8]
deleted a component from the LPQ descriptor to improve the identification rate. Ac-
cording to [7,8], the text fragments contain no-pertinent fragments that can influence
the result. In the proposed system, all feature vector components are retained.

Among the existing systems, the proposed system is an open system. For instance,
when a new writer is added to the system, the re-training of the CAE is not required.
Furthermore, a small amount of data is required for training the CAE with only 11
writers without data augmentation.

The presented system is promising and offers an encouraging identification rate
while it remains a very simple and lite system offering fast and effective results.

5 Conclusion

This paper proposed to investigate a new Arabic writer identification open system using
convolutional autoencoder (CAE) and distance-based classifier from text fragments.
The used approach is based on the CAE model for generating features performed on a
subset of writers, each one is represented by all his fragments. In the sequel, the same
model is used for identifying the query writer from all writers contained into the
IFN/ENIT dataset using the distance-based classifier without retraining the model. The
identification rate achieved 92.70% with a lite CAE model.

The use of CAE such as feature extractor for writer identification task-based text
fragments shows an encouraging performance for capturing the relevant features of the
writer style, despite the lite model used and the small amount of data used in the training
step. For further works, an investigation is planned for reducing the size of the feature
vector by trying to improve the performance.
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