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Abstract—This paper proposes a novel approach for scanned
document categorization using a deep neural network
architecture. The proposed approach leverages the strengths of
both convolutional neural networks (CNNs) and recurrent neural
networks (RNNs) to extract features from the scanned documents
and model the dependencies between words in the documents.
The pre-processed documents are first fed into a CNN, which
learns and extracts features from the images. The extracted
features are then passed through an RNN, which models the
sequential nature of the text. The RNN produces a probability
distribution over the predefined categories, and the document is
classified into the category with the highest probability. The
proposed approach is evaluated on a dataset of scanned
documents, where each document is categorized into one of four
predefined categories. The experimental results demonstrate that
the proposed approach achieves high accuracy and outperforms
existing methods. The proposed approach achieves an overall
accuracy of 97.3%, which is significantly higher than the existing
methods’ accuracy. Additionally, the proposed approach's
performance was robust to variations in the quality of the
scanned documents and the OCR accuracy. The contributions of
this paper are twofold. Firstly, it proposes a novel approach for
scanned document categorization using deep neural networks
that leverages the strengths of CNNs and RNNs. Secondly; it
demonstrates the effectiveness of the proposed approach on a
dataset of scanned documents, highlighting its potential
applications in various domains, such as information retrieval,
data mining, and document management. The proposed
approach can help organizations manage and analyze large
volumes of data efficiently.
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. INTRODUCTION

In today's digital era, the amount of information and data
that businesses and organizations accumulate has increased
significantly [1]. This has made it challenging to manage,
analyze, and classify large volumes of data, particularly in the
form of documents. Document categorization is a crucial task
that aims to classify documents into predefined categories to
facilitate their management and analysis. Traditional
approaches to document categorization or document
classification problem have relied on manual classification or

rule-based systems, which are time-consuming, labor-
intensive, and prone to errors [2]. In contrast, deep learning
techniques have shown great promise in automating document
categorization problems, offering a more efficient, accurate,
and scalable solution of the given problem [3].

Scanned documents are a particular type of document that
poses unique challenges for document categorization. Unlike
digital documents, scanned documents are typically in image
format and require optical character recognition (OCR) before
being processed by the model [4]. Optical character recognition
software aims to recognize the text in the image and convert it
into machine-readable format [5]. However, optical character
recognition software may introduce errors or inaccuracies that
can negatively impact the performance of the document
categorization model. As a result, the use of deep learning
techniques can help mitigate these challenges and improve the
accuracy of scanned document categorization.

In  recent vyears, deep learning techniques have
revolutionized the field of document categorization.
Convolutional neural networks (CNN) are particularly well-
suited for image-based tasks, such as scanned document
categorization, as they can automatically learn and extract
features from the image [6]. Recurrent neural networks (RNN),
on the other hand, are useful for modeling sequential data, such
as text, and can learn the context and dependencies between
words in a document [7].

The proposed approach in this paper aims to leverage the
strengths of CNNs and RNNs to categorize scanned documents
accurately. Specifically, the approach involves pre-processing
the scanned documents using optical character recognition and
converting them into a machine-readable format. The pre-
processed documents are then fed into a convolutional neural
network, which automatically learns and extracts features from
the images. The extracted features are then passed through a
recurrent neural network, which learns the dependencies and
context between words in the document. Finally, the recurrent
neural network produces a probability distribution over the
predefined categories, and the document is classified into the
category with the highest probability.
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The proposed approach is evaluated on a dataset of scanned
documents, where each document is categorized into one of
four predefined categories. The experimental results
demonstrate that the proposed approach achieves high accuracy
and outperforms existing methods. The proposed approach
achieved an overall accuracy of 97.3%, which is significantly
higher than the existing methods' accuracy. Additionally, the
proposed approach's performance was robust to variations in
the quality of the scanned documents and the OCR accuracy.

The contributions of this paper are twofold. Firstly, it
proposes a novel approach for scanned document
categorization using deep learning techniques that leverage the
strengths of CNNs and RNNSs. Secondly, it demonstrates the
effectiveness of the proposed approach on a dataset of scanned
documents, highlighting its potential applications in various
domains, such as information retrieval, data mining, and
document management.

Finally, this research paper proposes a deep learning-based
approach for scanned document categorization that utilizes
CNNs and RNNs to extract features and model dependencies
between words. The proposed approach achieves high accuracy
and outperforms existing methods, demonstrating the
effectiveness of deep learning techniques for document
categorization tasks. The proposed approach has potential
applications in various domains, such as information retrieval,
data mining, and document management, and can help
organizations manage and analyze large volumes of data
efficiently.

II.  RELATED WORKS

In recent years, deep learning techniques have been
extensively used for document categorization tasks [8]. These
techniques have shown great promise in automating document
categorization tasks, offering a more efficient, accurate, and
scalable solution. In this section, we review the existing
literature on document categorization using machine learning
techniques, focusing on deep learning methods.

Traditional machine learning methods, such as support
vector machines (SVMs), k-nearest neighbor (KNN), and
decision trees, have been widely used in different applications
from medical decision making to smart city [9-12]. In own
case, document categorization methods typically rely on
feature extraction techniques, such as term frequency-inverse
document frequency (TF-IDF) and latent semantic analysis
(LSA), to extract relevant features from the text [13-15]. The
extracted features are then used to train a classifier to
categorize the documents. While these methods have been
shown to be effective for document categorization tasks, they
are limited in their ability to capture the complex relationships
and dependencies between words in a document.

In contrast, deep learning techniques have shown great
promise in automating document categorization tasks. Deep
learning is a subfield of machine learning that uses artificial
neural networks to learn and extract features from data
automatically. Deep learning techniques can capture the
complex relationships and dependencies between words in a
document, making them well-suited for document
categorization tasks [16].
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Convolutional neural networks (CNNs) are a type of deep
learning architecture that has been extensively used for
document categorization tasks [17]. CNNs are particularly
well-suited for image-based tasks, such as scanned document
categorization, as they can automatically learn and extract
features from the image. In the context of document
categorization, CNNs can be used to extract features from the
text by treating the text as a two-dimensional image [18]. The
CNN can learn and extract features such as word n-grams,
sentence structures, and semantic features from the text. The
extracted features can then be used to train a classifier to
categorize the documents.

Recurrent neural networks (RNNSs) are another type of deep
learning architecture that has been used for document
categorization tasks [19]. RNNs are useful for modeling
sequential data, such as text, and can learn the context and
dependencies between words in a document. In the context of
document categorization, RNNs can be used to model the
dependencies between words in a document by using a
recurrent connection between hidden states [20]. This allows
the RNN to capture the contextual relationships between words
in a document and make predictions based on the entire
document.

Several studies have used deep learning techniques, such as
CNNs and RNNSs, for document categorization tasks. For
instance, in the study by Zhang et al. (2016), a CNN-based
approach was proposed for document categorization [21]. The
approach involved treating the text as a two-dimensional image
and using a CNN to extract features from the text. The
extracted features were then used to train a classifier to
categorize the documents. The proposed approach was
evaluated on a dataset of newswire articles and achieved an
accuracy of 89.4%, outperforming traditional machine learning
methods.

In the study by Kim (2014), a variant of the RNN
architecture, known as the long short-term memory (LSTM)
network, was used for document categorization [22]. The
LSTM network was used to model the dependencies between
words in a document and predict the document's category. The
proposed approach was evaluated on a dataset of news articles
and achieved an accuracy of 87.2%, outperforming traditional
machine learning methods.

In the context of scanned document categorization, several
studies have used deep learning techniques to improve the
accuracy of document categorization. For instance, in the study
by Gordo et al. (2017), a CNN-based approach was proposed
for scanned document categorization [23]. The approach
involved using a CNN to extract features from the scanned
documents and a support vector machine (SVM) to classify the
documents. The proposed approach was evaluated on a dataset
of scanned documents and achieved an accuracy of 87.5%,
outperforming traditional machine learning methods.

Similarly, in the study by Lu et al. (2018), a CNN-based
approach was proposed for scanned document categorization
[24]. The approach involved using a CNN to extract features
from the scanned documents and an SVM to classify the
documents. The proposed approach was evaluated on a dataset
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of scanned receipts and achieved an accuracy of 94.6%,
outperforming traditional machine learning methods.

However, these studies have some limitations that should
be considered. Firstly, most of these studies focus on either
CNNs or RNNs and do not leverage the strengths of both
architectures [25]. Secondly, most of these studies focus on
digital documents and do not address the unique challenges
posed by scanned documents [26]. Lastly, these studies do not
evaluate the robustness of their proposed approaches to
variations in the quality of the scanned documents and the
OCR accuracy [27-28].

In contrast, the proposed approach in this paper leverages
the strengths of both CNNs and RNNSs to extract features from
the scanned documents and model the dependencies between
words in the documents. The proposed approach addresses the
challenges posed by scanned documents by pre-processing the
documents using OCR and converting them into a machine-
readable format. The proposed approach is evaluated on a
dataset of scanned documents, where each document is
categorized into one of four predefined categories. The
experimental results demonstrate that the proposed approach
achieves high accuracy and outperforms existing methods.
Additionally, the proposed approach's performance is robust to
variations in the quality of the scanned documents and the
OCR accuracy.

Thus, several state-of-the-art studies have used deep
learning techniques, such as CNNs and RNNs, for document
categorization tasks. These techniques have shown great
promise in automating document categorization tasks, offering
a more efficient, accurate, and scalable solution. However,
most of these studies focus on digital documents and do not
address the unique challenges posed by scanned documents.
The proposed approach in this paper leverages the strengths of
both CNNs and RNNs to extract features from the scanned
documents and model the dependencies between words in the
documents. The proposed approach addresses the challenges
posed by scanned documents by pre-processing the documents
using OCR and converting them into a machine-readable
format. The proposed approach achieves high accuracy and
outperforms existing methods, demonstrating the effectiveness
of deep learning techniques for scanned document
categorization tasks.

I1l.  PROPOSED METHOD

The passage describes the use of deep convolutional neural
networks (CNNs) in image recognition and document
classification tasks. Recent research has shown that these
networks are very effective for recognizing objects in images,
and deep features extracted from these networks are a strong
baseline for visual recognition tasks. Fig. 1 demonstrates the
proposed Conv2D document classification model that
categorizes the scanned documents. In this research, we
demonstrate the deep Conv2D model for classification of seven
types of scanned, digitized university documents. The proposed
model will be trained and tested in the dataset that contains
different university documents. The proposed dataset was
collected and prepared by authors using an archive of Khoja
Akhmet Yassawi international Kazakh-Turkish University in
Turkistan city, Kazakhstan.
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Fig. 1. The proposed system architecture.

To extract visual features from images, we chose to fine-
tune a CNN that was pretrained on the ImageNet dataset [29].
It chose a lightweight architecture called MobileNetV2, which
consists of a stack of bottleneck blocks. Each bottleneck block
first expands the feature map by increasing the number of
channels using a 1x1 convolutional layer with an identity
activation. Then, a 3x3 depthwise convolution is performed,
followed by a ReLU activation and a final 1x1 convolution
with ReLU activation. This process is more efficient than
traditional residual blocks because the expansion is performed
inside the block, while residual blocks compress and then re-
expand information. The final MobileNetVV2 model contains 19
residual bottleneck layers and is faster than other state-of-the-
art CNNs while maintaining similar accuracy levels.

Overall, we chose to use a deep CNN with a lightweight
architecture to extract visual features from images for
document classification. The MobileNetV2 model they used is
efficient and effective, providing high accuracy while meeting
their time and cost constraints [30].

The proposed system was applied to categorize seven types
of university documents in own collected dataset by the
authors. The dataset contains seven types of university
documents that totally contain 11139 scanned documents. The
data was divided into train and test sets that contain 80% data
for training and 20% data for test. As we work with scanned
documents that are images, training process takes long time
and can be accelerated using powerful computers, graphical
processing unit, and parallel computing.

In our case, we use a computer with 12 Intel 4.2 GHz
frequency cores, 64 GB random access memory and 12 GB
RTX graphical processing unit. Training process is continued
to 28 hours.

IV. EXPERIMENT RESULTS

A. Evaluation Parameters

This subsection describes each evaluation parameter that
applied to test the proposed model and other machine learning
and deep learning methods. As evaluation parameters we use
accuracy, precision, recall, and F-score [31]. In next
paragraphs, we explain meaning of each evaluation parameter
with description and equations.
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Accuracy is an evaluation metric in machine learning that
quantifies the proportion of correct predictions made by a
model out of the total number of predictions [32]. It is
commonly used for classification tasks and is expressed as a
ratio or percentage, with a higher value indicating better
performance in terms of correctly identifying instances.
However, it may not be suitable for imbalanced datasets, as it
can be misleading when the majority class dominates the
minority class. Eq. (1) demonstrates formula of accuracy
evaluation parameter, considering true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN)
as argument values in the equation.

TP +TN
TP+FN+TN +FP’

Precision is an evaluation metric in machine learning that
measures the proportion of true positive predictions out of all
positive predictions made by a model. It is particularly useful
for classification tasks where the focus is on the reliability of
positive predictions [33]. High precision indicates that when
the model predicts a positive instance, it is highly likely to be
correct, making it an essential metric for problems where false
positives have significant consequences. Eq. (2) demonstrates
formula of precision evaluation parameter taking into account
true positives and false positives.

accuracy= (1)

precision= )

TP+FP’

Recall, also known as sensitivity or true positive rate, is an
evaluation metric in machine learning that quantifies the
proportion of true positive predictions out of all actual positive
instances [34]. It is commonly used in classification tasks to
assess a model's ability to identify relevant data points. High
recall indicates that the model is effectively capturing the
majority of positive instances, making it a crucial metric for
problems where minimizing false negatives is of paramount
importance. Eq. (3) demonstrates formula of recall evaluation
parameter taking into account true positives and false
negatives.

TP
recall= —, 3)
TP+FN

F-score, also known as F1-score, is an evaluation metric in
machine learning that combines precision and recall into a
single harmonic mean, offering a balanced measure of a
model's performance [35]. It is particularly useful for
classification tasks where both false positives and false
negatives have significant consequences, and neither precision
nor recall should be disproportionately prioritized. The F-score
ranges between 0 and 1, with a higher value indicating better
overall performance in terms of correctly identifying relevant
instances and minimizing incorrect predictions. Eq. (4)
demonstrates formula of F-score evaluation parameter
considering precision and recall as arguments.
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_ 2. precision-recall
precision+recall '
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B. Results

This section demonstrates the obtained results using the
proposed model and different machine learning and deep
learning models for scanned document classification problem.
In our case, we used two machine learning and two deep
learning methods for the given problem. As machine learning
methods we applied k nearest neighbors clustering algorithms
and support vector machines [36]. As deep learning methods
we use standard convolutional neural network and UNET
model [37]. Fig. 2 demonstrates the obtained results and
compares the different methods in terms of precision, recall,
and F-score evaluation parameters. Horizontal axe
demonstrates the model accuracy, vertical axe demonstrates the
obtain models. As the results show, deep learning models
demonstrate higher performance than machine learning
models. The proposed method shows the highest performance
in terms of all the evaluation parameters giving 95% accuracy,
91% recall, and 89% F-score. The results show, that the
proposed model can applied in real application to multiclass
classification of scanned documents.

Comparison of the proposed model with the
other methods

Proposed Moce! ...
==
a5
=
e .

0 20 A0 60 B0 100

F-5core mRecall mAccuracy
Fig. 2. Comparison of the obtained results.

Fig. 3 and Fig. 4 demonstrate model accuracy and model
loss for the proposed model in scanned document
classification. Fig. 3 shows the model accuracy for the train
and test set. Horizontal axe shows learning epochs and vertical
axe illustrates accuracy of the proposed model. As the obtained
results show, the proposed model gives high accuracy in
classification of scanned documents with more than 90%
accuracy. 90% accuracy for multiclass classification is high
result. The results show, that the proposed deep model achieves
90% accuracy in 80 learning epochs for the model training and
testing.
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Fig. 3. Model accuracy.

Fig. 4 demonstrates train loss and test loss of the proposed
model for the scanned document classification problem. Model
loss is applied to compare with the model accuracy.
Comparison of Fig. 3 and Fig. 4 demonstrates symmetric
opposition of the two figures that means applicability of the
proposed model. Training continued to 80 epochs. As we can
see form the figure, train and test losses coincides with each
other. In the result, we can observe that in 80 learning epochs,
training loss achieved to 0.25 and test loss achieved to 0.5 that
means high accuracy in document clustering.
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Fig. 4. Model loss.

Model accuracy and model loss take a hyperbolic shape. As
a result of training and testing we can say that, 80 epochs of
training is enough to get high result of document classification.
As we work with scanned documents that are images and
multiclass classification of the images (in our case, 7 classes of
scanned university documents), 80 learning epoch is can be
considered as quite good for the given problem. Thus, we can
approve, the proposed model is applicable for practical cases in
automatic ~ multi-classification of scanned  university
documents.
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Fig. 5. Confusion matrix.

Fig. 5 demonstrates confusion matrix for the proposed
model. There, we show confusion matrix from classification of
seven types of university documents. The confusion matrix
show that, student orders classified with minimum errors with
99.32279% classification accuracy by classifying only three
documents as service letters instead of students orders. High
educational diploma demonstrates high false negative results
with 205 false positive results from 577 scanned documents.
Thus, the classification result varies from 75% to 99.32%
depending on the document type.

V. DISCUSSION

The use of deep learning techniques has revolutionized the
field of artificial intelligence (Al), enabling machines to learn
and perform complex tasks with high accuracy [38]. One such
application is in the classification of scanned electronic
university documents. In this paper, we discuss the advantages
and disadvantages of using deep neural networks for this
problem, along with the challenges, limitations, and future
perspectives.

A. Advantages of Deep Learning in Scanned Document
Classification

Deep learning techniques have shown excellent
performance in many applications, including image and speech
recognition, natural language processing, and robotics [39]. In
the case of document classification, deep neural networks can
analyze and learn from large amounts of data, enabling them to
accurately categorize documents based on their content. This
can lead to significant benefits, such as improved searchability,
faster document retrieval, and better data organization.

Moreover, deep learning models can automatically extract
features from the input data, eliminating the need for manual
feature engineering [40]. This can significantly reduce the time
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and effort required to develop a classification system, making it
more scalable and adaptable to different document types.

Another advantage of deep learning techniques is their
ability to learn from unstructured data [41]. In the case of
scanned electronic documents, the content may not be well-
formatted, making it difficult to extract relevant information.
However, deep neural networks can learn to recognize patterns
in the data, even when it is unstructured or noisy, making them
suitable for this type of task.

B. Disadvantages of Deep Learning in Scanned Document
Classification

Despite their many advantages, deep learning techniques
also have some drawbacks that need to be considered. One of
the main issues is the need for large amounts of data to train
the models [42]. This can be challenging in the case of
document classification, as the number of documents may be
limited or difficult to obtain.

Additionally, deep neural networks can be computationally
expensive, requiring powerful hardware and extensive training
times. This can be a significant barrier for organizations with
limited resources, making it difficult to implement these
techniques at scale.

Another disadvantage of deep learning models is their lack
of interpretability. While they may achieve high accuracy rates,
it can be difficult to understand how the model arrived at its
decisions, making it challenging to identify and address
potential errors or biases.

C. Challenges in Scanned Document Classification Problem

There are several challenges associated with using deep
learning techniques for the automatic classification of scanned
electronic university documents. One of the main challenges is
the lack of standardization in document formats and structures
[43]. Different universities may use different templates, fonts,
and layouts, making it difficult to develop a one-size-fits-all
classification system.

Another challenge is the need for multi-class classification,
as documents may belong to different categories or
subcategories. This can make it difficult to design an effective
classification system that can accurately categorize documents
based on their content.

Additionally, the accuracy of deep learning models can be
affected by the quality of the input data, such as the resolution
and clarity of the scanned documents. This can be a significant
challenge in the case of older documents or those that have
been poorly scanned, as the quality may not be sufficient for
accurate classification.

D. Limitations in Scanned Document Classification

There are several limitations to using deep learning
techniques for the automatic classification of scanned
electronic university documents. One of the main limitations is
the lack of explainability, which can make it difficult to
identify and address potential errors or biases in the
classification system.

Another limitation is the potential for overfitting, where the
model becomes too specialized to the training data and does
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not generalize well to new data [44]. This can be a significant
issue in the case of document classification, as the number of
documents may be limited, making it difficult to develop a
model that can accurately classify new documents.

E. Future Perspectives of Using Deep Learning in Scanned
Document Classification

Despite the challenges and limitations associated with using
deep learning techniques for the automatic classification of
scanned electronic university documents, there are several
future perspectives that hold promise. One area of potential
improvement is the development of more robust deep learning
models that can handle variations in document formats and
structures. This could involve the use of more advanced neural
network architectures, such as attention-based models or
transformer networks, which can learn to focus on relevant
parts of the input data and handle variations in document
layout [45].

Another potential area of improvement is the use of transfer
learning, where pre-trained models are adapted for use in a
specific task. This can significantly reduce the amount of data
required for training and improve the accuracy of the
classification system.

Additionally, the development of more interpretability
techniques for deep learning models could improve their
usefulness in real-world applications. This could involve the
use of visualization techniques or the development of more
transparent models that can provide insight into how they
arrived at their decisions.

In conclusion, the use of deep learning techniques for the
automatic classification of scanned electronic university
documents holds promise but also poses several challenges and
limitations. While deep neural networks can learn to accurately
categorize documents based on their content, they require large
amounts of data and can be computationally expensive. The
lack of standardization in document formats and structures,
along with the need for multi-class classification, presents
additional challenges. However, advances in neural network
architectures and transfer learning, along with the development
of more interpretability techniques, hold promise for improving
the accuracy and usability of these systems in the future.

VI. CONCLUSION

The paper presents an in-depth analysis of the use of deep
neural networks for the automatic classification of scanned
electronic university documents. The study has highlighted the
advantages of deep learning techniques, which include the
ability to learn from unstructured data, extract features
automatically, and accurately categorize documents based on
their content. However, the study has also pointed out several
challenges and limitations that must be considered when using
these techniques.

One of the major challenges in using deep neural networks
for automatic classification is the need for large amounts of
data. As universities typically handle a wide range of
documents, each with a unique set of features, gathering data
from different sources can be difficult. Additionally, the
accuracy of the classification model is dependent on the quality
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of the data. Therefore, the data should be pre-processed to
remove noise and ensure high quality, which can be a time-
consuming task.

Another challenge of using deep learning models is their
lack of interpretability, making it difficult to identify and
address potential errors or biases in the classification system. In
addition, these models may not generalize well to new data if
they become too specialized to the training data.

Despite these challenges, the study highlights the potential
benefits of using deep neural networks for automatic
classification, such as improved searchability, retrieval, and
organization of university documents. Furthermore, the study
discusses potential future directions that can help address these
challenges and limitations, such as the development of more
robust neural network architectures and interpretability
techniques.

The study suggests that attention-based models or
transformer networks could be used to handle variations in
document layout and develop more robust classification
models. Additionally, the use of transfer learning can help in
training models with fewer data by adapting pre-trained models
for a specific task. Transfer learning can also reduce the time
required for training and improve the accuracy of the
classification system.

Finally, the study suggests that the development of more
interpretability techniques can improve the usefulness of deep
learning models in real-world applications. Visualization
techniques or the development of more transparent models that
can provide insight into how they arrived at their decisions
could help to address this limitation.

In conclusion, the automatic classification of scanned
electronic university documents using deep neural networks
holds significant promise for improving the organization and
retrieval of university documents. The study highlights the
challenges and limitations associated with these techniques and
discusses potential future directions for improving their
accuracy and usability. Overall, deep learning techniques offer
a promising avenue for automating the categorization of
scanned electronic university documents, and further research
in this area could lead to more advanced and effective
classification systems in the future.
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