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Abstract

The automatic classification and retrieval of images is a challenging task, especially when
dealing with low-quality and faded inks images, such as the historical manuscripts. Therefore,
in this study we develop a reinforcement learning agent that is capable of interacting with an
environment including historical Arabic manuscript images and retrieve the most similar
images to a query image. First, the deep visual features of the images are extracted utilizing
the pre-trained VGG19 convolutional neural network. Then, the associated deep textual
features of the images are also extracted utilizing the attentional BiILSTM deep learning model.
Both features are fused using the concatenation merge layer and hashed to reduce the
dimensionality among the fused feature vectors for better image classification and retrieval.
The proposed method tested on a manually collected dataset and recorded a promising high
accuracy proved that the computer vision could be better performing than the humans’ vision.

Keywords Reinforcement learning - Image retrieval - Deep features fusion -
Locality-sensitive hashing

1 Introduction

Deep learning technique includes stacked convolutional neural layers that are able to learn and
predict by their own after seeing a huge number of data. Thus, the deep learning learns from
training then, expands the gained knowledge on new unseen data.
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On the other hand, the reinforcement learning is a cutting-edge technique in the machine
learning world. The primary deep reinforcement network consists of an agent and an envi-
ronment. The interaction begins from the environment; it sends the state to the agent. Then, the
agent takes action based on the assigned state. Afterward, the environment rewards the agent
according to the chosen action, as illustrated in Fig. 1.

The reinforcement network communicates an agent with a continuous dynamic environ-
ment looking for the optimal behavior. Thus, the reinforcement learning learns from trial-and-
error actions taken by the agent [10].

Figure 2 illustrates the difference between the deep learning approach and the reinforcement
learning approach.

The reinforcement learning has the advantage of learning from its historic feedback of the
performed actions while trying to fine-tune the learning hyperparameters. Therefore, the final
made decision by a reinforcement model is taken after a sufficient number of iterations and
through reinforcing the machine to learn from the successfully taken actions [16]. The
reinforcement learning is entirely autonomous in its learning, and it requires fewer data to
learn than the deep learning technique. The technique has been widely adopted in electronic
games such as the Atari, chess, and in developing robots [29].

A classical reinforcement learning method is using handcrafted states, such as temperature,
speed, etc. [24]. However, the deep learning technology could be merged with the reinforce-
ment learning technique to reach a Deep Reinforcement Learning (DRL) model.

Reinforcement learning can be on-policy or off-policy. The main difference between these
two types of learning is that the on-policy learning methods learn the value of the policy being
taken by the agent. In contrast, the off-policy learning methods don’t consider the agents’
taken actions while learning the policy’s optimal value. An example of on-policy learning is
the R-Learning, while the Q-Learning is off-policy.

Contributions of the paper present in; “to the best of our knowledge” being the first study
that develops an enhanced deep reinforcement learning model to retrieve the Arabic manu-
script images. The model is based on the features-level fusion of both the visual and textual
models. The fused features are then hashed to reduces the dimensionalities among them and to
make the environment more stable through removing the randomness existed in the search

process.
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Fig. 1 The basic architecture of the reinforcement network
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Fig. 2 Difference between deep learning and reinforcement learning

The rest of the paper is organized as follows: Section 2 discusses the literature review.
Section 3 explains the proposed model for automatic image classification and retrieval.
Section 4 discusses the experiments and test results. While section 5 concludes the paper
and presents some ideas for the future work.

2 Literature review

Many efforts accomplished for retrieving the images of the Arabic manuscripts successfully.
Some studies used the static handcrafted features to retrieve the images of the Arabic
manuscripts, such as Yahia [31], who recommended using the latent semantic indexing for
retrieving the images of the Arabic manuscripts. He started by preprocessing the textual-
images through smoothing and converting them into a grey-scale version. Afterward, he
segmented the images into lines and words and measured the similarities among them using
the singular value decomposition method. The author recorded 78.8% recall. Similarly, El-
Makhfi [8] recommended words spotting using the speeded-up robust features’ technique. The
author measured the similarity among the images using the Euclidean and the Mahalanobis
distance methods. He measured the recognition accuracy and reached 95.27%.
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Othman [19] utilized the bag of word fragments algorithm to recognize the handcrafted
features and spot the Arabic words. He binarized the colored images and removed all the non-
textual parts form them to be able to segment them successfully. Then, he measured the
similarities using both the histogram intersection and the earth movers distance metrices. The
author computed both the precision and the recall and reached 89.60% precision and 50%
recall. Al-Maadeed et al. [3] proposed using the optical shape recognition method to spot the
words within the ancient Arabic manuscripts images. The author developed a web-based
search system and built the database using the SQL language. He reached that the manual
handwritten images must be converted into digital form to be able to search and retrieve them.

Other studies extracted the automatic deep learning features from the Arabic manuscripts’
images, such as [9, 12]. Elnagar et al. [9] recognized the deep learning features of two Arabic
datasets using the attentional recurrent neural network. The researchers classified the Arabic
text using the “Sigmoid” activation function and recorded 96.94% classification accuracy
using the SANAD dataset and 88.68% using the NADiIA dataset. Moreover, Khayyat and
Elrefaei [12] fused the visual and the textual deep learning features presented in the ancient
Arabic manuscripts’ images. The authors extracted the visual features using the four different
pre-trained convolutional neural networks reaching that VGG19 is the most accurate network
for extracting the visual features. Then, they extracted the textual features using an enhanced
attentional and bidirectional LSTM deep learning model. Both VGG19 and the attentional
bidirectional LSTM deep learning model fused at three various levels, which are decision,
features, and score level fusion. They concluded that the three fusion methods are generating
close results. However, the score-level fusion method generated the highest image classifica-
tion, and retrieval result as 0.9896% classification accuracy and 0.9819% mean average
precision using the top-10 retrieval.

Concerning the image classification and retrieval in general, we found some efforts
accomplished using the reinforcement learning technique. For instance, Chen et al. [7]
proposed recognizing and classifying multi-labeled images using the recurrent attentional
reinforcement learning. The problem they are trying to solve is considered a sequential
decision task since the images are including more than one semantic label. They started their
work by localizing specific regions in the input images to the model using the deep VGG16
CNN. Then, they developed an attentional LSTM deep learning model that takes the extracted
features from the images’ regions, as well as the preceding iterations’ hidden states as inputs to
recognize the semantics of the images and use them in the classification process.

The entire models developed in a deep reinforcement fashion that considers the actions as
classifying the localized attentional region of images. The states are chosen according to the
preceding iterations’ details, and the features extracted from the images’ regions using the deep
VGG16 CNN. The rewards are the successful classification of the multi-labeled images. The
authors used two datasets named: “PASCAL VOC” and “MSCOCO” to evaluate their
proposed method. They computed the mean Average Precision (mAP) and recorded 92.0%
using the PASCAL VOC dataset, and 71.1% F-score using the MSCOCO dataset.

Lin et al. [15] recommended using the Deep Q-learning Network for imbalanced data
(DQNimb) to solve the image classification problem, which is formalized as a sequential
decision-making problem. Because the used dataset is imbalanced, the authors employed the
Imbalanced Classification Markov Decision Process (ICMDP) solution method. The basic
concept of the method is to reward the classified images from the minor classes more than the
images from the classes that include a large number of images, to overcome the imbalanced
dataset problem. Regarding the used policy, it’s an e-greedy policy that utilizes a replay
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memory to store the real-time experiences and use them to simplify the agent learning process.
Hence, a new dataset is built from the agent’s experience. The learning hyperparameters are
(50,000) replay memory size, (120,000) steps to represent the interaction between the agent
and the environment, (Adam) optimizer, (y = 0.1) discount factor, and (0.00025) learning
rate. After setting the learning hyperparameters, the authors used the “IMDB”, “Cifar-10”,
“Mnist” and “Fashion-Minist” datasets to assess their proposed DQNimb. The authors record-
ed the highest G-mean score using the Mnist dataset as 0.991% with 1% imbalance ratio.

Zhao et al. [34] designed and implemented a deep reinforcement learning model for
classifying vehicle images as an attempt to make the transportation system intelligent. They
used the deep VGG CNN with a visual attention layer to focus on the important parts of the
images while ignoring the trivial parts of them. Hence, the role of the agent is to find the
attentional parts of the images. Afterward, the hash code of the query input image, along with
all the other images in the dataset, are computed and then entered a hamming distance to
measure the similarities between them. The generated similarities from the hamming distance
are ranked to retrieve the top similar images to the user query image. The authors used the
surveillance-nature dataset to assess their model and recorded 96.41% classification n
accuracy.

Nie et al. [18] proposed using the Markov Decision Process (MDP) to predict the views of
3D images and then retrieve the images using a deep reinforcement learning-based model. The
authors utilized the OpenGL tool to visualize twelve ordered pictures from each 3D image.
Then, they used the extracted twelve pictures, as well as, the extracted visual features from the
images using the deep FDNnet CNN as the environmental states of the deep reinforcement
learning model. According to the received state from the environment, the developed model
selects between three pre-designed actions, which all move the 3D image into a specific
direction. The authors then computed the Euclidean distance between the query image and the
rest of the images in the dataset to retrieve the most similar images. The authors evaluated their
proposed method using the ModelNet40 dataset, which consists of 3D images. They reached
the highest F-score using the views extraction technique as 31.12%.

Peng et al. [20] encouraged using Deep Reinforcement Learning combined with the Image
Hashing method (DRLIH) to retrieve similar images. The images’ hashing technique uses the
hamming distance metric to match similar images with generated similar hash codes for the
casier retrieval process. The authors developed a recurrent neural network and used them as an
agent to hash the images into binary codes while keeping track of the previous errors to avoid
them in future decisions. The agent follows the Monte-Carlo policy gradient to hash the
images correctly. Three benchmark images datasets were used to evaluate the DRLIH model
named: CIFAR10, NUS-WIDE, and MIRFlickr. The highest recorded mAP was using both
CIFAR10 and NUS-WIDE datasets with 32bit as 84%, while the MIRFLICKR dataset
recorded 81% mAP.

Wang et al. [26] recommended using the pre-trained ResNet50 CNN with the deep
reinforcement learning technique to solve the videos’ highlight recognition for better retrieval
of videos according to users’ preferences. The authors used a set of images and keywords to
match the videos with the users’ preferences. Hence, the videos are first segmented into a set of
images. Then, the model is trained on the segmented images and keywords. Finally, the user
enters a query input image to the model to retrieve the matching videos. The authors evaluated
their model using four complete videos and recorded the mAP. They reached 57.24% mAP
using the big bang theory, 56.93% mAP using the academy awards, 58.25% mAP using love
actually, and 58.62% mAP using the BBC video.
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Zhou and Agichtein [36] introduced a dynamic ranked search environment called
(RLIRank). The authors proposed utilizing the deep reinforcement learning approach to
retrieve the most relevant images to a user query. The retrieved documents get filtered
according to the user’s feedback. Three stacked LSTM layers, followed by a dense neural
network, are used to define the environments states. Once the agent receives a query, then it
will perform the search process. The action taken by the agent is to retrieve the ranked most
relevant images to the query. The TREC 2016 and 2017 datasets were used to evaluate the
proposed model and recorded 79.27% and 64.99% accuracy after the 10th iteration using the
TREC 2016 and TREC 2017 datasets, respectively.

Yao et al. [32] proposed enhancing the personalized search using the reinforcement
learning technique. They called their model (RLPer). It bases on the Markov Decision Process
(MDP) to sequentially filter the retrieved documents according to the user’s preferences.
Moreover, attentional GRUs are used to rank the retrieved documents. The model is trained
at the beginning according to the expert policy; then, the MDP calculated policy is more
engaged to improve the training process. The relevance score between the query and the
retrieved documents is computed using three main parts as following: 1) relevance with the
query, 2) short-term user’s interest, and 3) long-term user’s interest. The authors evaluated
their model using the public AOL search log dataset and recorded 59.81% mAP.

3 Proposed model

The image retrieval task requires a dynamic and interactive search system [36]. Therefore, we
formalize the image retrieval problem as a sequential decision-making problem, where the
agent is considered the search engine. The environment sends an image by image to the agent
for retrieving the most similar images to each query image. To solve the retrieval problem, the
Deep Reinforcement Q-learning Network (DRQN) is used. It involves an end-to-end ordered
interaction between the environment and the agent.

Table 1 lists the main used components, along with their definitions.

From Table 1, we notice that the deep reinforcement learning approach is based on seven
main components, which are explained in detail as follows:

1) Environment: includes the dataset, which consists of the images (/,) along with their
associated textual contexts (Cy), D = {({;, Cy), (I, Cy), ...., (I, C,)}.

Table 1 The definitions of the DRQN components

Component Definition

» Environment Includes the dataset, which has the images along with their associated textual contents.

* Agent Select and retrieve similar images in terms of features utilizing the K-NN algorithm.

« State (S)) The fused extracted features from the visual and the textual models.

* Action (a,) Array of the indices of the relevant retrieved images after computing the distance using the
Cosine metric.

* Policy () Boltzmann exploration policy.

* Reward (r)  The average computed distance of relevant retrieved images.
* Observation  Array of the indices of the irrelevant retrieved images.

(0)
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The environment is created using the “gym” reinforcement learning library. Once, a new
environment is initiated, then it has access to the dataset images and their associated textual
contents. After creating the environment, build an environment’s constructor. At each time
step (?), the constructor shuffles all the train images and select one image randomly. The visual
features of the selected image are extracted using the pre-trained VGG19 convolutional neural
network. Then, the textual contents of the selected image are recalled for extracting the textual
features from them using the BILSTM deep learning model. Both extracted visual and textual
features are fused into one features-level fusion model using the concatenate merge layer from
the “Keras” library. Table 2 illustrates the architecture of the features-level fusion model.

From Table 2, we notice that the fusion model accepts visual and textual inputs. Then, the
model takes the extracted visual features from the VGG19 deep learning model with (512)
dimensions. As well as, it takes the extracted textual features from the optimized BiLSTM
deep learning model with (128) dimensions to concatenate them into one feature-level fusion
model. Therefore, the output shape from the concatenation layer equals (512 visual feature
vector +128 textual feature vector = 640 fused feature vector). The dropout and the batch
normalization layers are added after the concatenation layer to improve the fusion model
classification accuracy, followed by the final “Softmax™ classification layer to predict the
labels of the fused features from both the visual and the textual models. The outputs from the
features-level fusion model are the classified (64) manuscripts labels according to the fused
features vectors.

The features-level fusion model developed using the “Concatenate” merge layer from the
“Keras” deep learning library only. Because the other different types of fusion models such as,
the decision-level fusion model and the score-level fusion model, require the inputs to the
merge layer to be of the same size. While, unlike the other fusion models, the features-level
fusion model able of using features vectors of different sizes. Thus, we used the “Concatenate”
merge layer in conjunction with the developed features-level fusion model for classifying both
images and text according to the manuscripts. Equation (1) illustrates the mathematical
representation of the used concatenate layer.

Concatenate = VCL, TCL (1)

Where VCL represents the visual classified labels and TCL represents the textual classified
labels.

Table 2 Architecture of the features-level fusion model

Layer Output Shape Parameters Number Connected to
Input_1 (224, 224, 3) 0 NA
Input 2 (500, 100) 0 NA
Model 1 (512) 22,124,096 Input_1[0][0]
Model 2 (128) 5,085,108 Input_2[0][0]
Concatenate 1 (640) 0 Model 1 [0, 10]
Model 2 [0, 10]
Droupout_1 (640) 0 Concatenate 1[0][0]
Batch Normalization 3 (640) 2560 Dropout_1[0][0]
Dense 1 (64) 41,024 Batch_Normalization 3[0][0]

@ Springer



15402 Multimedia Tools and Applications (2022) 81:15395-15417

The features-level fusion model complied using the “Adam” optimizer with the “categorical
crossentropy” loss function, utilizing (0.01) learning rate and then, trained using (10) learning
cycles. The generated evaluation results are summarized in Table 9 of [12] research study.

The fused features are then sent to the agent. The following algorithm illustrates the
approach of sending images from the environment to the agent.

Algorithm 1 (Send Images to the Agent)

Let n be the total number of train images
Create an environment using "gym"
Build Environment's Constructor

Create a Search Session

For(n)

{

1. Shuffle images and select one image at
time step ¢ randomly.

2. Extract the visual features from the
selected images using VGG19.

3. Take the corresponding textual content of
the selected image.

4. Extract the textual features from the
retrieved contents using BiLSTM deep
learning model.

5. Fuse both extracted features using the
concatenate layer.

6. Send the fused features to the search agent.

2) Agent: works as a search engine that selects and retrieves the most similar images to the
sent image’s features from the environment. Hence, the agent has access to the fused
features being sent. Once the agent receives states from the environment, it takes actions
as correct as possible utilizing the KNN algorithm to classify and measure the distances
using the Cosine distance metric, trying to reach the optimal relevant list of images. Each
search episode ends when the agent’s goal is reached, which is finding the top-k similar
images correctly.

3) State (S,): All the images in the manually collected dataset are shuffled and augmented
using the “ImageDataGenerator” library in “Keras” as explained in [13]. At each
discrete time step (¢), a random image is chosen to extract its both visual and textual
features. Regarding the visual features, they are extracted using the VGG19 deep
learning model. The textual features associated with each image are also extracted
using the BILSTM deep learning model. Afterward, the features are fused into one
feature vector to represent a newly updated state that is ready to be received by the
search agent.
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4) Action (a): compute the distance between the entered query image and each retrieved
image using the Cosine distance metric associated with the KNN algorithm. Considering
that the goal is to maximize the cumulative rewards to reach the optimal action-value
function (Q*), which is computed as illustrated in Eq. (2) [24]:

0'(s1va) = Olssa) + [ri +ymax O(ss, a)~Qsr, )| @

Where Q(s, a) is the initial action-value function, « refers to the learning step size, 7 is the
environment’s reward based on the chosen action, -y refers to the discount factor 0 <~ < 1, s is
the newly updated state sent from the environment, and a is the new updated action taken by
the agent.

The following equation, clarifies the computation of the initial action-value function [34]:

O(si,a;) =1, + 7y max O(si41,a) (3)

Where a is the set of all actions that the agent can choose from. The agent’s actions are
connected to the dynamic environment according to its computed distance to the query image.
If the computed distance is less than the threshold point then, the image as is set as relevant
image and its index is added to the action array because it belongs to the same manuscript as
the query image. Otherwise, the image is set to irrelevant image and its index is added to an
observation array. Note that, all taken decisions are saved in an experience memory dataset to
help the agent in taking its future actions. Hence, the agent learns from trial and error.

5) Policy (): the Boltzmann exploration policy’ is used to direct the agent with a set of rules
to follow. The policy works with a discrete action space. Hence, it receives the predicted
actions from the agent as probabilities and converts them into distributions representing
the true action that will be applied to the environment.

The implementation of the Boltzmann exploration policy on an action at a time is illustrated in
Eq. (4) [24]:

ePr(a)

m(a) = P (4)

Where P, is the computed probability by the “Softmax” clasification function, and # is the total
number of images in the dataset.

6) Reward (r): according to the action taken by the agent, which is the list of all relevant
images to the user query image, the average of the relevant images distances is returned as
a reward to the agent’s action.

The reward is the average of a simple numerical value that can be computed to help the agent
learns better. In this study, we used the average of the computed distances between the query
image and the relevant retrieved images because the KNN algorithm is depending on the

! https:/nervanasystems.github.io/coach/_modules/rl_coach/exploration_policies/boltzmann.htm[#Boltzmann
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concept of measuring the distances between an image and all the nearest neighboring images
in a dataset. Considering that as much as the distance is small, as much as the retrieved image
is similar to the query image and vice versa. Hence, we can make sure that the model is
working successfully and retrieving similar images to the query image by computing the
average of the distances of the retrieved images and making sure that it is less than the
threshold point, which is set to (0.2). The threshold is a simple constant value used to ensure
that the retrieved images are relevant to the query image.

The value of the threshold point equals to (0.2) because it is the optimal threshold value
reached after calculating the average of the total predicted positive images from the test subset,
which includes only 15% from the entire dataset images. The total number of images in the
entire dataset equals (8638). Thus, 15% of the total number of images equals (1296).
Considering that the total number of positively predicted images equals (310), then the optimal
threshold value is (310/1296 = 0.2).

The calculations are explained in many articles such as in [2, 6, 17].

The reward is a session-based computed value that gets updated with every new episode
that includes a new query image (state). Algorithm 2 explains the computation of the reward.

Algorithm 2 (Reward Computation)

Let £ be the number of the total retrieved similar
images’ distances.

1¢ 1s the reward from the environment to the agent at
the time step 7.

h = 0.2, is the distance threshold.

For (k)

{
If (Cosine distance = (1 — Cosine similarity) <= h)
{set the image as relevant image (R/)}

else
{add the image’s index to the observation array}

}

_ Z’i;() distances (RI)

: (5)

Tt

7) Observation (o,): the indices of all images that are irrelevant (not from the same
manuscript as the query image) are saved in an observation array (o) in the experience
replay memory to assist the agent in the learning process.

Figure 3 illustrates the architecture of the proposed model.
From Fig. 3, we notice that the developed model to retrieve the images consists of six main
steps as following:

1. Start from the environment, which has the dataset images and its related contexts. At each

discrete time step, the environment enters a random shuffled image into the pre-trained
deep VGG19 CNN to extract the visual features from it. Moreover, the corresponding
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Fig. 3 Framework of the proposed DRL model for image retrieval

textual features of the image are extracted using an attentional BILSTM deep learning
model. The features from both the visual and textual models are fused using the concat-
enation merge layer to generate the state (S)).

2. Once the agent receives a state from the environment, it follows the policy rules and
checks the previous saved experience as an attempt to take the correct action. To create the
agent’s experience dataset, we store all the previously taken actions as an experience in a
replay memory. Note that, the first action is taken with no previous saved experience. i.e.,
The efa) = 0, V a. However, as much as the agent is trained, as much as it builds a better
experience depending on the previously taken actions. i.c. ¢; , (@) = eda) + « (ry) T(a).

3. After the agent retrieves the top-k similar images, the distance is computed between the
query image and the rest of the retrieved images to assign the proper reward to the agent’s
taken action.

4. If the retrieved images by the agent are from the same manuscript as the user’s query
image, then the agent gets a reward equals to the average of distances of the relevant
retrieved images.

5. In contrast, if the retrieved image is from a different manuscript than the user’s query
image, then the environment saves the retrieved image’s index in an observation array.

6. The detailed information of the reached decisions are saved in the replay memory (M) to
assist the agent in learning more efficiently through time.

The architecture in Fig. 3 is chosen according to the main components used in the common
basic architecture for any deep reinforcement learning model. As illustrated in Fig. 1, the basic
architecture for all deep reinforcement learning models is that there is a communication
between an agent and the environment, where the environment sends a state to the agent to
be able to respond with an action according to the sent state. Afterward, the environment
rewards the agent on the chosen action to assist the agent to learn better whether the chosen
action is wrong or right. Hence, the agent tries to utilize the reward to reach the optimal action.

The used collected dataset consists of textual-based images. Therefore, we had to employ
two different deep learning models. The first model is VGG19 deep learning model to extract
the visual features from the images. The VGG19 model is selected because we tested many
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deep learning models in previous studies such as the study in [13] and the VGG19 model
generated high promising results in classifying the historical manuscripts images according to
the extracted visual features. On the other hand, the second model for extracting the textual
features is BILSTM deep learning model because it showed in [12] high results in classifying
the images according to their extracted textual features.

After extracting both visual and textual features from the images successfully, we had to
concatenate them using one fusion model. Thus, we used the features-level fusion model,
which represent the final state to the search agent. The agent then applies the KNN algorithm
to be able to take the correct action, which is retrieving the most similar images to each query
image. The environment rewards the agent with the average of the retrieved relevant images’
distances. This reward assists the agent in learning better and take more correct actions in the
future because the entire information are saved in an experience memory dataset.

However, after experimenting the initial developed model, we reached that its generated
results were not very high. Thus, we enhanced it by hashing the generated fused features, as
illustrated in Fig. 4, and explained in the next subsection 3.1.

3.1 Model enhancement

Hashing the features reduces the dimensionalities among them, which assist in improving the
clustering of the images belonging to the same manuscript. The hash function is one of the most
popular solutions for approximating the nearest neighbor search [28]. Because it makes the
environment more stable by removing the randomness in the search process. The hash function
was suggested by many researchers to improve the image retrieval accuracy [5, 11, 21, 23, 25, 27,
30, 33, 35]. In addition, the authors of paper [34] and paper [20] recommended combining the deep
reinforcement learning technique with the hashing technique to increase the image retrieval
accuracy. Therefore, the initially proposed method for the image retrieval increased one step.
From Fig. 4, we notice that the retrieval steps became seven instead of six. The added step is to
take the fused visual and textual features of the images and hash them. Then, send the generated
reduced hashed features to the search agent. This step removes the randomness existed in the
environment and assisted the agent in clustering and identifying similar images more accurately. The
proposed hashing function is the Locality Sensitive Hashing (LSH) Forest method. The author in [4]
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\

Search Agent

Features-Level 1 o St Hash
Fusion Function

Q Top-ksimilar images using KNN

I
|
I
|
T
|
|
i
I
|
|
T
|
|
|

o [ a.: Compute the | Experience
/¢—‘ distance Dataset
Yes o e 0,: Set an observation
\Relevant 1mage
L /
N o (R[)/ 4 <S¢, A, T, O >

~ >

< Se+1, Aes1s Te41 Oev1

<sr,ar,7r, 07 >

Replay Memory (M)

Fig. 4 Enhanced DRL model including the hash function for image retrieval
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recommended using LSH Forest to hash textual data as it improves the retrieval accuracy. The LSH
Forest is a data-independent, unsupervised learning method that clusters the images in groups
according to their similarities. It receives the fused features as input and converts them into binary
hash codes after reducing the dimensionalities among them. Thus, the images from the same
manuscript will have similar hash codes. The mathematical representation of the LSH Forest method
utilizing the min hash codes is presented in Eq. (6) [28]:

S, = argminz,il h;.S, (6)

Where S, is the new binary hashed features generated from the original fused features S;. 29 is
the size of the randomly generated projection hyperplane h = {Ay, hy, hs, .....hyc}.

4 Experiments and tests results

The used hardware is “ABS Battelbox” machine with Ubuntu 16.04 OS and Nvidia Gefore
RTX 2080 GPU.

The dataset used for the experiment is from [13]. It includes 64 historical Arabic manu-
scripts’ having a total of 8638 images, as illustrated in Table 3. The images are having both
visual and textual contents, such as drawings, tables, figures, and texts.

To extract the textual contents from the images, the images uploaded into the “Google” cloud
platform then, the Google optical character recognition tool is used to extract the Arabic handwritten
text from the images. Hence, each image in the dataset is associated with a “.txt” file, including its
textual contents. The initial extracted text tokenized and cleaned using the “natural language tool kit”,>
which removed the stray characters, non-Arabic letters, digits, and stop words. After cleaning the text, it
converted into a feature vector using the “AraVec™™ word-embedding tool and saved it in a database.

The entire dataset was divided into 70% training subset, 15% for the validation subset, and
15% for the testing subset according to the study in [14].

In the reinforcement learning solutions, we need to build or re-use an environment to hold
our dataset. Thus, we minimized the coding part for developing the environment in our
algorithm through re-using the available “gym®*“library.

Gym is a ready and easy-to-use library to develop the reinforcement learning environment
and link it with the domain model as explained in Fig. 5 from [22].

Utilizing the “gym” library, we customized our environment and trained the “DQNAgent”
on the “Boltzmann” exploration policy successfully. This is all done under “Keras-1l” toolkit.
Note that, “Keras-rl” toolkit is used to develop the policy value to action. From
“rl.agents.dqn”, we imported the “DQNAgent”. Moreover, from the “rl.policy”, we imported
the “BoltzmannQPloicy”, and from the “rl.memory”, we imported the “SequantialMemory”.

The “K-NN”, as well as, the “L.SH Forest”’ similarity search algorithms combined with the “Cosine”
distance metric with a (reward value function = 10) are employed to compute the distances among the
top-10 similar images to the user’s query image and retrieve the most relevant images.

Regarding the learning hyperparameters, we set the min_hash_match to (4). Then, the deep
reinforcement learning model was trained for (190 episodes), including (100 interaction steps)

2 http://www.nltk.org/
3 https:/github.com/bakrianoo/aravec/blob/master/README.md
* https://gym.openai.com/
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Table 3 Historical Arabic manuscripts dataset

Manuscript Arabic Title Author English  Time Calligraphy No. of
ID Name Period Images
in Hijri

1 JooVl gol> I Joog)l juus Abu Theyaa 1004 Al-Nask 191
Abdulrahman Bin
Ali Bin
Mohammed

2 )l goll 2 Al-Manawe 0 Al-Hur 42

3 Jol jiS io Alshaikah Hosam 0 Al-Hur 293
Aldin

4 DBVl il 2y oo dslad Abu Jafar Altahawe 0 Al-Nask 80
Almasri

5 agall JlogVl Mohammed Alshaibi 1135 Al-Thulth 12

6 alg,)l ple 8 dlagll Shams Aldin 1305 Al-Farsi 16
Mohammed Bin
Aljazri

7 alll ae al aloy Ji> o 20>l ploYl diwo Alimam Ahmed Bin 0 Al-Hur 309
Hanbal

8 2ilaall 6 e ruilsoll 19,0 Sidi Ali Alqari 1180 Al-Hur 313

9 nsuall golI Abdulrahman Bin 1233 Al-Hur 277
Abibakr Alsayoti

10 el o pluws a0 2 Abu Zakariya Mohe 1075 Al-Nask 162
Aldin Alnawawi

11 2ubaall 6 Wali Aldin Altbrizi 1033 Al-Nask 260

12 2ubaall 6 Wali Aldin Altbrizi 1183 Al-Nask 264

13 ol ol Abu Zakariya Mohe 0 Al-Thulth 114
Aldin Alnawawi

14 ol pMool luwl S5 Ageel Bin Omar 0 Al-Reqaa 16

15 S geo (o dslad Mohammed Bin 1232 Al-Hur 114
Ismail Albukhari

16 ouall 2l ouall (VI 2 i Ibn Hajar Alhythami 1335 Al-Hur 101

17 Jlasll S i Alshaikah Hosam 0 Al-Hur 292
Aldin

18 SUSIL 9 =l95l Ibn Hajar Alhythami 0 Al-Nask 16

19 oYl e Mohammed Bin 1307 Al-Reqaa 30
Mohammed
Alamer

20 2wiluo Shihab Aldin Ahmed 1246 Al-Nask 139
Ibn Mohammed
Alhythami

21 sl jlo> (9 a=bJl ol ay,all asell Hasan Alshernulaly 1384 Al-Nask 27

22 pobaiall xM8 2, pgikall (g1 Mohammed Afandi 1305 Al-Thulth 44
Abbdin

23 dlaasl @iVl e dSall 4>V Mohammed Maki 0 Al-Diwani 10
Bin Azoz Altonisy

24 ol &l Hekma Alhindi 0 Al-Nask 49

25 2olaoll 2, wlgall aln Hasan Alshernulaly 1096 Al-Thulth 216

26 oVl éilo Ibrahim Bin 1064 Al-Diwani 158
Mohammed
Alhalabi

27 &V Ldliall e sasll pS> 9 g0l Abdulmoati 1306 Al-Hur 6
Alsimlawy

28 ol aaxs Hasan Alshernulaly 1064 Al-Nask 7

29 lelog i 9 6Nl (,e dordo Hathar Bin Ahmed 1284 Al-Thulth 25

30 &Il s Hafez Aldin Alnsfy 0 Al-Nask 104

31 SV 8 slasll g 509 oISl 610 Moheb Aldin 1243 Al-Hur 65
Alhamawy

32 632 Gl 9 adll gisy 6zl 65l>] Taj Aldin Bin Ahmed 1310 Al-Farsi 11
Aldahan

33 il oS> 5 gl Joall Ahmed Bin 1066 Al-Thulth 9
Mohammed
Alhamawy

34 Jleill 9 weiall (9 dllw, 1171 Al-Diwani 8
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Table 3 (continued)

Manuscript Arabic Title Author English Time Calligraphy No. of
ID Name Period Images
in Hijri
Taj Aldin Bin Ahmed
Aldahan
35 Labll pls>i Ahmed Bin 1037 Al-Thulth 34
Mohammed
Alnatefy
36 daizdl L@io 9 duyjll xloall Zain Bin Nejam 1239 Al-Thulth 50
37 alagll 2 e alisll Akmal Aldin 1334 Al-Reqaa 274
38 alagll 2 e alell Akmal Aldin 1334 Al-Reqaa 214
39 da> il Do e aaall 651 Omar Bin Omar 1197 Al-Nask 40
Alzahri Aldafri
Alhanafy
40 lS,>X|I J).c o o8I )0 Mala Khasro 0 Al-Hur 82
41 WI Badr Aldin 0 Al-Farsi 71
42 adlsJl ol _,;:I o9 adlall xlgall Hussain Bin Ibrahim 1209 Al-Reqaa 254
43 09 _,>§JI [ Ali Alnubity 1233 Al-Hur 179
44 09,2V 2 e asloui| 6,0 gl Alshenwany 1019 Al-Thulth 129
45 Jolg=ll Clyel e Jolgall gulss Hassan Bin Ahmed 1165 Al-Thulth 82
Zaini Zadah
46 DA 9l 2 b Ibn Hesham Alnahwi 1233 Al-Nask 140
47 obeYlacld 2, 9 oleYl willa) Haj Baba Ibn Othman 1086 Al-Reqaa 119
Althrsiwi
48 428 poull io e duil> Ahmed Bin Zaini 1283 Al-Reqaa 9
Dahlan
49 Sl ololés Qasem Alhariry 1064 Al-Thulth 132
50 oSl al> Mohammed 0 Al-Nask 138
Alnawajy Almasri
51 Wl 8Ll 6,859 WYl sy, Ahmed Bin 1330 Al-Farsi 271
Mohammed
Alkhafagy
52 aynsll dlwJl 20 Yousef Alhanafi 1168 Al-Reqaa 6
Alshafei
53 RERV-1 ROV TN | VW) Mohammed Alkhatib 0 Al-Reqaa 280
Alsherbini
54 Sl 2 e dunl> Mohi Aldin Altaljy =~ 1135 Al-Reqaa 96
55 acluwll by aclvyl Mohammed Bin 1368 Al-Nask 98
Abdulrasol
56 a0l (8 gall B> 2 (8 j9nall 2 Jalal Aldin Alsayoti 0 Al-Thulth 103
57 dugaall yilailly oluadl Abdulwahab 1160 Al-Diwani 297
Alshearani
58 GBI S 2 glazdl us Alzailai 0 Al-Reqaa 283
59 GBI S 2 glazdl us Alzailai 0 Al-Reqaa 381
60 &I S 2 gilazdl us Alzailai 0 Al-Reqaa 141
61 GBI S 2 glaxl us Alzailai 0 Al-Reqaa 175
62 GBI S 2 giladl s Alzailai 1132 Al-Reqaa 373
63 paé)l qid Othman Ibn 1233 Al-Reqaa 170
. Mohammed
64 Ol bl Abduallah Bin 1053 Al-Nask 237
Alnasqi

between the agent and the environment per episode. The environment seed used to initialize
the complete environment per episode was set to (123), while the agent warmup steps set to
(30). The model’s render mode was initialized to “human” to keep the learning more stable.
Finally, we compiled the deep reinforcement learning model using (Adam) optimizer with a
(0.001) learning rate.

The complete code for extracting the visual and textual features from the Arabic

manuscripts’ images and then concatenate them into one fusion model is available on
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github.’ In addition, the code to develop the enhanced deep reinforcement learning
model that utilizes the fused visual and textual features for the image retrieval is
available on github.6

Figure 6 illustrates an example of the testing phase by the developed model.

From Fig. 6, we notice that the testing phase includes entering the user’s query image
to the model to retrieve the most similar images to it. Therefore, the text associated with
the entered query image is recalled to extract both the visual and the textual features of
the image. Then, fuse them using one features-level fusion model. The fused features are
then hashed using the LSH Forest method to reduce the dimensionalities among the
features and remove the environment’s randomness. The hashed fused features are
passed into the search agent to select and retrieve the most similar images to the user
query image using the K-NN algorithm. During the agent’s search process, it checks its
experience replay memory, which was built during the training phase as an attempt to
take the correct action as possible.

The Cosine distance is measured between the query image and each retrieved image to
decide their relevancy. Considering that the distance threshold is set to (0.2), then the
first four retrieved images, which are highlighted using the green color in Fig. 6, are
relevant and belonging to the same manuscript as the query image. In contrast, the last
retrieved image that is highlighted using the red color is irrelevant, and it is from
different manuscripts than the true manuscript of the query image. Note that, the distance
of the first retrieved image is (0.000), meaning that the model retrieved the exact same
user’s query image.

To evaluate the performance of the developed deep reinforcement learning models, we
computed the generated accuracy by each model. The equation for calculating the
accuracy evaluation metric presented in (7) [1]:

Accuracy = Seu (7
T,
Where S,,, represents the number of successfully retrieved images and T, represents the total
number of images.

For the image retrieval task, we computed the mean Average Precision (mAP). Hence, first
the Average Precision (AP) for each query until position N is computed as in Eq. (8):

1 _y TP

imi— (8)

AP = —
GT i

Where GT are the ground truth labels, and TP are the true positive labels. Afterward, the mean
of the computed average precision is calculated as illustrated in Eq. (9):

1
mAP = >V AP; 9)

> https:/github.com/ManalKhayyat/Arabic_Manuscripts_Image Retrieval
© https://github.com/Manal-Khayyat/DRL
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Fig. 6 Framework of the proposed DRL model for image retrieval
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The results of the classification accuracy and the mAP of the successfully retrieved top-10
similar images utilizing both the initial DRQN and the enhanced DRQN model, including the
hashing function, are summarized in Table 4. The same results are visualized in Fig. 7.

From Table 4 and Fig. 7, we notice that the recorded evaluation parameters are higher when we
employed the hashing function to reduce the dimensionality among the fused features vectors.

The use of the K-NN algorithm alone to retrieve the similar images was including some
randomness in searching the most similar images to the user query image, while combining the
K-NN algorithm with the LSH Forest method eliminated the existed randomness in the
environment and assisted the agent in its learning process, which resulted in more accurate
images retrieval. The average retrieval time in seconds using the GPU for each retrieved top-10
similar images calculated from the entire dataset and utilizing the Cosine distance metric
within the KNN algorithm equals 5.60275 s using the DRQN algorithm alone and 5.92057 s
using the DRQN algorithm with the hashing function.

Figure 8 illustrates three 100% successful examples of the output results from entering an
input query image into the proposed deep reinforcement learning model that includes the
hashing function. From Fig. 8, we notice that the model was able to retrieve the top-5 images
successfully in around five seconds, which proves that we reached a novel solution for image
classification and retrieval.

Table 5 compares the proposed method with state-of-the-art methods. All the studies in
Table 5 are categorized into three main categories according to the utilized approach to
perform the image classification and/or retrieval as following: Word spotting, deep learning,
and reinforcement learning.

From Table 5, we notice that four studies [3, 8, 19, 31] used the word spotting technique to
classify and retrieve the images of the Arabic manuscript. On the other hand, only two studies
[9, 12] employed automatic deep learning features to classify the Arabic manuscripts’ images.
However, looking at the studies that utilized the reinforcement learning approach, we were the
only study that utilized the reinforcement learning to classify and retrieve the Arabic manu-
scripts’ images, while all the other studies implemented the reinforcement learning on the
English language images.

Moreover, we notice that our proposed model, which is combining the hashing function
with the fused deep learning features, recorded high results comparing it with the previously
recorded results by the other papers. Even the two papers that recommended combining the
deep reinforcement technique with the hashing technique [20, 34] recorded lower results than
our recorded results. That is because we fused the visual and textual features into one features-
level fusion model that is better categorizing the manuscripts’ image. Then, we hashed the
fused features to remove the randomness from the environment and facilitate grouping the
images from the same manuscript efficiently, which assists the agent in its learning process.
Combining the reinforcement learning agent with the fused hashed features in the proposed
method, enabled the model to visualize and distinguish between the Arabic manuscripts’
images successfully.

Table 4 Evaluation of the DRL models according to the manuscript

Evaluation Parameter DRQN DRQN +Hashing
Classification Accuracy 0.9218495 0.9686520
Top-10 mAP 0.8963009 0.9431034
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Fig. 7 Evaluation of the DRL model according to the manuscript
5 Conclusion and future work

This study introduces a novel approach for image classification and retrieval using a deep
reinforcement learning model that communicates a search agent with the environment to
retrieve the most similar images to a user-query image. The initially developed model was
utilizing the K-nearest neighboring algorithm to do the classification and retrieval of the
received fused visual and textual features from the environment. Adding the hash function
enhanced the model’s performance by reducing the dimensionalities among the received fused
features, as well as, it removed the randomness existed in the environment, which assisted the
agent in its learning process and increased the accuracy recording 96.87% classification
accuracy and 94.31% mean average precision on the top-10 image retrieval.

Even though we did many previous similar studies for image retrieval from ancient Arabic
manuscripts, such as [12—14]. The research in [13] was focusing on similar image retrieval
according to the same author using four different deep learning models. On the other hand, the

Similarity score: 0.9997090 0.9995957 0.9952684 0.9945237 0.9932405
Retrieval time: 5.209 seconds
Query input image (2) Ranked top-5 similar images

Similarity score: 0.9997510 0.5000035 0.4702806 0.4620791 0.3259807
Retrieval time: 5.190 seconds

Query Input image (3) Ranked top-5 similar images

0.9999704 0.9992114 0.5000035 0.3492379

Similarity score: 0.9999852
Retrieval time: 5.261 seconds

Fig. 8 Example of successfully retrieved similar images from the enhanced DRQN model including the hashing
function
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research in [14] was also employing deep learning to retrieve similar images but, according to
the same handwriting style. This study and the research in [12] are having the same domain
because they are both focusing on similar image retrieval according to the manuscript’s label.
However, the research in [12] was using the deep learning fusion models technique. While this
study is novel because it is presenting a new enhanced technique for image retrieval utilizing a
deep reinforcement learning model that learns from trial and error. Table 5 highlights the
difference between this study and all previous studies in the field.

The developed deep reinforcement learning model can extract both visual and textual
features from historical low-quality Arabic manuscripts images and retrieve the most similar
images to a query image instantly and successfully. Thus, we believe that the model can also
work successfully on modern high-quality images.

Future work includes an analysis of time and space efficiency for the proposed method. We
also aim to extend our approach and computing skills to 3D multimedia data.
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