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Abstract

Arabic handwriting recognition is an important research area in computer vision. Due to the
complexity of the Arabic script, this is an arduous task. Several approaches have been proposed
to address this challenge, including deep learning algorithms. Despite their efficiency, these
approaches present some limitations such as the use of lexicon-driven models, the need of a
lot of data for training and the huge computational cost. We propose, in this paper, two novel
models based on the robust Faster Region-Convolution Neural Network (Faster R-CNN) to
recognize Arabic handwritten sentences. The Faster R-CNN is commonly used to detect
objects in images and depends on region proposal algorithms. These models use the pre-trained
VGG 16 and ResNet50. Moreover, they use a soft non-maximum suppression strategy (Soft-
NMS) in the post-processing stage instead of the traditional NMS to increase the detection rate
of overlapping items. The models will be trained independently to identify words in the text
lines and tested using sentences from the (KFUPM Handwritten Arabic TexT) KHATT dataset.
It will be shown that the faster R-CNN models allow greater accuracy and effectiveness in
handwriting recognition. They achieve accuracy rates of 99% and 98% for the two networks,
VGG16 and ResNet50, respectively.

Keywords: Faster R-CNN; KHATT dataset; Feature extraction; network Object detection;
Arabic handwriting; Soft NMS.

1. Introduction

Handwritten text recognition is a machine's ability to read and understand a handwritten text
from various input devices, such as images, paper documents, touchscreens, and other devices
[1]. There are two main approaches for recognizing handwritten letters, digits, and words:
offline and online techniques. Online systems use sensors to capture data during the writing
process, while offline systems rely on images of the user's handwriting taken from a scanner
or digital camera. Research suggests that online recognition has a higher recognition rate than
offline mode [2],[3]. Many methods have been proposed for offline Arabic handwrit}
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recognition to convert Arabic writings into a machine-readable format. Arabic handwriting
poses more significant challenges for recognition compared to Latin, Japanese, and Chinese
because of many factors such as overlaps, touching words, text-line inclination, ligatures,
uneven spaces between words, words without dots, and other elements [4]-[6].

Recent advancements in deep learning technology have significantly Influenced the field
of Arabic text recognition, leading to many solutions based on deep learning approaches [7].
The progress made in deep learning (DL) has resulted in remarkable advancements, particularly
in computer vision. Convolutional Neural Networks (CNNs) are one of the most popular and
widely used DL techniques are specialized neural networks that use convolution instead of
standard matrix multiplication in at least one of their layers. CNN deals with classification,
recognition, multi-object detection, item localization, and handwriting recognition, and some
popular CNN architectures include ResNet, VGG, AlexNet, and GoogleNet. Recurrent neural
networks (RNNs) like Long Short-Term Memory (LSTM) networks, restricted Boltzmann
machines (RBM), Deep Belief Networks (DBN), and Hidden Markov Model (HMM) are
among the various deep learning methods extensively employed in handwriting recognition
tasks [3], [7]-[11]. Despite their efficiency, these methods suffer from many drawbacks. In
fact, they require large training samples, which is computationally expensive. Moreover, some
models need pre-segmented text line images and paragraph images in addition to the words to
learn. Furthermore, most models use lexicon-driven models including an underlying dictionary
that should contains the words to be recognized to ensure good recognition accuracy [12].
Finally, these models frequently suffer from overfitting and thus various regularization
approaches must be applied to avoid it [13].

In object detection, CNNs have achieved state-of-the-art advancements in frameworks.
Object detection usually consists of two steps: searching for an object in the image and locating
it using the bounding box [11]. Object detection algorithms built on deep learning methods are
classified into two categories based on the number of stages used to achieve the task: single-
stage object detection approaches and two-stage object detection approaches. You Only Look
Once (Yolo) and single shot detection model (SSD) are the most popular one-stage object
detection algorithms used today. Although the one-stage methods are very fast for real-time
usage, they are less efficient than the two-stage ones that have usually greater recognition
accuracy [14]. Two-stage object detection techniques include R-FCN, Fast R-CNN, and Faster
R-CNN. The progression from R-CNN [15] to Fast R-CNN [16] and then to Faster R-CNN
[17] validates the advancements made in this field. Faster R-CNN is a popular model for object
recognition and detection. It surpasses previous convolutional neural network (CNN) based
designs regarding object detection accuracy [18], [19].

This study proposes a Faster RCNN algorithm that can deliver detection and classification
accuracy on par with the latest techniques. Below is a summary of this paper's main
contributions:

1. This work considers the first attempt to use Faster R-CNN with the KHATT dataset.

2. Proposing two novel models based on the Faster R-CNN that use the pre-trained VGG 16
and ResNet50.

3. Using Soft-NMS instead of NMS in the final stage of the Faster R-CNN to enhance its
object detection efficacy.
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4. Using multiple threshold values and comparing their respective results to determine the
best value for the loU metric that increases the detection of words.

The paper is structured as follows: Section 2 will review the main previous techniques
developed for recognizing Arabic language in the KHATT dataset. Section 3 will describe the
suggested method's components. Section 4 will examine the experimental results. Finally, in
section 5, conclusions and some perspectives will be presented.

2. Literature Survey

This section focuses on the recognition systems developed for the Arabic language in the
KHATT dataset.

Riaz et al. [20] presented in 2017 a method for Arabic character recognition based on Multi-
Dimensional Long Short-Term Memory (MDLSTM), with the Connectionist Temporal
Classification (CTC) layer as the last layer. They employed text-line preprocessing to remove
excess white space, correct skew, eliminate unnecessary information, and normalize the text.
On text lines from the KHATT dataset, they reported a Character Error Rate (CER) of 24.25%,
and the system achieved a total accuracy rate of 75.8% on unique text lines in the KHATT
dataset. Furthermore, they proposed, in [21] in 2020 improved their previous method by
applying five data augmentation techniques and a deep learning strategy. They achieved a
higher accuracy rate of 80.02% for character recognition, as well as a character error rate of
4.22% and a label error rate of 19.98%.

Moreover, Liangke et al. [22] developed a novel approach for handwriting recognition that
uses reinforcement learning. A CNN was employed to extract features, while a sequence-to-
sequence strategy transcribed handwritten text lines. The system incorporated a Policy
Network (PN) for reinforcement learning, trained to dynamically select an optimal context
length from a range of available context lengths. The encoders and decoders were implemented
using Long Short-Term Memory (LSTM). Preprocessing the input images involved converting
them to binary images and adjusting them to a 32 pixels size to preserve the aspect ratio. The
system can recognize lines of handwritten text from three different datasets, namely 1AM,
RIMES, and KHATT. In line recognition tasks on the KHATT dataset, the model achieved a
6.93% CER. Overall, the results show that the proposed method is a promising novel approach
to handwriting recognition.

Mohamed et al. [23] presented a fully convolutional network (FCN) architecture for
unconstrained text recognition. It used depth-wise convolutions, gate blocks, and general data
augmentation approaches, trained on full line or word labels with the CTC loss function. They
achieved the best results on seven public benchmark datasets, including handwriting,
CAPTCHA, OCR, license plate recognition, scene text recognition, and the ICFHR2018
Competition on Automated Text Recognition on a READ dataset. On the KHATT, it achieved
a rate of 8.7% on CER and a higher accuracy rate of 91.02%.

Sana et al. [24] in the same year proposed, a method for recognizing handwritten Arabic
text using various combination architectures involving Bidirectional Long Short-Term
Memory (BLSTM) and CTC. The researchers compared three levels of combinations: low-
level fusion, mid-level combination methods, and high-level fusion trained in variou
handcrafted features. Their study employed the Arabic KHATT dataset for experimentatj
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and applied the preprocessing step, which includes the line image conversion into a binary
image, height normalization, denoising, and deflection angle determination. The results
showed that cooperative systems, with high-level combinations, outperformed individual
methods. The test set achieved a Word Error Rate (WER) of 13.52% and a CER of 7.85%,
corresponding to an accuracy of 86.48%. After, in 2019, Sana et al. [25] proposed a novel
approach for recognizing any out-of-vocabulary (OOV) word as an arbitrary sequence of sub-
word units. This approach was tested on two handwriting recognition methods: one based on
customized HOG features and a BLSTM and CTC architecture, and the other based on CNN’s
learned features and the MDLSTM as a classifier with CTC. The experiments were conducted
on the KHATT Arabic dataset after applying the preprocessing step, which includes converting
the line image into a binary image, height normalization, denoising, and deflection angle
determination. Authors showed that combining full-word models of character, morpheme, and
PAWSs is successful for dealing with OOV words, particularly when employing the CNN-
MDLSTM architecture. Sub-word and character language models (LMs) can assure significant
coverage of OOVs. The Combination of Full-Word, Morphemes, Paws, and Character model
achieved a WER of 20.86%. Furthermore, they proposed, in [26], an Arabic handwritten text
recognition model using KHATT and AHTID/MW databases. As part of the preprocessing
step, the input gray image was standardized to a fixed height of 96. The model comprises
convolutional and MDLSTM layers and a combination of CTC and WFST to convert the output
into a sequence of words, morphemes, or parts of Arabic words (PAWS). The authors used
three different recognition methods to recognize (OOV) words and recovered them using a
dynamic lexicon. Overall, they achieved a KHATT word error rate (WER) of 20.83% and an
accuracy of 79.17%.

In addition, Zouhaira et al. [27] proposed, in 2019, a method for recognizing Arabic
handwritten text lines using a combination of two deep learning algorithms, CNN and BLSTM.
They divided the system into three phases. The first phase is preprocessing, which includes
removing white areas, binarization, skew detection, and correction on the text line. The second
phase is feature extraction using CNN and BLSTM sequence modelling. Finally, they used the
CTC function for text recognition. Evaluated on the KHATT dataset, the system achieved an
8.63% CER and a 20.17% WER, resulting in an accuracy of about 79.83%. Recently, in 2020,
Zouhaira et al. [28] proposed an effective open-vocabulary offline recognition method for
handwritten Arabic text based on a character model. They firstly improved image quality
through various preprocessing steps, including binarization, resizing, baseline detection, line
skew correction, slant correction, and normalization of character height. Then, they developed
a deep RCNN model that uses a VGGNet architecture combined with a BLSTM layer to learn
an open vocabulary. A CTC beam search decoder with BLSTM was used for sequence
modelling. The experiments were conducted using KHATT with AHTID/MW databases. The
proposed model achieved an accuracy of 87.39%, a CER of 2.43%, and a WER of 12.61%.
Moreover, they presented, in [29], a recognition model for Arabic script using the transfer
learning (TL) approach. The CNN-BLSTM-CTC architecture underpins the recognition
system. Three Arabic text line databases were used in the paper which are P-KHATT, KHATT
and AHTID. Transfer learning from the printed P-KHATT database was chosen for training to
the handwritten KHATT and AHTID databases. The experiments revealed that the TL
technique performed well. For KHATT dataset, the system achieved a CER of about 1.6
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and a WER of 10.22%. More recently, [30] in 2021 they proposed a novel character recognition
system that improves previous recognition models. The system was divided into three phases:
preprocessing, feature extraction, and recognition. Preprocessing involves eliminating any
variable resources from the image scanning phase and normalizing the size of the images. CNN
architectures were used to extract relevant image descriptors. Recognition included sequence
modelling and training using the BLSTM network and the CTC decoder. The proposed system
was trained and evaluated using two Arabic text recognition datasets, KHATT, and
AHTID/MW. It achieved, on the KHATT dataset, a WER of about 11.53% with Dense-
VGGNet and a recognition rate of 89%. The results show that the CRNN based on densely
VGGNet-dense and BLSTM is a very interesting model for Arabic handwritten recognition.

Takwa et al. [31] proposed in 2022 an attention-based CNN-Att-BLSTM-CTC
architecture for extracting handwritten Arabic words. First, the significant features of the text-
line input image were retrieved using a CNN. The extracted features and the text line
transcription were then sent into an attention-based BLSTM network to propagate information.
The BLSTM made features sequence in order while the attention mechanism selected relevant
information from the features sequences. Finally, a CTC was used to learn the alignment
between text-line images and their transcription automatically. Authors trained the suggested
model on KHATT. The experimental results showed a rate efficiency of 91.7%.

Despite the efficiency of the existing models, they suffer from some limitations. In fact,
these models use several preprocessing steps like binarization, skew detection and correction,
etc. A sliding window is also employed in the features extraction step. Moreover, many
methods use lexicons, and language model for the recognition. Furthermore, these methods
need a lot of training data to ensure good recognition accuracy.

3. Methodology of Faster R-CNN for Handwriting Word Detection

Our proposed method is a deep learning model based on the Faster Region-Convolution Neural
Network (Faster R-CNN) [17]. It is designed to detect and classify Arabic words in a text line
from the KHATT dataset. The method is divided into two stages. In the first stage, we will
prepare the data by removing the white areas, normalizing the size of the images, and then
labeling the regions of interest in each image to determine the words on which we will train
the model. The second stage includes applying the Faster R-CNN to detect and classify the
words in each image. Figure 1 shows the general framework of the proposed model.

Image dataset Faster R-CNN

| Preprocessing | | Regions extraction by RPN

Proposals

| Image labeling |—->| Feature maps |—>| ROI Pooling |-—>| Full connection layers
I
v v

Classification Regressor
score of object bounding box

Data preparation

Figure 1. General framework of the proposed model
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3.1. Preparation of Data
3.1.1. Dataset

KHATT (KFUPM Handwritten Arabic TexT) database was presented at the 13th International
Conference on Frontiers in Handwriting Recognition (ICFHR) in 2012, intending to facilitate
the researches in character recognition regarding Arabic script [32], [33]. It is a freely available
offline handwritten text comprising 4000 paragraphs written by 1000 writers from different
countries, age groups, genders, and education levels. This dataset contains unrestricted writing
styles [20], [34]. It includes 2000 unique, randomly selected paragraphs with different text
contents and 2000 fixed paragraphs with the same content [35]. The paragraphs are segmented
into 9000 text lines automatically [32]. The database is very suitable for research in Arabic
writer identification and handwriting recognition [36]. Figure 2, given below, shows some
samples of the text lines in the KHATT dataset. Researchers face various difficulties when
dealing with this database. The main problems are the following:

1. Many text-line images have different extra white regions;
2. There is no proper baseline;

3. Many of the text lines are skewed,;

4. Each text line has a different height;

5. There is no set number of words per text line.
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Figure 2. Samples of the text lines in the KHATT dataset.

3.1.2. Preprocessing
In the first step, the images are processed to remove all white areas, and the maximum width
and height values are determined. Then, in the second step, a white box, of dimensions equal
to the maximum width and height values with 5 pixels added on each side, is generated. This
facilitates the labeling process around each category in the image. In the third step, the text
image is positioned at the center of the white box, resulting in a final composite image with a
size of 1424x248 pixels used during the training and testing phases of the model. Figure 3
shows the steps of removing the white areas from the original image and inserting the resulting
text image into the white image. Moreover, algorithm 1 given below describes the general steps
for the image preprocessing.
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Figure 3. Preprocessing steps

Algorithm 1: Image Preprocessing
Input: Original images with non-uniform size
Output: Images with uniform size
1. Input images with non-uniform size.
2. ldentify and remove white areas from images.
3. Calculate the width and height values for all images.
4. Find the max value of the width and height.
5. Calculate the new size by adding 5 pixels to the max width and height value to
facilitate the labeling process around each category in the image.
Create a white image by using the new size.
7. Create new images by adding the images after deleting the white areas in the
middle of the white image.

S

3.1.3. Data Labeling

To train the proposed model, we require two types of input: the image sample and the word's
location in the input image. The KHATT dataset used in our work does not contain the required
annotations. To address this issue, the labelling tool is used manually to construct bounding
box (bbox) annotations around each object in the image [37]. The resulting annotations are
saved in XML files, which contain the bbox values and class names of each object (xmax,
Xmin, ymax, ymin, height, and width). Each image has its own XML file. Finally, the XML
files are grouped into one CSV file, and then converted to a TXT file used for the training and
testing phases. Figure 4 shows the steps of labeling the objects in the image.
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Figure 4. Steps of labeling classes in images

3.2. Faster R-CNN

In our work, we consider two pre-trained CNN models, VGG16 and ResNet50, which are the
most frequently used with Faster R-CNN. These modules are trained independently to extract
features from the labeled regions, allowing us to identify each word's unique characteristics.
Then, the Region Proposal Networks (RPN) is applied to generate exact regional proposals.
Finally, the Fast R-CNN method (detector) is used. It involves Region Proposal Network (Rol)
Pooling, class localization, and classification to identify the classes with scores for words and
their locations (the bounding boxes around words) within the images [38], [39]. Soft-NMS was
used instead of Non-Maximum Suppression (NMS) in post-processing to improve the detection
accuracy of the word [40]. Algorithm 2 summarizes the general outline of the Faster R-CNN
for detecting and classifying Arabic words.
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Algorithm 2: Faster R-CNN to detect and classify Arabic handwritten words

Input: Image of an Arabic handwritten line of text
Output: Detected and classified Arabic words in the image with their bounding
boxes and confidence scores
1. Preprocess the images.
a. Removing the white areas
b. Normalizing the size of the images.
c. Labeling the classes in all images.

2. Apply the Faster R-CNN

a. Extracting the feature maps using a convolutional neural network (CNN).

b. Extract the proposed regions by using the region proposal network (RPN).

c. Extract the Rol feature maps using the RPN and feature maps.

d. Extract the class probabilities and bounding box coordinates by passing the Rol
feature maps to the fully connected layers.

e. Calculate the loss between the predicted class probabilities, bounding box
coordinates, ground truth class labels, and bounding boxes.

f. Update the parameters of the network using backpropagation and gradient
descent.

g. Repeat steps (a-f) for multiple epochs until convergence.

3. Use the trained model to predict the class labels and bounding boxes for new
handwritten text images.

3.2.1. Features’ Extraction using the shared CNN

Our approach uses CNN, a leading-edge object detection technique. CNNs employ a set of
convolution and pooling operations to extract essential features from images. In our method,
we pass each image and its corresponding annotations through a feature extractor algorithm,
resulting in the generation of a feature map [41], [42]. For this purpose, we employ pre-trained
networks trained on the ImageNet dataset to ensure efficient and effective extraction of image
features. The networks used in our approach are described below.

e VGG16 Network
Simonyan [43] introduced the VGG16 network architecture. This network was used to extract
image features [44]. It is a pre-trained ConvNet with a 16-depth weight layers comprising 13
convolution layers with Relu (Rectified Liner Units) activation functions and 3 fully connected
layers. Moreover, it contains 4 pooling layers [45]. The network core is created by removing
the final fully connected layer and only keeping the front part of the convolutional layer [46].
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e Residual Network (ResNet)

It is a network architecture that was proposed in 2015 [47]. ResNet has been extensively
employed in various domains, including recognition, detection, segmentation, classification,
and object detection. This network can address the clear deterioration issue as network depth
increases [48], [49]. The ResNet50 is a feature extraction algorithm pre-trained on the
ImageNet dataset. In the ResNet50-based residual module, we can find two distinct structures:
the identity block and the convolution block. The Identity Block module maintains the same
dimensions as its input and output vectors, facilitating the direct deepening of the network.
Through concatenation, deep semantic information is learned. The ConvBlock module uses a
1x1 convolution process to ensure compatibility between its input and output vectors, adjusting
the dimensions accordingly. ResNet50 comprises four sets of residual modules, one fully
connected layer, and one convolutional layer [48].

3.2.2. Region Proposal Network (RPN)

The RPN, which stands for Region Proposal Network, is a fully convolutional network (FCN)
that can be trained from end to end. Its purpose is to generate exact regional proposals. The
detection network and the RPN in this system use shared full-image convolutional features,
enabling the generation of roughly cost-free region proposals [50]. These proposals can then
be fed into the Fast R-CNN for detection [51]. The RPN takes the feature map output from the
previous network as input to generate the proposals, processes them, and outputs object
proposals. It uses a 3x3 sliding window approach to process the input and generate a feature
vector. At each image point, 9 anchors are generated for each sliding window, with three aspect
ratios (1:1, 2:1, 1:2) and three scales (32, 64, and 128), but in the exact centre. Two fully
connected layers then process proposals to determine the likelihood that an object will be
present in the proposed window. One layer is dedicated to regression and predicts the object’s
bounding box coordinates. While the other layer determines if the proposal is an object (word)
or it is a background [48]. Figure 5 illustrates the Region Proposal Network (RPN). The RPN
guides the Fast R-CNN module on where to look.

2K scores | | 4K coordinates Q:: N
cls faver \ / reg layer
{F intermediate layer
S N A-‘ -- ‘- o IR A
- N
ANt - (.
\ \ ................

sliding window

conv feature map

Figure 5. Region Proposal Network (RPN) [17]
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Intersection over Union (loU) is a key object detection indication. In regression, the loU
is the best indication of the predicted bounding box's distance from the truth box. Equation 1
shows the loU formula [52].

_ Anchor n GTBox

loU = (1)
Anchor U GTBox

Where: loU is the ratio between the area of overlap of the ground truth bounding box
(GTBox) and the anchor in question and their union, Anchors are output suggestions that
receive an objectness score based on the intersection over union (loU) score [53].

The RPN uses two kinds of anchors: positive and negative. An anchor is positive when the
loU score exceeds 0.7 with any ground truth box. A negative anchor is assigned when the loU
score is lower than 0.3 for each ground truth area. The anchors whose scores are between 0.3
and 0.7 do not affect the training loss, while the remaining negative and positive anchors are
used to train the next network module [14]. Equation 2 is used to assign positive or negative
anchors based on the threshold value [54].

(-1 if IoU <03
p*‘{ 1 if loU >0.7 (2)

The loss function of the whole network is given by the following equation:

l : :
N. p; Lreg (ti: ti) ( 3)
reg =

1
LCtp () = = ) Laas(pupi) +2

Where i is the index of anchors, pi is the probability that the i anchor is predicted to be the
true label, pi* is the presence or absence of a target for the anchor, ti is the prediction of the
bounding box regression parameter of the i anchor, ti* is the ground truth box corresponding
to the i1 anchor, Ncls is the batch size, Nreg is the number of anchor positions, and A is the
balance parameter. Lcls is a binary log loss and Lreg is a smoothed L1 loss.

Faster R-CNN can be trained end-to-end by back-propagation using the stochastic
gradient descent (SGD) for the optimization of the loss function [14], [17], [51], [55]. NMS is
a critical step in object detection models that aims to reduce redundancy in proposals generated
by RPNs. NMS selects the detection box with the highest classification score based on CLS
scores and eliminates other boxes with significant overlap surpassing a predefined loU
threshold. By discarding redundant proposals, NMS reduces the number of proposals while
maintaining detection accuracy [17], [53], [56]. To address the multiple detections of the same
object in an image, we used Soft-NMS after the classification stage, which offers many
benefits. In fact, it improves handling of overlapping detections and enhances localization
accuracy in addition to the flexibility in the selection of bounding boxes, and the ability to fine-
tune confidence scores. These advantages make soft-NMS a valuable technique for refinin
object detection in object detection models like Faster R-CNN [40].
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3.2.3. Fast R-CNN detector

A detection network receives the feature map and the regions of interest generated by the
previous networks as input. It comprises a classification layer and a bounding box regression
layer. The classification layer predicts the class probabilities for each region of interest, while
the bounding box regression layer predicts the coordinates of the bounding box for each region
of interest. Together, these layers generate the predicted class and bounding box coordinates
for the detected objects [55], [57].

e Region of interest pooling (Rol pooling)

For every Rol from the input, Rol pooling takes a section of the corresponding feature map and
scales it to fixed size. Then, after processing the feature maps and proposals, summing these
information, and generating proposal feature maps with fixed sizes, the latter will be reshaped
into vectors to be fed to fully connected layers [38], [57].

e Classification and regression

The classifier unit, which is a fully connected layer, displays the class associated with each
word while the bbox formed via bounding box regression reveals the eventual position of the
recognized word [38], [41], [51].

4. Implementation and Results

In this stage, we use a dataset of 1000 images with a size of 2424x248 pixels, each with varying
counts of classes, all in ".tif" format. Split into 800 images for training and 200 images for
testing. We trained our proposed method to localize and classify 16 specific classes. The
number of epochs is 35 for VGG16 and ResNet50, each comprising 800 iterations, with a
learning rate le-5.

The training process executes on an NVIDIA Processor Core i9 and uses Python to write
the codes. With the VGG16 model, the Faster R-CNN requires 76 hours to be trained while
with the ResNet50 model, it requires only 41 hours the performance. The entire training is
carried out in a CPU environment. We note here that the training time can be significantly
reduced if we use a GPU environment.

To evaluate the performances of these models in terms of detection and classification. The
experiments are conducted on a testing images containing (2763) words. Each image varies in
terms of number of words, percentage of distortions, and writing style. Table 1 shows the
names of each class used in the train and test phase and the total number of each class. Figures
6 and 7 illustrate the total loss for the two models, VGG16 and ResNet50.
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Table 1. Classes’ names and counts for the training and testing stage

Training stage Testing stage
Class name | Class count Class name Class count
Al 800 " 200
& 798 & 200
ik 788 PO 197
ple pa 795 ale pa 199
doniay 786 dnia, 197
<50 796 a5 200
o 797 8 195
s 795 s 199
& 778 & 194
A 766 il 195
b salac 733 L galac 190
B 598 B 173
Jha 591 Ja 168
o)s 410 o)s 122
e 263 —ase 80
el 161 el 54
loss_rpn_cls loss_rpn_regr total_loss
1.0 25
0.8 .
0.0 0.02 4 03
0 05 1 15 220 3 N B 0 5 1 15 220 % N B 5 T o 1 20 2 3
a) RPN loss b) Total loss

Figure 6. Training loss in the VGG16 model
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a) RPN loss b) Total loss
Fig. 7. Training loss in the ResNet50 model

Figure 8 shows some results obtained from the test phase using the VGG16 network after
training the model with 35 epochs and 800 iterations.

O(c_n.u':.f—uJL’J)Lbs]o,:Ja.G)SUo&lJ\sstgjss)mpU—)‘o)éJaat_ym) )
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(o] 500 1000 1500 2000

200 -
0 500 1000 1500 2000

Figure 8. Some test results for the Faster R-CNN with the VGG16 network.

Figure 9 shows some results obtained from the test phase using the ResNet50 network
after training the model with 35 epochs and 800 iterations.
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Figure 9. Some test results for the Faster R-CNN with the Resnet50.
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We generate the confusion matrices for the two proposed models. Then, we use several
evaluation metrics to assess the proposed approach’s efficiency, including accuracy, precision
(P), recall (R) and F1_score (F). These values depend on the loU threshold which is a crucial
parameter that determines whether a predicted bounding box is a true positive or a false
positive.

We use several evaluation metrics to assess the proposed approach’s efficiency, including
accuracy, precision, recall, F1 score These metrics are defined as follows:

2 _ TP+ TN 4)
CUracy = TP I TN + FN + FP
TP
P - 5
Precision TP+ FP (5)
TP

- - 6

Recall TPTFN (6)
2 * Precision * Recall

F1 Score = (7)

Precision + Recall

Determining the appropriate loU threshold value depends on the type and purpose of the
application. In our study, we choose three loU threshold values (0.4, 0.45, and 0.5) and compare
the results to determine the best value that suits our work. There values are the frequently used
in the literature [58], [59]. In fact, when the loU threshold is adjusted from 0.5 to slightly lower
values, such as 0.45 and 0.40, the detector tends to predict more small objects included in the
training dataset, and thus the detection performance will be improved. Tables 2 and 3 present
the results of applying three different threshold loU values for the VGG16 and ResNet50,
respectively.

We also use, for the evaluation of the proposed models, the mean average precision (mAP)
which is an essential metric in target detection employed to assess the model's quality. It is
defined as:

N
1
mAP = 5 ZAPl- (8)
i=1

Where (N) is the total number of classes, and (AP;) is the average precision of the (ith)
class.
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Table 2. Results of applying three different threshold loU values with the VGG16
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Class Th. loU values =0.4 Th. loU values =0.45 Th. loU values =0.5
name Precision | Recall | F1 score | Precision | Recall | F1 score | Precision | Recall | F1 score
el 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
s 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
Aba 1.0 0.99 0.99 1.0 0.99 0.99 1.0 0.99 0.99
sy 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
Ay 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
g 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
) 1.0 0.99 1.0 1.0 0.99 0.99 1.0 0.98 0.99
X 1.0 0.99 1.0 1.0 0.99 1.0 1.0 0.99 1.0
& 1.0 0.98 0.99 1.0 0.98 0.99 1.0 0.97 0.99
Ak 1.0 0.98 0.99 1.0 0.98 0.99 1.0 0.98 0.99
b galac 1.0 0.99 1.0 1.0 0.99 1.0 1.0 0.99 1.0
3 1.0 0.98 0.99 1.0 0.94 0.97 1.0 0.85 0.92
Sa 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.99 1.0
oJa 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
de 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
=l 1.0 0.98 0.99 1.0 0.98 0.99 1.0 0.98 0.99
Accuracy 99.4 99.1 98.4

Table 3. Results of applying three different threshold loU values with the ResNet50

Class Th. loU values =0.4 Th. loU values =0.45 Th. loU values =0.5
name Precision | Recall | F1_score | Precision | Recall | F1_score | Precision | Recall | F1_score
Al 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
& 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
Abia 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ple pa 1.0 0.99 0.99 1.0 0.99 0.99 1.0 0.99 0.99
dauay 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.99 0.99
g 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
O 1.0 0.99 1.0 1.0 0.99 1.0 1.0 0.98 0.99
X\ 1.0 0.98 0.99 1.0 0.98 0.99 1.0 0.98 0.99
&l 1.0 0.99 0.99 1.0 0.99 0.99 1.0 0.99 0.99
AL 1.0 0.99 0.99 1.0 0.99 0.99 1.0 0.99 0.99
b golac 1.0 0.98 0.99 1.0 0.98 0.99 1.0 0.98 0.99
K) 1.0 0.84 0.91 1.0 0.83 0.91 1.0 0.76 0.86
o 1.0 0.98 0.99 1.0 0.98 0.99 1.0 0.98 0.99
o)A 1.0 0.98 0.99 1.0 0.98 0.99 1.0 0.97 0.98
i 1.0 0.98 0.99 1.0 0.98 0.99 1.0 0.98 0.99
=l 1.0 0.94 0.97 1.0 0.94 0.97 1.0 0.94 0.97
Accuracy 98 98 97.3

It is shown from the conducted experiments that the best performances for the two models
are obtained after 35 epochs. The VGG16 model achieved an accuracy of 99.4% and mAP of

0.999. While the model with ResNet50 achieved an accuracy of 98% and mAP 0f 0.998.

Moreover, the best loU threshold value is 0.4.
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This study investigates the utilization of Faster R-CNN with the KHATT dataset to detect
specific classes in text lines. Notably, it is essential to acknowledge that the comparison
presented here may be biased because of several factors. These factors include adopting
different detection and classification models, variations in preprocessing methodologies, and
discrepancies in the size of the used data. The comparison primarily emphasizes the accuracy
achieved by applying these models to the KHATT dataset. Table 4 provides a comparative
analysis of the proposed models’ performances with those of other techniques using the
KHATT dataset. It can be clearly shown that our two proposed models exhibit better accuracy
compared to the other models. In addition to these interesting results, they have some other
advantages. In fact, we have not integrated organizational techniques, dictionaries, or linguistic
models contrarily to some state-of-the-art models. Moreover, our models do not require several
preprocessing techniques and large training samples. Finally, they are not very computationally
expensive. Despite these advantages, our methods require manual labeling or annotation of the
training images which is a relatively hard task.

Tables 4. Shows the methods used in KHATT database.

Ref. Model Accuracy
Ref. [20] MDLSTM+CTC 75.8%
Ref. [21] MDLSTM+CTC 80.02%
Ref. [22] CNN+BLSTM-+attention+CTC+reinforcement 93.07%
Ref. [23] FCN+CTC 91.02%
Ref. [24] BLSTM+CTC 86.48%
Ref. [25] CNN+MDLSTM+CTC 79.14%
Ref. [26] CNN+MDLSTM+CTC 79.17%
Ref. [27] CNN+BLSTM+CTC 79.83%
Ref. [28] CNN+BLSTM+CTC 87.39%
Ref. [29] CNN+BLSTM+CTC 89.78%
Ref. [30] CNN(dense-VGGNe)+LSTM+CTC 89%
Ref. [31] CNN-+Attention+ConvLSTM+CTC 91.7%

Our models Faster R-CNN with VGG16 99.4%
Faster R-CNN with ResNet50 98%

5. Conclusion

This research improves the previous recognition system, which utilizes deep learning
techniques and focuses on localizing and recognizing Arabic handwritten words in the KHAAT
dataset. The system used the Faster R-CNN architecture and comprises two models using the
pre-trained VGG 16 and ResNet50, respectively. The two models are trained independently to
extract feature maps from the input images. The work improvement includes increasing the
training classes in the text line to 16 instead of 8, using the Soft-NMS instead of the NMS after
the classification step stage and decreased the loU value to choose the best value. Selecting the
loU threshold value that suits the specific application carefully is crucial. Therefore, reducing
the loU threshold results in more true positives and fewer false positives. Soft-NMS offers
benefits, such as improved handling of overlapping detections, enhanced localization accurac
flexibility in the selection of bounding boxes, and the ability to fine-tune confidence sc
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The models achieve 99% and 98% accuracy for VGG16 and ResNet50, respectively, when
using the loU threshold equal to 0.4. In future work, the research will broaden to another
dataset, and alternative pre-trained networks will replace the models employed in the currently
proposed method, as well as recognize paragraphs.
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