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Abstract

Background. The context of this thesis is to detect the handwritten digits from
ancient scriptures using different advanced deep learning algorithms to make the
detection process more efficient, as historical documents are assets for future gener-
ations and should be secured properly. In this thesis, four deep learning algorithms
are used to detect the digits and evaluated them using performance metrics.
Objectives. This study first considers a few deep learning algorithms for detecting
the digits, considering the different challenges of the handwritten digits, and then
finds the best algorithm among them using metrics to know which is the best per-
forming deep learning model.
Methods. Literature Review and experimentation are the research strategies em-
ployed in this study. We have chosen four advanced deep-learning methods to identify
handwritten digits in digit string images. Each method is trained and tested us-
ing the DIDA dataset. Performance evaluation is conducted to determine the best
method based on all analyses from experiments on all selected DL methods.
Results. The augmented and digit string datasets are used for training and testing
the deep learning models. The chosen models are evaluated using metrics for an
efficient model. The results from the experimental evaluation show the best deep
learning model among the selected models for detecting and recognizing multi-digit
strings in historical handwritten digit images.
Conclusions. Results obtained from the performance metrics of the respective algo-
rithm say that the YOLOv7 algorithm has more efficiency and accuracy compared to
YOLOv5, RetinaNet, and Faster R-CNN for detecting handwritten digits in images
of historical documents.

Keywords: Machine Learning, Deep Learning Methods, Handwritten digits, Digit
Detection, Image processing on document images, YOLOV5, Faster R-CNN, Reti-
naNet, YOLOV7
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Chapter 1

Introduction

Handwritten recognition is vital in information processing in this day and age of
digitization. A vast amount of information is available on paper, and digital files
require less processing than traditional paper files [1]. The ancient archives and doc-
uments must be kept for many years as historical evidence. The digital format of
the paper is easier to preserve than the physical format, as it can be shared across
multiple platforms and accessible from any location in the world [2]. But, most of
the ancient archives are written by hand. Therefore, it would be more beneficial to
convert important handwritten notes, records, and papers into digital text to keep
and preserve them as files.

As there are numerous documents written by hand, converting handwriting to text
is laborious and time-consuming because it requires examining the document and
writing every word. This issue can be resolved by automating the translation of
handwritten notes to digital text. This procedure is simplified by a machine learning
model that recognizes text from an image of text and converts it to digital text.
The handwritten digit recognition system aims to translate handwritten digits into
machine-readable formats. Vehicle license plate recognition, postal paper sorting ser-
vices, historical document preservation in archaeology departments, old document
automation in libraries and banks, and other applications are significant applica-
tions of Handwritten detection and recognition [3]. These fields deal with enormous
databases and require high identification accuracy, low computing complexity, and
consistent identification system performance.

Machine learning has undergone significant growth in recent years and is widely
used for data analysis and computation. [4]. One subfield of machine learning, deep
learning, utilizes neural networks to achieve intelligent applications. In particular,
Convolutional Neural Networks (CNNs) play a crucial role in deep learning and are
widely used for image classification, object detection, and segmentation [5].

A CNN is composed of one or more layers of convolution units, which take into
account the context and shared knowledge among small groups of nodes. Convolu-
tional layers in a neural network are defined as layers where each node receives input
directly from nodes in the previous layer [5].Since the discovery of GPU usage in
machine learning in 2005, the CNN sector has seen a dramatic improvement in its
visual classification performance [6]. As a result, CNNs have become a key compo-
nent in advanced deep-learning architectures for object detection.

1



2 Chapter 1. Introduction

Deep learning algorithms have achieved human perfection in identifying handwritten
digits compared to a single typical machine learning algorithm because they con-
sist of a wide variety of models due to the flexibility that neural networks provide
when building a full-fledged end-to-end model. There are many issues in Handwrit-
ten digit detection where the digits have different font sizes, and the scripts may be
old, damaged, or faded. The current standard datasets MNIST [7], NIST SD19 [8],
and USPS [9] are built from a non-degraded handwritten document with clear back-
grounds and modern handwritten styles. These features of the datasets have led
the existing handwritten digit detection and recognition methods to result in poor
performance on historical document images.

Handwritten digit detection is a vital task, and it has different challenging prob-
lems, such as touching digits, overlapping digits, bleeding through, and pale digits.
These distortions make it difficult to position and recognize individual digits. We
use the DIDA dataset [10], which contains the digit strings from the Swedish histor-
ical documents associated with these artifacts. There are many Swedish historical
handwritten digit datasets [11] [12], but we used the DIDA dataset for our research.
Existing approaches perform well with current datasets but not with historical doc-
ument images. We train and verify advanced deep-learning models on historical
document images and compare their performance with metric measures such as Ac-
curacy, Precision, Recall and F1-score.

1.1 Aim and objectives

This research aims to detect the historical handwritten digit strings using advanced
deep learning algorithms using the DIDA datasets. [10]
The objectives of our research are as follows,

OBJ1 : Find the effective deep learning algorithms for detecting handwritten digits
in multi-digit string images.

OBJ2 : Detect the handwritten digits in multi-digit string images using advanced
deep learning algorithms.

OBJ3 : Evaluate each deep learning algorithm’s accuracy and efficiency for de-
tecting and recognizing the multi-digit strings in historical document images.

1.2 Research questions

• RQ1: What are the effective deep learning models for detecting
multi-digit strings in historical handwritten document images?
Justification : With RQ1, we intend to highlight the numerous deep-learning
algorithms used in previous research for text and digit recognition and evaluate
them for our comparative study.
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• RQ2: Which deep learning methods provide the best detection re-
sult for multi-digit detection?
Justification : The objective of our thesis is to compare different deep learn-
ing algorithms and analyze which algorithm performs the best among them.
We conduct Experimentation to determine the optimum algorithm for recog-
nizing a multi-digit string. The developed recognition models are validated and
compared using different performance metrics such as accuracy, precision, etc..

1.3 Ethical aspects
No standard data is manipulated in this thesis to use deep learning techniques for
detecting historical handwritten digits. University policies are not broken during
research, and no one’s privacy is invaded. The thesis is no harm to the environment
and society, and the datasets are used with consent and contain no sensitive or illegal
data. All the research and study were conducted systematically without harming
anyone or anything.

1.4 Outline
This paper further continues with the combination of the following chapters,

Chapter 2 is about the background of all the algorithms and terms required to un-
derstand the thesis concept.

Chapter 3 is about the previous related works of other researchers on digit detec-
tion, YOLOv5, YOLOv7, RetinaNet, Faster R-CNN, and handwritten digits. This
chapter also elaborates on the research gap of earlier studies.

Chapter 4 is the main part of this paper, describing the study’s methods. Liter-
ature review and Experimentation tell about how the research design is presented
and which tools and datasets are taken for implementation.

Chapter 5 is all about the results and the analysis, and it details the detection
results of the algorithms and metrics used to evaluate them.

Chapter 6 is filled with discussions on the study’s results and threats that occurred
while implementing the thesis.

Chapter 7 concludes the research with its outcomes, validating that the study’s
problem statement and research questions are answered. The future work of this
thesis is mentioned at the end of this paper.





Chapter 2
Background

This chapter gives a brief explanation of the topics which should be known before
the implementation of the methods. Topics related to Deep learning algorithms and
their architectural implementations are elaborated one by one.

2.1 Machine Learning
Machine learning (ML) is a subset of Artificial Intelligence (AI) whose main goal is
to make machines work without the need for explicit programming. AI is a science
that strives to make machines able to think like humans. The process is hard to
implement, but machine learning and deep learning are the ways to make it happen
by making decisions with the large amount of data taken through analysis. [13]
Machine Learning is a cognitive computing approach where the computer learns
from the problem set and then tries to find the pattern and structure in the dataset.
The machines are programmed to learn from the static input, where they learn and
improve their performance without external help.

ML techniques have a vast hold in the categories like speech processing, com-
puter vision, the Internet of Things, neuroscience, health, and natural language
understanding. Machine learning requires less computing power, and there are dif-
ferent ways for a machine to learn [14]. They are simple and complex. Artificial
neural networks are a complex way of learning. Deep learning (DL) uses artificial
neural networks. Machine learning approaches are divided into four types: Super-
vised Learning, Semi-supervised Learning, Unsupervised Learning, and Reinforce-
ment Learning.

• Supervised Learning: The input and output data are given to the machine;
it has to find a method to validate the data set. The algorithm learns by
observing the identified patterns in data and then makes predictions until it
achieves a high level of accuracy with the help of external corrections [14].
Classification, Regression, and Forecasting are the different algorithms under
supervised learning.

• Semi-supervised learning: Semi-supervised learning is a combination of
labeled and unlabeled data where the machine learning algorithm learns to
label the unlabeled data [14].

• Unsupervised learning: Unsupervised learning contains only inputs. The
learning algorithm interprets and organizes the data and then makes the de-

5



6 Chapter 2. Background

cisions [14]. Clustering and dimension reduction come under unsupervised
learning.

• Reinforcement learning: Reinforcement learning is a trial-and-error method
where the machine learning algorithm explores different possibilities evaluating
all results to give a final solution with the given set of rules. The algorithm
learns from experience, modifies, and gives the best outcome [14].

Figure 2.1: AI ML DL Comparision [20]

2.2 Deep Learning
Developers are delving into deep learning and machine learning methods to make
machines more intelligent. A human learns to accomplish a task by practicing and
repeating it repeatedly until they have learned the procedure by heart. Their brain’s
neurons then automatically fire, enabling them to quickly carry out the acquired
task. This is also quite similar to deep learning. For different kinds of issues, it
employs various neural network topologies. [13] All deep learning algorithms come
under machine learning algorithms, but not all machine learning algorithms are deep
learning algorithms.

Massive volumes of data must be fed into deep learning algorithms for the machine
to produce correct findings without outside assistance. Deep learning is more effective
than ML at analyzing unstructured data, videos, and photos by using artificial neural
networks [15]. A neural network resembles or represents the structure of the human
brain. It has synthetic neurons, or nodes, which are interconnected in three layers:
the input layer, a hidden layer or layers, and the output layer, as shown in figure 2.2.

Real-time object detection is an essential task that is often a key component in
Deep Learning. When performing image recognition tasks, an object detector uses
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Figure 2.2: Deep Neural Network Architecture [21]

an object detection method that predicts bounding boxes and class probabilities for
each object in the input image [17]. The majority of methods extract features from
the image to estimate the likelihood of the learned classes using a convolutional
neural network (CNN).

2.2.1 Convolutional neural networks

In deep learning, CNN is used for image classification, object detection, and seg-
mentation. One or more layers of convolution units are present in a CNN, and they
consider the context and shared knowledge in small groups. When each node re-
ceives input from nodes in the previous layer directly adjacent, it is regarded as a
convolutional layer in a neural network. As a result, Convolutional neural networks
are used in sophisticated deep-learning architectures for object detection. CNNs
are employed because they can perform automated learning with limited manual
programming. [18]

2.2.2 R-CNN

R-CNN (Regions with Convolutional Neural Network features) is an object detection
system that uses deep learning to identify objects in images. The R-CNN system
consists of three main components: [19]

• A selective search algorithm that generates region proposals, or potential object
locations, in the input image.
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• A convolutional neural network (CNN) extracts features from the region pro-
posals and outputs a fixed-length feature vector.

• A linear support vector machine (SVM) classifier uses feature vectors to classify
each region proposal into one of a set of predefined object classes.

R-CNN provided the first evidence that deep learning can be used effectively for
object detection and motivated the development of more efficient object detection
systems. The main limitation of R-CNN is its computational cost, as it requires
running the CNN on each region proposal individually, making the system slow and
infeasible for real-time object detection. Faster R-CNN is the advancement of the
R-CNN algorithm, which is discussed in the other section.

2.2.3 The Target Detection Models

The algorithms used in this paper for object detection in images can be classified into
two target detection deep learning algorithms. Many modern target detection models
are based on deep learning, specifically convolutional neural networks (CNNs). They
are,

• Two-stage target detection algorithm:

This algorithm is based on region recommendation. According to the regional
suggestions, the algorithm generates a series of candidate boxes and then clas-
sifies and filters them [27]. R-CNN, fast R-CNN, and faster R-CNN represent
the two-stage target detection. Methods that come under this category usually
exhibit high detection accuracy with low detection efficiency as the extraction
process is complicated.

• One-stage target detection algorithm:

This algorithm does not need to extract candidate regions; it is based on a
regression model [16]. The main aim of the algorithm is to combine the tar-
get region prediction and target category prediction into a single convolutional
neural network model to meet the requirements of real-time detection. Repre-
sentative one-stage algorithms include RetinaNet and YOLO series algorithms.

2.3 Deep Learning Algorithms

Through the Literature review, which is done by referring to the relevant studies for
identifying suitable algorithms, we have concluded to continue with the four deep
learning algorithms. The literature review and its results are explained in the next
chapters.The advanced deep learning algorithms used in this study are Faster-RCNN,
RetinaNet, YOLOv5, and YOLOv7. These algorithms are explained here with their
architectural implementation.
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2.3.1 Faster-RCNN

A Faster-RCNN algorithm is a more advanced version of existing approaches, such
as R-CNN and Fast-RCNN, that use the Edge Boxes technique to generate region
proposals for potential object areas. Faster-functionality RCNNs have been altered
because it now uses a region proposal network (RPN) instead of the Edge Boxes
algorithm to generate region proposals directly as part of the framework as shown
in figure 2.3. Therefore, faster-computational RCNN’s complexity for producing
region proposals is significantly lower. RPN finalizes the anchor box selection by
displaying the most likely anchor boxes that contain the regions of interest. As a
result, region proposal generation in Faster-RCNN is faster and more sensitive to
input samples [28] [29].

2.3.1.1 Architecture

The faster R-CNN architecture is comprised of two networks:

• Region Proposal Network (RPN): This component generates candidate
regions (also called proposals) in the input image that could potentially contain
an object. The RPN uses a sliding window approach to scan the image and
generates proposals based on anchor boxes, which are predefined bounding
boxes of different aspect ratios and scales. The maximum amount of k-anchor
boxes are created by this network. For each of the several sliding positions in
the image, the default value of k=9 and three aspect ratios of 1:1, 1:2, and 2:1
are used. Therefore, we obtain N = W* H* k anchor boxes for a convolution
feature map of W * H. (Where N represents the number of parameters, W and
H represent the width and height of the feature map produced by the shared
feature extraction CNN, K represents the number of anchor boxes used in the
RPN.) These are sent to the intermediate layers to receive the output.

• Object Detection Network: The object detection network utilized in Faster
R-CNN and Fast R-CNN is primarily similar. In terms of a backbone network,
it is likewise compatible with VGG-16. The bounding box regressor is also
employed in predicting the object and its bounding box, together with twin
tiers of the softmax classifier and the RoI pooling layer for creating region
proposals of fixed size.

The Softmax Classifier takes the features extracted from the region pro-
posal by the shared feature extraction CNN and uses them to calculate the
probability of each class. The RoI (Region of Interest) Pooling Layer is
a special layer in the detection network of Faster R-CNN that is used to extract
features from the region proposals generated by the RPN. It takes the feature
map produced by the shared feature extraction CNN and crops a fixed-size
feature map for each region proposal. This helps to ensure that the feature
maps extracted from the region proposals are of consistent size, regardless of
the size of the region proposal in the input image.

With the use of TensorFlow, Faster R-CNN can be implemented as follows: Using
the input, ConvNet gets about an image; it creates a feature map of the image. On
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these feature maps, a region proposal network is used. ConvNet then returns the
object proposals and their object scores. These recommendations are then subjected
to an RoI pooling layer to produce a small feature map with a fixed size. The
recommendations are sent to a fully connected layer that consists of a linear regression
layer and a softmax layer. This procedure categorizes items and generates their
bounding boxes.

Figure 2.3: Faster R-CNN Architecture [24].

2.3.2 RetinaNet

RetinaNet is a one-stage object recognition technique that accounts for class imbal-
ance by cutting down on the loss given to images with accurate classification. There
is a class imbalance when there are more background examples than examples of the
object of study. The Facebook AI Research (FAIR) team, which is now known as
"Meta AI" has introduced the RetinaNet model to address the difficulty of detecting
dense and small objects. [30]

It has a broad attraction of users towards it as an object detection model that
can also be applied to both aerial and satellite data.

2.3.2.1 RetinaNet Architecture

An architecture for a RetinaNet model consists of the following four main parts: [31]

a) Bottom-up Pathway: This backbone network, independent of the size of the
input image or the backbone, calculates the feature maps at various scales as shown
in a layer-(a) of figure 2.4.

b) Top-down pathway and lateral connections: Top-down pathway upsamples
the geographically coarser feature maps from higher pyramid levels, while lateral
connections combine top-down and bottom-up layers with the same spatial size.

c) Classification subnetwork: The classification subnetwork predicts the like-
lihood that an object will be present at each spatial location for each anchor box and
item class.

d) Regression subnetwork: It regresses the offset for each ground-truth ob-
ject’s bounding boxes relative to the anchor boxes.
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Feature Pyramid Network: Image pyramids are the foundation, and feature
pyramids are built on top of them. This implies that one would subsample an image
into images of lower resolution and smaller size as shown in a layer-(b) of figure
2.4. Then, hand-engineered features are retrieved from each layer of the pyramid to
find the items. The pyramid becomes scale-invariant as a result. But this method
uses a lot of memory and computing power. Combining low-resolution semantically
powerful features with high-resolution semantically weak features, FPN develops an
architecture with rich semantics at all levels. This is done by building a top-down
pathway that connects to bottom-up convolutional layers on the side.

Focal Loss (FL): The introduction of Focal Loss, an improvement over Cross-
Entropy Loss (CE), addresses the class imbalance issue with single-stage object de-
tection models. Due to intensive anchor box sampling, single-stage models have a
severe foreground-background class imbalance problem. At each pyramid layer in
RetinaNet, thousands of anchor boxes may be present.

Figure 2.4: RetinaNet Architecture [22]

2.3.3 You Only Look Once (YOLO)

You Only Look Once is real-time object detection and state-of-the-art algorithm.
The algorithm works as the name says; detecting objects requires a single forward
propagation through a neural network. YOLO algorithm uses convolutional neural
networks (CNN) to detect objects in real-time. Figure 2.5 shows the YOLO archi-
tecture with how it works with convolutional layers. The CNN in this process is used
to predict various class probabilities and bounding boxes simultaneously [33].

YOLO models are object detectors that operate in a single stage. A backbone
enhances image frames in a YOLO model. The Head of the network receives these
properties after they have been integrated and mixed in the neck of the network,
which then predicts the positions and types of objects around which bounding boxes
should be drawn.

The YOLO framework has three main components-

• Backbone: It extracts the required features of an image and sends them to
the Head through the neck.
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Figure 2.5: YOLO Architecture [23]

• Neck: It creates the feature pyramids from the feature maps extracted by the
backbone.

• Head: It gives final output or final detection, which are in the output layers
present in it.

The YOLO algorithm includes the following three methods- [32]

• Residual blocks: Here, the image is divided into small grids, then every grid
cell acts as a detector. The grid cells detect the objects that are within them.

• Bounding box regression: A bounding box highlights an object with an
outline in an image for object detection. YOLO uses single bounding box
regression for the bounding box in the image to predict the attributes like –
Width (bw), Height (bh), Class (c), Bounding box center (bx, by).

• Intersection Over Union (IOU): IOU describes how boxes overlap in object
detection. So, YOLO uses IOU to surround the complete object with an output
box. The projected bounding box will be identical to the actual bounding box
if the IOU score is 1, and this method eliminates bounding boxes that are not
equal to the actual bounding box.

The YOLO algorithm consists of various variants. They include YOLOv2, YOLOv3,
YOLOv4, and YOLOv5, YOLOv7. In this paper, we have used YOLOv5 and
YOLOv7.
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2.3.4 YOLOv5

It is a model that uses PyTorch, which is simple and easy to deploy and implement.
Object detection has different requirements like prediction accuracy, detection speed,
and training time; YOLOV5 uses different scales on networks to meet these require-
ments. YOLOv5 network has high detection accuracy, lightweight characteristics,
and fast detection speed simultaneously, as it is suitable for deployment to the em-
bedded devices to implement real-time detection. [34] [35]

2.3.4.1 Architecture

Backbone: The Backbone model extracts features from an input image. A feature
extractor only applies convolutional layers like kernel, stride, and batch normaliza-
tion to input images to extract critical features like edges, forms, etc. In YOLO v5,
a backbone of CSP (Cross Stage Partial Networks) is employed to remove valuable
properties from an input image.

Neck: In addition to the Feature pyramid network, the network was created to
make Multi-scale predictions in the Neck layer. The multi-scale prediction uses three
different grid values to transmit images to detect objects of various sizes. Massive
grid pictures identify small items, while small grid images detect large objects.

Head: The last stage of detection is primarily the responsibility of the Head. Using
anchor boxes, it builds final output vectors with bounding boxes, objectness scores,
and class probabilities.

Figure 2.6: YOLOv5 Architecture [26]
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The same three parts are used in all YOLOv5 models: a backbone made of CSP-
Darknet53, a neck made of SPP and PANet, and the Head from YOLOv4.

First, YOLOv5 builds CSPDarknet, the backbone of Darknet, by integrating a cross-
stage partial network (CSPNet) [34] into it. By combining the gradient changes into
the feature map and resolving the issues with repeated gradient information in large-
scale backbones, CSPNet reduces the model’s parameters and FLOPS (floating-point
operations per second), ensuring inference speed and accuracy while also shrinking
the model’s size. Speed and accuracy are essential in detecting forest fires, and the
compact model size also determines the efficiency of inference on edge devices with
limited resources. To improve information flow, the YOLOv5 used the path aggrega-
tion network (PANet) as its neck. The transmission of low-level features is boosted
by the use of a novel feature pyramid network (FPN) structure by PANet with an
improved bottom-up path. In addition, adaptive feature pooling, which connects the
feature grid and all feature levels, enables each feature level’s vital information to
spread instantly to the next subnetwork. In lower layers, PANet enhances precise
localization signals, which can increase the object’s location accuracy, as shown in
figure 2.6. Thirdly, to provide multi-scale prediction, the YOLO layer, the Head of
YOLOv5, generates feature maps in three distinct sizes allowing the model to handle
tiny, medium, and large objects.

2.3.5 YOLOv7

The real-time object identification model with the highest speed and accuracy is
YOLOv7. Chien-Yao Wang, Alexey Bochkovskiy, and Hong-Yuan Mark Liao pub-
lished the official YOLOv7 paper titled "YOLOv7: Trainable bag-of-freebies sets
new state-of-the-art for real-time object detectors" in July 2022. [36]

2.3.5.1 YOLOv7 Architecture

• Extended Efficient Layer Aggregation Network (E-ELAN): The com-
putational building piece of the YOLOv7 backbone is the E-ELAN. Figure 2.7
shows the E-ELAN architecture, which allows the framework to learn more
effectively where it’s constructed using the ELAN computational block. It
draws influence from earlier studies on network effectiveness. It was created by
looking at the following elements that affect speed and accuracy.

- Memory access cost

- I/O channel ratio

- Element-wise operation

- Activations

- Gradient path

• Model Scaling for Concatenation-based Models: Object detection mod-
els are often published as a succession of models, scaling up and down in size,
because different applications demand varying accuracy and inference speeds.
Typically, object detection models incorporate the depth of the network, the
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Figure 2.7: E-ELAN [25]

width of the network, and the resolution that the network is trained on. The
YOLOv7 algorithm uses a compound scaling method, which does not disturb
the initial design of the model and gives optimal results.

Figure 2.8: Compound Scaling [25]

Trainable Bag of Freebies: Features that boost accuracy without slowing down
detection speed are called bag-of-freebies. Because of this, YOLOv7 is faster and
more accurate than earlier YOLO versions. The YOLOv4 paper first used the con-
cept. The methods of the trainable bag of freebies are,

• Planned re-parameterized convolution: Re-parameterization is a tech-
nique performed after training to improve the model. It lengthens training
duration while enhancing inference results. Two types of re-parametrization
are used to finish models: model level and module level ensemble.

– Model level re-parametrization: This can be accomplished in two
ways.

∗ Train several models with different training data but the same set-
tings. The final model is created by averaging their weights.

∗ Take the weights of models at different epochs and average them.
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– Module level re-parameterization: This method divides the proce-
dure into segments, as shown in figure 2.9. The results are combined to
form the final model.

Figure 2.9: YOLOv7 Module planned re-parameterization [25]

• Coarse for auxiliary and fine for lead loss: During training, the coarse
detection head is used as an auxiliary to the fine detection head, with the lead
loss being the loss generated by the fine detection head. The lead loss is the
primary objective in training, and the coarse auxiliary loss helps to guide the
training process toward the desired lead loss, as shown in figure 2.10. This can
improve the overall accuracy and stability of the model training.

Figure 2.10: Coarse-to-fine auxiliary head in the YOLOv7 network [25]
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Label Assigner is a technique that evaluates network prediction outcomes
and ground truth before assigning soft labels, which is visually explained in
figure 2.11. The label assigner generates soft and coarse labels rather than
hard ones. The Lead Head Guided Label Assigner encapsulates the three ideas
listed below.

– Lead Head

– Auxiliary Head

– Soft Label Assigner

Figure 2.11: YOLOv7 Label Assigner [25]

The YOLOv7 network’s Lead Head forecasts the outcomes. These final results
are used to generate soft labels. The critical point is that the loss is estimated
for both the lead head and the auxiliary head using identical soft labels. Ulti-
mately, the soft labels are used to instruct both heads.

There are two sets of soft labels created.

– A fine label for training the lead head.

– A collection of coarse labels for training the auxiliary Head.

2.4 The Handwritten Digit
The capacity of computers to recognize human handwritten digits is known as hand-
written digit recognition. It is difficult to work for the computer since handwritten
digits are erroneous and can be produced with various tastes. This challenge can
be solved by using handwritten digit recognition, which takes a picture of a digit to
identify the digit in the image. [37] [38] There are offline and online techniques to
recognize a handwritten digit.

• Offline Recognition: Offline handwriting recognition automatically converts
text in an image into letter codes that can be used in computer and text-
processing applications. This form’s data is regarded as a static representation



18 Chapter 2. Background

of handwriting. Because different people have different handwriting styles,
offline handwriting recognition is difficult. [39] [40] [41]

– Traditional Technique: Traditional handwritten recognition techniques,
such as Hidden Markov Models (HMMs) and Dynamic Time Warping
(DTW), use statistical and rule-based methods to recognize handwritten
characters. They require manual feature extraction and depend on prede-
fined class templates to match and recognize patterns.

– Modern Technique: Modern handwritten recognition techniques like
Convolutional Neural Networks (CNNs) and Recurrent Neural Net- works
(RNNs) use deep learning algorithms to recognize handwriting. They can
automatically extract relevant features from the input data and learn to
recognize patterns in a more flexible and scalable way.

• Online recognition: Online handwriting recognition involves converting text
as typed on a specific digitizer, where a sensor detects pen-tip movements and
switches from pen-up to pen-down. This form of data is known as digital
ink and can be thought of as a digital version of handwriting. Letter codes are
created from the resulting signal in text processing and computer programs [42].

The handwritten digit detection from Swedish historical documents is an offline
recognition process as the data is extracted from scripts and modern techniques
are used in this paper as they can handle variations in writing style and scale more
efficiently than traditional methods.



Chapter 3

Related Work

In [43] Hongjian Zhan et al., proposed a method for recognizing handwritten digit
strings using a new CNN-based architecture. The network design has three levels
from bottom to top: feature extraction layers, feature dimension transposition lay-
ers, and an output layer. They used DenseNet, and CTC approaches for the above
sections of the network architecture. The authors have evaluated these architectures
using ORAND-CAR Datasets, with recognition rates of 92.2% and 94.02%, respec-
tively.

In [44], Anuran Chakraborty et al., proposed a method for recognizing irregular
digits and touching digits in a string. They discovered that while the various models
had great recognition accuracy on some standard datasets, they fell short in recogniz-
ing Handwritten digit strings. Their method begins with a deep autoencoder-based
segmentation technique to isolate digits from a handwritten string, then passes on
to a Residual Network-based recognition model. They assessed their results using
the Handwritten Digit Strings (HDS) database using Computer Vision Lab (CVL).
Their future effort will be to improve the segmentation approach, which now cannot
distinguish some of the digits written in a single pass in a digit string.

Authors [45] proposed a method for digit string recognition using a hybrid principal
component analysis network(PCANet) and support vector machine (SVM) classifier
called PCA-SVMNet. This process has taken place without using any segmenta-
tion techniques. PCANet has only two convolutional layers, so the authors have
combined the PCA-SVMNet model with a connected layer. They have trained this
resultant architecture using the natural and synthetic attached digits. The cascade
of the PCA-SVMNet classifier, which is used for recognizing the connected and iso-
lated digits, has high efficiency for recognizing the connected digits and the unknown
handwritten digit string.

In [46], authors have proposed a new architecture called Gated-CNN-BGRU to com-
pare the recognition methods for automatic handwriting recognition systems with
the help of data from an international conference. From the International Confer-
ence on Frontiers of Handwriting Recognition (ICFHR), they have taken metrics,
datasets, and recognition methods for comparison and a private dataset, 11 differ-
ent approaches from the state-of-the-art HDSR, and two optical models from the
state-of-the-art in HTR. The result shows that the optical model has been efficient
in recognizing the digits in the images even if there is high noise. Their model showed

19
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a precision of 93.54%.

The study [47] suggests a novel method for improving handwriting images that uses
Gaussian Mixture Model. Two quantitative techniques, discrete entropy (DE) and
edge-based contrast measure (EBCM), are used to quantify the quality of each patch
as a fixed-size window passes over the handwritten image. The outcomes are used
in the unsupervised learning approach by assigning the handwriting quality using
k-means clustering. To remove the artifacts that represent the final image, GMM
is utilized as a final step. For various datasets, the suggested method has been
contrasted with the other methods. According to the results, the proposed method
outperforms the currently used contrast enhancement techniques in handwriting.

Authors [48]also proposed DIGI-Net, which is a deep convolutional network. Here
they experimented with handwritten, natural images and printed font from the three
datasets MNIST, CVL single digit dataset, and digits of Chars74K dataset. The CNN
architecture used has a great learning ability. The features from printed font digit
images improve the accuracy of handwritten digits and raw image digits. It has an
accuracy of 99.11%, 93.29%, and 97.60% for the respective datasets.

To get an efficient and improved version of handwritten digit recognition, the au-
thors [49] proposed a method having a convolutional neural network. They opted
for the MNIST dataset for training and testing the proposed model and the DL4J
framework for handwritten digit recognition. The system reduced the computational
time for training and testing the data. The accuracy for the system shows highest
as up to 99.21%, which was verified repeatedly by checking the system by changing
the CNN layers.

Siham Tabik et al. [50] proposed image preprocessing for convolutional neural net-
works. They analyzed the MNIST dataset using different preprocessing techniques on
the performance of three CNNs, LeNet, Network3, and DropConnect, together with
their ensembles. The analyzed transformations are centering, elastic deformation,
translation, rotation, and different combinations of them. Based on their findings,
they believe that data-preprocessing approaches like the combination of elastic de-
formation and rotation, as well as ensembles, have a huge amount of potential.

The authors [51] suggest a preprocessing stage to improve the bank of features which
can extract from binary images and aid in boosting the precision of pattern recogni-
tion algorithms using shape growth pattern analysis. The authors have implemented
the categorization procedure using CNN and Random Forest. The results demon-
strate a significant improvement in classification accuracy of 90.6 percentage com-
pared to previous methods.

The study [52] compares the performance of three machine learning methods: Sup-
port Vector Machines (SVM), Artificial Neural Networks (ANN), and Convolutional
Neural Networks (CNN) to determine the best approach for recognizing handwrit-
ten digits in document images. The methods use HOG feature extraction and deep
learning techniques to process the digit images. The results show that the CNN
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method outperforms the SVM and ANN methods, with a recognition rate of 71

The author [53] focuses on building a segmentation-free method for handwritten
multi-digit string recognition in the context of document digitization. The study
aims to evaluate and compare three models: VGG-16, CRNN, and 4C, and to re-
search the effect of different training sets on the model performance by using the
accuracy, ANLD, and confusion matrix as evaluation metrics. The results show that
the 4C framework based on the improved VGG network performs the best in all
aspects. The results show that the 4C framework built on the enhanced VGG has
the best outcomes.

For detecting and recognizing handwritten digits in historical documents, authors [54]
introduce a deep learning architecture called DIGINET and a dataset called DIDA
to train the model. Data in the DIDA dataset is collected from the historical
Swedish handwritten document images. DIGINET consists of DIGITNET-dect and
DIGITNET-rec, which are used to extract features for detecting the digits and recog-
nizing digits using CNN architecture, respectively. The complete experiment shows
that the DIGINET has the highest detection with 76.84% accuracy and recognition
with 97.12% accuracy compared to other models.

3.1 Research Gap

In previous studies, authors [45] [49] have mainly focused on digit detection and
recognition of modern handwritten styles. They have worked on denoised, cleaned,
size normalized datasets. The present digit detection and recognition methods are
limited to modern handwritten digits with no artifacts. Historical documents are
essential as they are assets for future generations and must be kept safe from damage
and loss. Automating the process of identifying the data from the records and storing
them is a significant step to make. The subsequent research gaps from previous
studies are listed below:

• In [43] [45] [47] [48] [49], the authors have implemented deep learning algo-
rithms for digit detection on cleaned, denoised datasets with modern hand-
writing styles. These approaches work well with existing digit datasets but not
with historical documents. With the help of the DIDA dataset, we implement
advanced deep learning algorithms to detect and recognize multi-digit strings
and compare them based on metric evaluation measures. The authors of the
paper [52] [53] have worked on recognising the handwritten digits but used ML
algorithms or basic DL algorithms in their research. The digits in historical
documents from DIDA dataset [10] have multiple issues such as single-touch,
multi-touch, broken, Degradation, and Fainted. Apart from that, the digits
were written in ancient handwriting styles.

• There is a shortage of experimentation based on advanced deep learning meth-
ods to detect digit strings on historical documents from the DIDA dataset [10].

• The authors compared advanced deep learning algorithms [49] on MNIST
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dataset [7]. In our research, we will implement advanced deep learning algo-
rithms for detecting and recognizing multi-digit strings on historical documents
collected by DIDA dataset [10].
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Method

This section has a detailed implementation of chosen research methods; datasets used
for training and testing our models, and an evaluation strategy to analyze the models
trained and tested with the DIDA dataset. The most used empirical methods are
Experiment [55], Case study [56], and Survey. For our research, we have chosen a
literature review and Experimental study as we use different advanced deep learning
algorithms by training and testing the data from the DIDA dataset. The Literature
review helps us to gain knowledge about different advanced deep learning algorithms
for training and testing the DIDA dataset [10]. Our quantitative dataset (augmented
and digit string images) is why we chose experimental study as our research method.
The reason for not choosing the following methods:

A Case Study is not suitable for this research as it is related to interviews and
archival data, which are not needed to know the efficiency of an algorithm for de-
tecting digits.
The Survey includes a set of questions and deals with opinionated views. The
potential for in-depth exploration of influential factors in the study is limited, and
Survey collects data. Still, it cannot give a hypothetical result as an experiment.

4.1 Literature Review

The literature review is to gain knowledge of the existing research relevant to a
specific study area. We have conducted this method to find the practical deep-
learning algorithms that solve our RQ1 for detecting and recognizing handwritten
digit strings. We have learned about different deep-learning algorithms for object
detection and data preprocessing techniques.

Our primary step while conducting a literature review is forming a set of keywords
relevant to our research area. We use these keywords in our research to find the
articles that help us find deep learning algorithms for digit string detection from the
databases such as Springer, IEEE Xplore, Scopus, Google Scholar, etc. The search
string used for finding articles for our study is presented below :

("Deep learning algorithms" OR "Deep Learning models", "Handwritten
digit detection" OR "Handwritten digit recognition" OR "Comparision
of advanced deep learning algorithms" OR "Object detection algorithms"
OR "Machine Learning" OR "Neural Networks")

23
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We employed inclusion and exclusion criteria, as well as the snowball sampling
approach [55]to focus our results on the most relevant articles. The snowball method
starts with a small initial sample and builds upon it by recruiting more participants.

Inclusion Criteria:

• Articles that are published in the English language.

• Articles which are available in Full text.

• Articles that include either "Deep Learning" or "Object Detection".

• Articles must have been published in the last 20 years.

Exclusion Criteria:

• Articles that deal with subjects besides machine learning.

• Articles that lack full-text access.

4.2 Experimentation
Experimentation is a highly efficient research method to know the cause-and-effect
relationships between variables and provides a systematic approach to measuring the
outcome. [55]. The experimental study is suitable for our research to resolve RQ2 and
RQ3, where we train different advanced deep learning models to detect handwritten
multi-digit strings with the DIDA dataset III and then measure the efficiency of each
model using Evaluation metrics.

Historical handwritten digit images are more complicated to process when compared
to other digit images as handwritten digits have many issues which make them dif-
ficult to identify, as mentioned earlier. The algorithms should overcome these issues
and accurately detect the numbers in the multi-digit strings as the experiment aims
to detect digits in a multi-digit string. The problem becomes more complicated as
the digits in the strings may collide with each other while being written, which need
to be visible correctly, are darkened, and so on.

We propose a solution with the experimental study to address the problems of de-
tecting a digit string. To accomplish this, we train the model using the DIDA
Dataset-III, a collection of augmented digit images representing all digit classes. We
then evaluate the model using dataset-II, which contains multi-digit strings from the
same dataset. Our conclusion is based on the evaluation of various advanced deep
learning algorithms to determine which one has the highest efficiency in detecting
and recognizing digit strings. The efficiency of each algorithm is measured using key
metrics such as Precision, Recall, Accuracy, and F1-score.

We chose the particular Deep Learning algorithms based on the literature review
done on previous studies. This section elaborates on the training and testing of al-
gorithms which are discussed in the background section.
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In our experimental study, the initial stage involves determining the dependent and
independent variables. The independent variable, which is the subject of manip-
ulation and alteration, has an impact on the dependent variable. The dependent
variable is the variable that is being measured and evaluated.

Dependent variables : Training deep learning models, Evaluation metrics.

Independent variables: Standard Advanced Deep learning algorithms.

4.3 Tools and Libraries
In this research, we have picked up some deep learning algorithms for multi-digit
string detection. We have implemented the algorithms using the python language
and carried out our experiment in a Google Colab environment.

Hardware specification

CPU Intel (R) Xeon(R) @ 2.30GHz with 2 cores
GPU Nvidia T4
RAM 12GB
GPU memory 16GB

Table 4.1: Google Colab Pro Environment

Although our selected deep learning algorithms require the base libraries but also
have different requirements based on their design architecture. Here we mention the
core libraries and algorithm-specific dependencies.

4.3.1 Core Libraries

Pandas: Pandas library stores various analysis tools and high-level data structures.
It provides data cleaning and processing and supports data conversion, visualization,
and more. [58]

Numpy: Numpy is a most used python library that supports large matrices and
multi-dimensional data. It provides mathematical functions for quick calculations.
[60] ]

OpenCV: It is a computer vision library that gives computer vision applications
a common framework and makes it easier to incorporate machine learning into com-
mercial products. [57]

Matplotlib: Plotting numerical data is handled by this library. And for this reason,
it is employed in data analysis. Additionally, an open-source library, it plots highly
detailed images such as graphs, scatterplots, graphs, and pie charts. [61]
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Sklearn: Sklearn is a popular Python Library for handling complex data. It is an
open-source library that facilitates machine learning. It supports many supervised
and unsupervised methods, including linear regression, classification, and clustering.
This library is combined with both SciPy and Numpy. [59]

Tensorboard:As part of the machine learning workflow, TensorBoard is a tool
for providing the measurements and visualizations required. It enables a variety
of tasks, including visualizing the model graph, projecting embeddings into a lower
dimensional space, and tracking experiment metrics like loss and accuracy. [62]

4.3.2 Algorithm specific libraries

Tensorflow:It is an open-source library utilized for complex calculations. Deep
learning and machine learning algorithms both make use of it. There are numerous
tensor operations in it. [63]

PyTorch:PyTorch is the most popular machine-learning library for tensor compu-
tation optimization. It helps with the resolution of issues related to neural network
applications by having strong GPU acceleration and a rich API for tensor computa-
tions. [64]

Torchvision:Torchvision is a computer vision library that works together with Py-
Torch. There are tools for quick image and video transformations, pre-trained models
that are widely used, and datasets. [64]

Keras:Google created the high-level Keras deep learning API to implement neu-
ral networks. It is used to simplify the implementation of neural networks and is
written in Python. Additionally, multiple backend neural network computation is
supported. [65]

4.4 Dataset

DIDA has the largest image-based historical handwritten digit dataset with 250k
single digits and 200k multi digits, which are taken from the Swedish historical hand-
written document images between 1800 and 1940 [10]. The digit images are recorded
without size normalization and denoising, and the DIDA dataset is generated to
resolve handwritten digit detection and recognition in the historical document im-
ages.DIDA dataset consists of three sub-datasets, and we use Datasets II and III for
our Experimentation.

• Dataset II : This dataset consists of multi-digit samples with two variations.
One is a fixed length, and the other is a variable-length string.This dataset
has six numeral string issues: single-touch, multi-touch, broken, degradation,
fainted or invisibility, and no artifacts. In this dataset, the digit images are
used as test images for each trained detection model for detecting the digits in
the multi-digit string.
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Figure 4.1: Fixed length multi-digit string images [10]

Figure 4.2: variable length multi-digit string images [10]

• Dataset III : All digit classes’ augmented digit images can be found in this
dataset. These images are formed by superimposing every ten digits from
Dataset I on cropped images from historical handwritten documents where ini-
tial digits are not included. The authors generate this dataset [54] to train
their Digitnet Network to recognize digit strings. We have used this dataset to
train our Advanced deep-learning models for detecting and recognizing histor-
ical handwritten digit strings.

Figure 4.3: single handwritten digit samples in the 416 × 416 images [10]
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4.5 Research Design
This study mainly works with the detection of handwritten digits in images. The
document images in the DIDA dataset are used for training and testing the advanced
deep-learning models. We use the following research design for implementing our
advanced deep learning algorithms. Ultimately, we evaluate the models based on
the metrics such as Accuracy, Precision, and Recall and compare them to determine
the best deep learning model among the other models for detecting and recognizing
historical handwritten document images from DIDA dataset [10].

Figure 4.4: Research Design

The research process is done step by step as follows,

• The research starts with a literature review to find suitable deep-learning al-
gorithms.

• The next step is to design the experiment with the required data and tools.

• Preprocessing the data in the dataset by properly modifying the data as per
requirements.
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• Implementing each model with the preprocessed data by setting some model
configurations to detect the digits in the images.

• Training every model using 13,000 images, 4,000 images for testing, and 2,000
images for validating the model.

• If the validated results are better than the previous one then move to the final
results otherwise change the model configuration settings and continue to the
next steps.

• Finally, compare all the algorithms with one another with their results to know
the better among all four algorithms.

4.6 Implementation

The implementation of a deep learning model involves several steps, including data
preprocessing, model configuration, model training and validation, and model evalu-
ation. In the data preparation phase, the dataset of images and annotations must be
collected and preprocessed to ensure that it is suitable for training the model. Dur-
ing the model training phase, the algorithm is fed by the preprocessed data, and the
parameters of the model are optimized to avoid the overfitting of the deep learning
model and obtain the optimum accuracy of the model.

4.6.1 Data Preprocessing

The first step is Data Preprocessing: Data preprocessing is crucial, where the raw
data is manipulated according to the output’s requirements, improving the model’s
performance. We implemented Image preprocessing using these operations: Label-
ing, Image Resizing, and Data Augmentation.

Labeling- Labeling in preprocessing refers to the process of assigning a class or cat-
egory label to each instance in a dataset. Labeling can be performed manually by
using tools. Roboflow application [68] is used for labeling the digits, where the differ-
ent algorithm has different file format. These file formats are provided in "Appendix
A". Figure A.1 shows the YOLOv5 and YOLOv7 file, which is in "text" format.
Figure A.2 shows the RetinaNet file in "CSV" format. Faster RCNN is shown in
".tfrecord" file format in figure A.3.

Image resizing- This step resizes the filtered clean Image using Normalization,
also called re-scaling. Different size of the Image indicates a difference in pixels in
the Image; depending on the pixels learning rate will differ.

Data Augmentation- It increases the model’s performance as the process prevents
the network from learning the unnecessary features in the Image. The techniques
used in this process are vertical and horizontal flipping, cropping, and rotation.
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Figure 4.5: Digits frequency in the training data

4.6.2 Model Training

A deep learning algorithm is fed training data so it can learn during the process
of "training" a deep learning model. All four algorithms are trained using 13,000
images and then tested using 4,000 images to evaluate the output. Our study uses
YOLOv5, Faster R-CNN, YOLOv7, and Retinanet deep learning algorithms to train
on the DIDA dataset III. These algorithms are trained by using images with an image
resolution of 416x416. Every deep learning model, in essence, every machine learning
model, goes through a set of steps typically the same when training a model. During
model training, the following steps are taken:

• Setting up the Environment : Our priority is to set up the Environment,
which involves importing the necessary libraries and dependencies for training
the model.

• Model Configuration : Every deep learning algorithm has a configuration
file where we can change the deep learning model’s hyperparameters. These are
variables that have an impact on the training process and ultimately determine
the performance of the model.The reason behind choosing these hyperparam-
eters because the authors [66] mentioned that the batch size and learning rate
would be considered as a critical options for obtaining an optimized deep learn-
ing model. The following hyperparameters used in our study are.

– Epochs : Epoch refers to a single iteration over the entire training dataset
in a deep learning model.

– Batch Size : Batch size defines the number of digit images processed at
a time in a single forward/backward pass.

– Learning Rate: Learning rate is a hyperparameter that determines the
step size at which the optimizer makes updates to the model parameters
during training.
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The selection of these hyperparameters is a crucial step in the training process
and is performed by searching through a defined space of possibilities. The
final values chosen for these hyperparameters are based on the results of the
training and validation processes, and can be adjusted as necessary to optimize
the model’s performance.

Hyperparameter Attribute Search Space Selected
value

Epochs Fixed [100] 100

Batch Size Variable [8, 16] 8

Learning Rate Variable [0.002, 0.003, 0.0035] 0.002

Table 4.2: Details of the hyperparameter search space are displayed in the table.

The range of all potential solutions that must be searched is defined by the
search space. The search space must be planned so that it is neither too tiny
to exclude many satisfying models nor too large to require more effort and
resources.We have picked the Learning rate search space they were near to
default values of the chosen deep learning models.We have picked the default
epoch variable (100). We have used google colab as our experimentational
environment the batch size is 8 and 16 were appropriate choices since anymore
would be computationally taxing on the environment.

• Implementation of tensorboard : To analyze the model training, we receive
live metric graphs, which is crucial. This makes it easier to recognize the
model’s behavior, and we then change the values of the hyperparameters.

• confidence score threshold : Confidence score in object detection refers to
the probability that a detection is accurate. Higher confidence scores indicate
a higher degree of certainty that the detection is correct, while lower scores
indicate more uncertainty. Confidence scores can be used to filter out low
confidence detections and improve overall accuracy [66]For our Experiment we
have taken the default confidence score threshold (0.5) as it provides a good
balance between reducing false detections and ensuring that the majority of
true detections are kept. A threshold of 0.5 means that only detections with a
probability score higher than 0.5 will be considered as valid detections.

• Saving the model: Later, we use a package associated with the created
model. For saving the deep learning model, each library has a separate sub-
package. We reload this saved model into the notebook and test it using the
handwritten multi-digit images.

4.6.3 Model Evaluation

Digit string detection and recognition through different advanced deep learning al-
gorithms give different results. The detection rate may vary for each algorithm. The
performance of the detection algorithms to detect the digit string can be measured
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using some factors. The metrics for evaluating the algorithm’s efficiency are Preci-
sion, Recall, Accuracy and F1-score.

Precision - It is used to measure the correct predictions by calculating the division
of true positives by all the positive predictions (true positive plus false positive). In
comparison with our study, this represents the proportion of correctly detected digits
among all the digit predictions of a specific digit [67].

Precision =
TP

TP + FP
(4.1)

Recall - Recall is a metric used in evaluation of binary classification models and
measures the proportion of actual positive instances that are correctly detected by
the model.In our study,this represents the proportion of correctly detected digits
among all the actual instances of a digit [67].

Recall =
TP

TP + FN
(4.2)

Accuracy - Recall represents the proportion of correctly detected digits among all
the actual instances of a digit [67].

Accuracy =
TP + TN

TP + FP + TN + FN
(4.3)

F1score - F1 score is a balanced measure of precision and recall, computed as
the harmonic mean of the two, used to evaluate the performance of a deep learning
model. [67]

F1score =
TP

TP + 1
2
(FP + FN)

(4.4)



Chapter 5
Results and Analysis

In this chapter, we present the findings from the Literature Review, the Experiments,
and the analysis done to address the research questions.

5.1 Literature Review
In this section, we present the results of the research papers and articles within the
area of our current research. The findings from the literature review provide context
and background information about the topic being studied.

Article Results
An improved faster-RCNN model
for handwritten character recog-
nition. [69]

The authors of the paper introduced a model for
handwritten character recognition. The model im-
plementation is to obtain the region of interest
by creating annotations. Then the in-depth fea-
tures are then computed using an upgraded Faster-
RCNN that incorporates DenseNet-41. The dig-
its are then localized and divided into ten classes
using the regressor and classification layers. The
results show that the accuracy obtained for hand-
written character recognition using Faster R-CNN
is 99.78%.

Automatic Container Code
Recognition via Faster-
RCNN. [70]

This study uses Faster-RCNN to automatically
find and identify container codes. Candidate char-
acters are passed to a post-processing program
that uses binary search as its foundation. Faster-
RCNN then uses these characters to acquire the
container code in an effective and efficient man-
ner. Experimental findings support the approach
suggested in the research, which achieves an over-
all accuracy of 97.71% on a dataset containing 831
container codes.

33
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Article Results
Faster R-CNN: an Approach to
Real-Time Object Detection. [71]

The authors of this study justify the Faster R-CNN
used for the detection of the traffic indicators like
traffic lights and STOP signs. The algorithm is
taken as it is a suitable algorithm for the appli-
cation in terms of detection accuracy and speed.
Experimental results show that 98% mean average
precision is achieved using the Faster R-CNN al-
gorithm.

Automatic License Plate Recog-
nition via sliding-window
darknet-YOLO deep learn-
ing. [72]

The study is to detect the license plate of the car
automatically. The method used to detect is a
sliding window, where it takes the digits in the li-
cense one by one, and then each window is taken
by the YOLO framework for detection. The pa-
per says that the system achieved approximately
98.22% accuracy on license plate detection using
the YOLO algorithm.

Improved Ship Detection Algo-
rithm from Satellite Images Using
YOLOv7 and Graph Neural Net-
work. [73]

The authors of this paper have provided a model
that uses YOLOV7 and GNN to identify ships in
satellite photos. The learning rate, batch sizes,
and optimization choices are the three hyperpa-
rameters used to create this system. According
to the testing results, the proposed model outper-
forms the YOLOv7 algorithm’s predecessor with a
success rate of 93.4%.

A comprehensive comparison of
end-to-end approaches for hand-
written digit string recognition.
[74]

This study is to conclude with the best algorithm
to solve the HDSR (Handwritten Digit String
Recognition) problems. The study compares
YOLO, RetinaNet, and CRNN algorithms, consid-
ering the challenging datasets taken for training
and testing. The authors claim that the YOLO
model has achieved an accuracy of 97% for hand-
written digit string recognition, which is the high-
est compared to other algorithms.

Handwritten Text and Digit Clas-
sification on Rwandan Periopera-
tive Flowsheets via YOLOv5. [75]

The paper shows the detection of handwritten doc-
uments to digitalize them. The implementation
has been done on the 363 perioperative flowsheets
of the drug and physiological indicator portions
from the University Teaching Hospital of Kigali
in Rwanda. The authors stated that the detec-
tion of handwritten documents using YOLOV5
had shown outstanding results. For the detection
of word objects by the model, the class labels of
the YOLOv5 model have been combined into a sin-
gle class.
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Article Results
Object Detection with RetinaNet
on Aerial Imagery: The Algarve
Landscape. [76]

The paper presents a model to detect the swim-
ming pools in satellite images using the RetinaNet
algorithm. The algorithm has been used with
three different backbone architectures and com-
pared to see which handles the class imbalances
and which is good at the detection of smaller ob-
jects. ResNet152 backbone architecture of Reti-
naNet has shown high performance in detecting
the swimming pools in the images.

Deep RetinaNet-Based Detection
and Classification of Road Mark-
ings by Visible Light Camera Sen-
sors. [77]

In this paper, the authors have proposed a method
to detect road markings by visible light camera
sensors using RetinaNet. Three datasets - Malaga
urban dataset, the Cambridge dataset, and the
Daimler dataset have been used to test the ef-
ficiency. It has been proved that the RetinaNet
algorithm has been better in accuracy and speed
than other algorithms.

Table 5.1: The results of the Literature Review are shown in the table.

5.2 Literature Review Analysis
From the literature review table 5.1 we have observed that the performance of every
algorithm has been compared using metrics. With that in mind we selected the set
of suitable algorithms from each paper for our comparitive study.

In the papers [76] [77], RetinaNet has been used for the object detection of satel-
lite images and road markings. The authors stated it was worth considering the
algorithm as it showed better results in the detection process, and the architecture
of the algorithm is flexible. In paper [73], the detection of objects is from satellite
images. In the paper, YOLOv7 achieved an accuracy of 93.4% with satellite images.
The papers [69] [70] [72] [74] [75] demonstrated successful digit and text recogni-
tion with different datasets; in these papers, Faster R-CNN, YOLOv5, YOLOv7,
and RetinaNet have been proven to have high accuracy in digit and text detection.
With the overall literature review and analysis, the following advanced deep learning
algorithms were selected for our comparitive study

• Faster R-CNN

• YOLOv5

• YOLOv7

• RetinaNet
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5.3 Experimental Results

After all the implementations and training of the four algorithms with different ar-
chitectures, the results have been obtained on recognizing and detecting the hand-
written digits. The efficiency of the model is evaluated using a confusion matrix by
visualization. Performance metrics like recall, precision, and accuracy are derived
from the confusion matrix with true positives, true negatives, false positives, and
false negatives. The results of the metrics comparison justify which algorithm is
better in performance in detecting handwritten digits.

5.3.1 Results of Faster R-CNN

The results obtained show that the Faster R-CNN was able to recognize and detect
the handwritten digits from the historical document images, as shown in figure 5.1.
The algorithm was able to process and implement all types of digits with different
challenges. The confusion matrix representation is shown in figure 5.2. We have
achieved these test results by training the model with hyperparameters learning rate
and batch size being 0.002 and 16.

5.3.2 Results of RetinaNet

The results in figure 5.3 show that the RetinaNet is successful in recognizing and
detecting handwritten digits in historical document images. Each problematic digit
in the image is preprocessed and used by the model. Figure 5.4 displays the confusion
matrix results for the RetinaNet algorithm. We have achieved these test results by
training the model with hyperparameters learning rate and batch size being 0.003
and 16.

5.3.3 Results of YOLOv5

As can be seen in figure 5.5 from the results, the YOLOv5 was successful in identifying
and detecting handwritten digits in historical document images. All digits with
various problems are preprocessed and used by the model. The confusion matrix
results for the YOLOv5 algorithm are given in figure 5.6. We have achieved these
test results by training the model with hyperparameters learning rate and batch size
being 0.003 and 16.

5.3.4 Results of YOLOv7

The YOLOv7 proved successful in identifying and detecting handwritten numbers
in historical document images, as seen in the results in figure 5.7. The model pre-
processes and uses every digit in the image, which has issues detecting. Figure 5.8
includes the YOLOv7 algorithm’s confusion matrix findings. We have achieved these
test results by training the model with hyperparameters learning rate and batch size
being 0.0035 and 16.
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Figure 5.1: Faster R-CNN detection results

Figure 5.2: Faster-RCNN’s Confusion Matrix
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Figure 5.3: RetinaNet detection results

Figure 5.4: RetinaNet’s Confusion Matrix
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Figure 5.5: YOLOv5 detection results

Figure 5.6: YOLOv5’s Confusion Matrix
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Figure 5.7: YOLOv7 detection results

Figure 5.8: YOLOv7’s Confusion Matrix
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5.4 Analysis of Experimental Results

Algorithms Accuracy Precision Recall F1 score

Faster R-CNN 79.21% 70.98% 77.3% 74.01%

RetinaNet 84.52% 75.3% 77.5% 76.4%

YOLOv5 85.7% 93.1% 81.3% 86.8%

YOLOv7 88.7% 93.7% 83.9% 88.5%

Table 5.2: The results of digit detection are shown in the table.

5.4.1 Accuracy

Each algorithm’s accuracy is listed in table 5.2. Accuracy is calculated by including
the values of the total number of true positives, false positives, false negatives, and
true negatives obtained by Faster R-CNN, YOLOv5, RetinaNet, and YOLOv7. This
table demonstrates the accuracy of the Faster R-CNN, YOLOv5, RetinaNet, and
YOLOv7 algorithms. The comparison between the accuracy of the algorithms shows
that Faster R-CNN has lower accuracy and YOLOv7 has higher accuracy in detecting
handwritten digits. As a result, it is abundantly obvious from the findings that
YOLOv7 exceeds all other algorithms in terms of accuracy. Comparison results of
accuracy obtained by all four algorithms are shown in figure 5.9 as a bar graph
representation.

Figure 5.9: Comparison of detection accuracy for digit string images.

5.4.2 Precision

When the total number of true positives and false positives from the Faster R-CNN,
YOLOv5, RetinaNet, and YOLOv7 algorithms are combined, the results of the pre-
cision are obtained, which are shown in table 5.2. It demonstrates that YOLOv7 has
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higher precision than other algorithms. The visual representation of the comparison
of the precision results is shown in figure 5.10.

Figure 5.10: Comparison of detection precision for digit string images.

5.4.3 Recall

The total number of true positives and false negatives obtained from Faster R-CNN,
YOLOv5, RetinaNet, and YOLOv7 algorithms are used to determine recall for re-
spective algorithms. The recall results are listed in table 5.2. From this table, it
is seen that the YOLOv7 algorithm has more recall percentage when compared to
others. The comparison of the recall results is shown in figure 5.11 in the form of a
graphical representation.

Figure 5.11: Comparison of detection Recall for digit string images.
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5.4.4 F1 score

The total number of true positives, false positives and false negatives obtained from
Faster R-CNN, YOLOv5, RetinaNet, and YOLOv7 algorithms are used to determine
F1 score for respective algorithms. The F1 score results are listed in table 5.2. From
this table, it is seen that the YOLOv7 algorithm has more recall percentage when
compared to others. The comparison of the F1 score results is shown in figure 5.12
in the form of a graphical representation.

Figure 5.12: Comparison of detection F1 score for digit string images.





Chapter 6

Discussion

In this chapter, the aim is to present and explain the results of the research con-
ducted. This includes a review of relevant literature, details about the experiments,
and an analysis of the results collected to answer the research questions. The chapter
will also discuss any potential risks to the research’s validity or reliability, such as
biases or the method’s limitations. Discussing these threats is to provide a transpar-
ent and thorough examination of the study and identify areas where further research
may be needed.

In our research study, we conducted a comprehensive Literature review to deter-
mine effective Deep learning algorithms for digit and text recognition. The purpose
of the review was to identify the algorithms that have demonstrated high accuracy in
object detection tasks and which could potentially be used for our study. Our review
revealed that Faster R-CNN, YOLOv5, YOLOv7, and RetinaNet have demonstrated
high accuracy in object detection tasks. Specifically, RetinaNet, with its focal loss
function, has shown to be effective in object detection. In the paper [74] we reviewed,
RetinaNet was used for digit recognition and delivered good accuracy, making it an
attractive choice for our study. Many articles and papers have compared the per-
formance of Faster R-CNN and YOLO in object detection, including tests for digit
and text recognition. These algorithms were selected based on the findings of our
Literature review and will be compared in our study under similar experimental con-
ditions to determine the best deep learning model for handwritten digit dataset [10].
It could be argued that other deep learning algorithms(not mentioned in the review)
could also be a potential choice for our study However, based on our search string
and the articles obtained we confined our choice of algorithms as mentioned in the LR.

6.1 Analysis on Detection Results

• Faster R-CNN : Faster R-CNN from the figure 5.1 we can see that Faster-
RCNN could not detect all the digits successfully.Even the detected digits were
relatively closer to the threshold.From the figure 5.2 we can see the diagonal of
the confusion matrix which represents the accuracies of the individual digits.In
that figure 5.2 detection accuracies for the digits "2", "3", "6", "8" are below
80%.

• RetinaNet : RetinaNet from the figure 5.3 we can see that RetinaNet clearly
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outperforms Faster R-CNN but it clearly misses out on detecting the degraded
digits. It is interesting to note that RetinaNet could not detect digit "4" but a
part of it was detected as digit "1" which resembles digit "1".From figure 5.4
we can see that RetinaNet outperforms Faster R-CNN on all the digits except
digit "5".The detection accuracies for all the digits are well above 80% except
the digits "2" and "6" which were closer to 80%.

• YOLOv5 : YOLOv5 from figure 5.5 we can see that it outperforms Faster R-
CNN and RetinaNet and managed to detect most of the digits from the images
even the fainted and degraded ones. From figure 5.6 we can see that YOLOv5
outperforms RetinaNet and faster RCNN in digits "9", "7", "6", "4", "2", "0".

• YOLOv7 : YOLOv7 from figure 5.7 we can see that it outperforms the above
deep learning models and managed to detect all the digits except in one in-
stance. The detections had a relatively higher confidence score. From figure
5.8 we can see that YOLOv7 has achieved detection accuracies above 90% for
"0", "8", "9". As we can see in the figure, it clearly outperforms the above
algorithms on all the digits except the digit "5" for which Faster R-CNN has
acquired higher accuracy compared to all algorithms.

With efficient deep learning techniques discovered from RQ1,RQ2 is resolved. The
DIDA dataset is used to train and test the developed deep learning models, which are
then assessed using the accuracy, precision, and recall performance criteria. As shown
in Table 5.2, the Accuracy, Precision, and Recall obtained for Faster R-CNN are
79.21%, 70.98%, and 77.3%, correspondingly; for RetinaNet, they are 84.52%, 75.3%,
and 77.5%; for YOLOv5, they are 85.7%, 93.21%, and 81.3%; and for YOLOv7, they
are 88.7%, 93.7%, The metrics results indicate that the most effective deep learning
model is YOLOv7.

6.2 Threats to validity

6.2.1 Internal validity

Internal validity investigates the level of systematic mistakes (bias) [78]. Performance
bias, detection bias, and selection bias are all potential sources of this type of system-
atic inaccuracy. It can occasionally be enhanced if internal validity is compromised.
To mitigate the bias, proper algorithms, data, and metrics are considered so that
poor performance will not occur at the end of the results.

6.2.2 External validity

Examining a study’s external validity determines whether its findings may be applied
to different situations [78]. The training and testing data have been taken care of to
avoid overfitting. The results obtained in our study cannot be replicated on other
datasets as machine learning algorithms are entirely dependent on the data used.
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6.2.3 Construct Validity

Construct validity is about how closely the study’s findings relate to its concepts or
underlying theory [78]. The choice of metrics used to evaluate the performance of
object detection models can impact construct validity. Appropriate measures and
clearly defining the operational variables mitigate the problems that arise in construct
validity.

6.2.4 Conclusion validity

Checking for conclusion validity ensures that research findings are accurate [78].
These risks typically appear when research is carried out improperly and due to
the selection of wrong assessment and performance metrics. This study reduces this
validity by doing the research according to the right procedures and using the right
metrics to assess and compare the deep learning algorithms. The procedures and
metrics are considered from the previous papers and discussed with the supervisor.





Chapter 7
Conclusions and Future Work

7.1 Conclusion
The literature review analysis and experimentation identified the YOLOv5, YOLOv7,
Faster-RCNN, and RetinaNet algorithms as suitable advanced deep learning algo-
rithms in this study. They were trained using the DIDA dataset, which contains
images of ancient handwritten digits with issues such as single-touch, multi-touch,
broken, Degradation, and Fainted. Collecting and preserving historical documents
is much helpful for the future, so we preprocess the data to remove noise and errors
from the images and train the algorithms to detect the digits regardless of how noisy
the image might be. The algorithms were evaluated using the metrics such as accu-
racy, precision, and recall after training them on 13,000 images.

The results of the experiment demonstrate that all algorithms have been success-
ful in detecting the digits. However, all algorithms are compared to determine which
approach performs better. From the detection results, we identify that YOLOv7 out-
performs the other deep learning models (Faster R-CNN, RetinaNet, and YOLOv5)
in detecting degraded digits. It has high detection accuracy for digits "1", "0", "8",
and "9". The performance of RetinaNet is better than Faster R-CNN but not as
good as YOLOv5 or YOLOv7. Faster R-CNN has a lower detection accuracy com-
pared to the other models, especially for digits "2", "3", "6", and "8". We found
that YOLOV7 has the highest accuracy, precision, and recall compared to other al-
gorithms. The accuracy for YOLOv7 is 88.7%, the precision shown is 93.7%, and
the recall obtained is 83.9%. These measures demonstrate that the YOLOv7 has a
higher score and is more effective at detecting and recognizing handwritten digits.

7.2 Future Work
In this thesis, we have worked on detecting and recognizing handwritten digits using
four algorithms. The thesis’s further work may focus on enhancing the accuracy
and effectiveness of present methods. Every algorithm can have an improved version
by using different hyperparameters or sources. Future work can also be focused on
implementing the models regarding the digit issues addressed in this thesis. Future
work can include exploring and expanding the other different use cases with these
algorithms.
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Supplemental Information

Figure A.1: Annotation file for YOLOv5 and YOLOv7 in text format

Figure A.2: Annotation file for Retinanet in .csv format
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Figure A.3: Annotation file for Faster R-CNN in .tfrecord format.
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