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Abstract

Software understanding plays a critical role in software engineering activities such as re-
quirement analysis, design comprehension, maintenance, and evolution. However, manually
analyzing software artifacts, including UML diagrams and source code, is time-consuming,
error-prone, and requires significant expertise. Recent advances in artificial intelligence, par-
ticularly deep learning and large language models (LLMs), provide new opportunities for au-
tomating software understanding tasks.

This thesis presents an artificial intelligence-based framework for automated software re-
quirement and design understanding by integrating deep learning-based UML diagram recog-
nition and LLM-based design pattern recognition. The first contribution focuses on automated
UML diagram classification from images using multiple deep learning architectures. A bal-
anced dataset containing 6,666 UML diagram images from six different categories was uti-
lized to evaluate the performance of Inception-V3, Xception, MobileNet-V3, Custom CNN,
and YOLO models. The experimental results show that YOLO achieved the highest recogni-
tion accuracy of approximately 99%, demonstrating the effectiveness of object detection-based
approaches for UML diagram analysis.

The second contribution investigates automated software design pattern recognition using
large language model-based code representations. Five pre-trained language models, including
GraphCodeBERT, CodeBERT, CodeT5, RoBERTa, and TinyLlama, were evaluated for gener-
ating source code embeddings. The generated embeddings were classified using a k-Nearest
Neighbor (k-NN) classifier to identify different software design patterns. Among the evaluated
approaches, GraphCodeBERT with k-NN achieved the best performance with an F1-score of
0.969.

The findings demonstrate that artificial intelligence techniques can effectively analyze both
visual software artifacts and source code representations. By combining UML diagram un-
derstanding and design pattern recognition, this research provides a unified framework for im-
proving automated software analysis, reverse engineering, and intelligent software engineering
applications.

The contributions of this thesis support the development of future AI-assisted software en-
gineering systems by reducing manual analysis effort and improving software comprehension
through automated understanding of requirements and design information.
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Chapter 1

Introduction

1.1 Background of the Project
Software engineering has become increasingly complex due to the rapid growth of soft-

ware systems, increasing user requirements, and continuous evolution of software architectures.
Modern software development requires effective understanding of software requirements, sys-
tem structures, and implementation details. Successful software engineering practices depend
on accurate analysis, proper documentation, and effective communication among developers,
architects, and stakeholders. Recent advances in artificial intelligence (AI) have introduced new
opportunities for automating complex analysis tasks in software engineering and other domains
[1, 2].

Deep learning has become one of the most influential approaches in artificial intelligence
due to its ability to automatically learn meaningful feature representations from large-scale data.
Deep neural networks have achieved remarkable performance in computer vision, natural lan-
guage processing, and pattern recognition tasks. The success of convolutional neural networks
(CNNs) in image classification has demonstrated the effectiveness of automatic feature learning
for complex visual problems [3, 4, 11].

Several advanced deep learning architectures have further improved visual recognition per-
formance. Xception introduced depthwise separable convolution for efficient feature extraction,
MobileNetV3 focused on lightweight and efficient architecture design, and YOLO enabled real-
time object detection through a unified detection framework [5, 6, 7]. Additionally, effective
data augmentation strategies and efficient model scaling techniques have improved the general-
ization capability of deep learning models [8, 9]. Earlier architectures such as VGG also played
an important role in establishing deep feature extraction methods for image recognition [10].

In software engineering, understanding software requirements and system designs is an es-
sential activity for successful software development. Unified Modeling Language (UML) has
become a widely accepted standard for representing software systems visually. UML diagrams
provide structured representations of software components, classes, activities, deployment en-
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vironments, and interactions among system elements. These visual representations help devel-
opers and stakeholders communicate system behavior and design decisions effectively [17, 19].

However, as software systems continue to increase in size and complexity, manual analysis of
UML diagrams becomes time-consuming and requires significant domain expertise. Different
UML diagrams may contain variations in layout, visual style, complexity, and representation
format, making automated recognition a challenging research problem. Previous studies have
explored deep learning-based UML classification and semantic element recognition, demon-
strating the potential of AI techniques for automated UML understanding [18, 20].

Recent research has focused on developing reliable UML datasets, extracting semantic infor-
mation from diagram images, and generating UMLmodels using advanced artificial intelligence
techniques. These studies highlight the importance of automated UML analysis for improving
software documentation, reverse engineering, and intelligent software development [21, 22, 23].

Furthermore, multimodal learning approaches have introduced new possibilities for under-
standing UML diagrams from different visual sources, including hand-drawn sketches and di-
agram images. These approaches demonstrate the potential of combining vision-based models
with advanced language-based methods for software modeling tasks [24, 25].

Apart from software requirement understanding, software design understanding is another
important challenge in software engineering. Software design patterns provide reusable solu-
tions to commonly occurring software design problems and help improve software maintain-
ability, scalability, and reliability. Automatically recognizing design patterns from existing
source code can assist developers in understanding software structures and supporting software
maintenance activities.

Traditional design pattern recognition methods have mainly relied on manually defined rules,
software metrics, graph matching approaches, and handcrafted features. Although these ap-
proaches achieved considerable success, they often face difficulties when patterns are imple-
mented using different programming styles or modified structures. Recent studies have investi-
gated machine learning-based approaches for improving automated design pattern recognition
[26, 27].

The advancement of computer vision and artificial intelligence has also been supported by
large-scale benchmark datasets, object detection frameworks, region-based detection methods,
and dense feature learning techniques. These developments have contributed significantly to
improving automated image analysis systems [12, 68, 69, 67, 13].

Therefore, this research proposes an integrated artificial intelligence-based software under-
standing framework that combines deep learning-based UML diagram recognition and large
language model-based design pattern recognition. The framework integrates computer vision-
based analysis of visual software artifacts with code representation learning techniques to sup-
port automated software requirement and design understanding.
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1.2 Problem Statement
Although software engineering tools have significantly improved software development pro-

cesses, understanding existing software artifacts remains a challenging task. Developers often
need to manually analyze UML diagrams, source code, and software documentation to under-
stand system requirements and architectural decisions. This manual process requires expert
knowledge, consumes significant time, and may introduce interpretation errors.

ExistingUML recognition approachesmainly focus on specific diagram types or limited clas-
sification problems. Although deep learning techniques have shown promising results, compre-
hensive recognition of multiple UML diagram categories within a unified framework remains
a challenging research problem.

Similarly, existing design pattern recognition approaches depend heavily on predefined rules
and manually engineered features. These approaches may not generalize effectively when de-
velopers use different implementation styles or modify traditional pattern structures.

Furthermore, most existing approaches separately address software requirement analysis and
software design analysis. A unified AI-based framework capable of understanding both visual
software models and source code-level design knowledge remains limited.

The major problems addressed in this research are:

• Manual UML diagram analysis requires significant time and expert knowledge.

• ExistingUML recognition approaches have limited capability for automatedmulti-category
software model understanding.

• Traditional design pattern recognition approaches lack flexibility for different program-
ming implementations.

• Existing approaches do not effectively integrate requirement-level and implementation-
level software analysis.

• There is a need for an AI-based framework that can automatically analyze both UML
diagrams and source code.

1.3 Research Objectives
The main objective of this research is to develop an artificial intelligence based framework

for automated software understanding by combining visual software artifact analysis and source
code intelligence.

The specific objectives of this research are:

• To develop a deep learning-based approach for automatic recognition of different UML
diagram categories.
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• To evaluate multiple deep learning architectures for UML diagram image classification
and recognition.

• To investigate large language model-based techniques for automated software design pat-
tern recognition from source code.

• To analyze the effectiveness of intelligent code representation methods for understanding
source code structures.

• To develop an integrated framework connecting software requirements and software de-
sign analysis.

1.4 Research Contributions
The major contributions of this research are summarized as follows:

• A deep learning-based UML diagram recognition framework is proposed for automati-
cally identifying different UML diagram categories.

• Multiple deep learning architectures are evaluated to determine their effectiveness for
visual software artifact understanding.

• A large language model-based software design pattern recognition approach is introduced
using code embeddings and machine learning classification for automated source code
analysis.

• An integrated software understanding perspective is presented by connecting visual de-
sign representations with implementation-level knowledge.

• This research contributes to the development of AI-assisted software engineering tools
for reducing manual analysis effort.

1.5 Outcome of the Project
The theoretical and practical outcomes of this project are described below.

1.5.1 Theoretical Outcomes
The major theoretical outcomes of this project are:

• Development of an integrated AI-based software understanding framework.

• Investigation of deep learning techniques for UML diagram recognition.
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• Analysis of automated approaches for software design understanding.

• Contribution to AI-assisted software engineering research.

• Providing insights into automated extraction of software knowledge.

1.5.2 Practical Outcomes
The practical outcomes of this project include:

• An automated UML diagram recognition system.

• An intelligent software design analysis approach.

• Reduction of manual effort in software documentation and analysis.

• Support for software maintenance and reverse engineering activities.

• A foundation for future AI-based software engineering applications.

1.6 Organization of the Thesis
The remainder of this thesis is organized as follows.
Chapter 2 presents the literature review related to UML diagram recognition, software design

pattern recognition, code representation learning, and AI applications in software engineering.
Chapter 3 describes the researchmethodology, datasets, experimental setup, model selection,

and evaluation procedures.
Chapter 4 presents the proposed deep learning-based UML diagram recognition framework

and experimental results.
Chapter 5 presents the large language model-based design pattern recognition framework,

code embedding generation approaches, and classification analysis.
Chapter 6 presents the integrated discussion, practical implications, limitations, and future

research directions.
Finally, Chapter 7 concludes the thesis by summarizing the major findings and future exten-

sions of this research.
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Chapter 2

Literature Review

2.1 Introduction
Software engineering has experienced significant transformation due to the rapid advance-

ment of artificial intelligence (AI), machine learning (ML), and deep learning technologies. The
increasing complexity of modern software systems has created new challenges in understanding
software requirements, design structures, implementation details, and maintenance processes.
Traditional software engineering activities heavily depend onmanual analysis and expert knowl-
edge, which becomes difficult when software systems become large, complex, and continuously
evolving.

Recent advances in artificial intelligence have introduced intelligent approaches for automat-
ically analyzing and understanding software artifacts. AI-based techniques enable systems to
learn meaningful patterns from large amounts of data and support automated decision-making
processes. Deep learning models have demonstrated strong capabilities in learning complex
feature representations from different types of data, including images, text, and source code
[2, 1, 14, 15].

This thesis focuses on automated software requirement and design understanding through two
complementary research directions. The first direction explores deep learning-based UML dia-
gram recognition, where software design artifacts are analyzed as visual information. The sec-
ond direction investigates large language model-based design pattern recognition, where source
code representations are analyzed to identify reusable software structures.

This chapter presents a comprehensive review of existing research related to artificial intel-
ligence in software engineering, UML diagram recognition, software design pattern detection,
and large language model-based code understanding. The limitations of existing approaches are
also analyzed to establish the motivation and research gap addressed in this thesis.
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2.2 Artificial Intelligence in Software Engineering
Artificial intelligence has become an important research area in software engineering be-

cause of its ability to automate complex development and analysis activities. AI techniques
have been applied throughout different phases of the software development lifecycle, including
requirements engineering, software design, implementation, testing, and maintenance.

Modern software systems generate large volumes of information through various software ar-
tifacts such as requirement documents, UML diagrams, source code, test cases, and architectural
descriptions. Extracting useful knowledge from these artifacts manually requires significant
time and expertise. Therefore, intelligent approaches capable of automatically learning patterns
from software-related data have gained increasing research attention [59, 63, 64, 65, 66].

Machine learning techniques allow computational systems to learn patterns from historical
examples without relying on explicitly defined rules. Deep learning extends this capability by
automatically learning hierarchical feature representations from complex data. These charac-
teristics make AI techniques suitable for software engineering tasks involving classification,
prediction, pattern recognition, and knowledge extraction [2, 61].

2.2.1 Role of AI in Software Development Lifecycle
The software development lifecycle consists of several interconnected phases, including re-

quirement analysis, system design, implementation, testing, and maintenance. Each phase pro-
duces valuable software artifacts that contain important knowledge about the system.

Requirement engineering focuses on identifying user expectations and defining system func-
tionality. Software design transforms these requirements into architectural structures, while
implementation converts design decisions into executable source code. During maintenance,
developers analyze existing systems to identify improvements, modifications, and potential is-
sues.

Traditional software engineering practices depend largely on human-driven analysis of these
artifacts. However, the increasing size and complexity of software systems make manual anal-
ysis time-consuming and challenging. AI-based approaches provide opportunities to automate
artifact analysis and support developers in understanding complex software systems [60, 62].

Machine learning approaches can identify hidden patterns from software data, while deep
learning models can automatically extract meaningful representations from complex inputs.
These capabilities have encouraged the application of AI techniques in different software engi-
neering activities.

2.2.2 Deep Learning Applications in Software Engineering
Deep learning has demonstrated remarkable success in various domains because of its ability

to automatically learn effective feature representations from large-scale datasets. Convolutional
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neural networks (CNNs), in particular, have been widely applied for image classification, object
detection, and visual feature extraction [3, 11].

Recent deep learning architectures have significantly improved the efficiency and accuracy of
automated analysis systems. Vision Transformer (ViT) introduced transformer-based architec-
tures into computer vision by treating image patches as sequential tokens and applying attention
mechanisms for visual understanding [14].

Similarly, surveys on convolutional neural network architectures have highlighted the contin-
uous development of deep learning models and their applications in different computer vision
tasks [15].

These advancements have encouraged researchers to apply deep learning techniques for an-
alyzing software artifacts represented in visual formats, including UML diagrams. Since UML
diagrams contain structural and visual patterns, deep learning approaches provide a promising
solution for automated software model understanding.

2.3 Large-Scale AI Models and Software Understanding
Recent advances in artificial intelligence have resulted in powerful models capable of learn-

ing complex patterns from large-scale datasets. These models have significantly influenced
software engineering research by enabling automated code analysis, program understanding,
software documentation generation, and knowledge extraction.

Transformer-based architectures have become a foundation for many modern AI systems
because of their ability to capture contextual relationships and long-range dependencies. Unlike
traditional sequential models, transformer architectures utilize attention mechanisms to identify
important relationships within input data [1].

Large language models (LLMs) have introduced new opportunities for software engineering
automation by providing semantic understanding of source code. These models are trained on
large collections of programming languages and natural language data, allowing them to learn
programming structures, dependencies, and contextual relationships [41, 42].

Recent studies have demonstrated the effectiveness of large language models for different
software engineering tasks, including code generation, program comprehension, debugging,
documentation, and software analysis. The ability of LLMs to understand complex code struc-
tures makes them promising for automated software design understanding [47, 48].

2.4 Software Requirement Understanding
Software requirement understanding is one of the fundamental activities in software engi-

neering. Requirements define the expected behavior, functionalities, constraints, and objectives
of a software system. Accurate requirement analysis is essential because errors introduced dur-
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ing this phase may negatively affect later stages of software development.
Software requirements are represented through different forms, including textual descrip-

tions, models, and graphical representations. Among these representations, Unified Modeling
Language (UML) diagrams are widely used because they provide standardized visual commu-
nication between developers, architects, and stakeholders.

Automated requirement understanding aims to reduce manual analysis effort and improve
consistency between software documentation and actual system implementation. Artificial in-
telligence techniques provide opportunities to analyze software artifacts automatically and ex-
tract meaningful knowledge from them [59].

The increasing complexity of software systems has created the need for intelligent approaches
capable of understanding both high-level software models and implementation-level informa-
tion. Therefore, automated analysis of UML diagrams and source code has become an important
research direction in AI-assisted software engineering.

2.5 Unified Modeling Language (UML) in Software Engineer-
ing

Unified Modeling Language (UML) is a standardized modeling language used for visual-
izing, specifying, constructing, and documenting software systems. UML provides different
diagram types that represent structural and behavioral aspects of software applications [16].

Structural UML diagrams describe the static organization of software systems. Examples
include class diagrams, component diagrams, and deployment diagrams. These diagrams rep-
resent elements such as classes, components, relationships, and system deployment structures
[70].

Behavioral UML diagrams describe the dynamic behavior and interaction of software sys-
tems. Activity diagrams represent system workflows, while sequence diagrams describe inter-
actions among different system components over time [71].

UML diagrams contain valuable software knowledge, including system structure, component
relationships, and design decisions. Therefore, automated UML understanding has become an
important research area for supporting software maintenance, reverse engineering, documenta-
tion analysis, and intelligent software development [72].

2.6 Summary
This section discussed the importance of artificial intelligence and advanced AI models in

modern software engineering. Deep learning approaches provide effective solutions for visual
software artifact analysis, while large language models enable semantic understanding of source
code.
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The following sections review existing research on deep learning-based UML diagram recog-
nition, including dataset development, image classification, semantic extraction, and modern
AI-based diagram understanding approaches.

2.7 Deep Learning-Based UML Diagram Recognition
The application of deep learning in computer vision has created new opportunities for au-

tomated UML diagram understanding. Since UML diagrams are visual software artifacts, they
can be analyzed using image classification, feature extraction, and object detection techniques
[73, 74, 75].

Traditional UML analysis methods mainly depend on manual inspection or rule-based ap-
proaches. However, these approaches become difficult to apply for large-scale software systems
because UML diagrams may contain variations in layout, notation style, complexity, and visual
representation.

Deep learning approaches provide an alternative solution by automatically learning mean-
ingful visual patterns from UML images. These models can extract hierarchical features from
diagram structures and classify different UML categories without requiring manually designed
features [2, 3].

2.7.1 UML Dataset Development
Dataset availability is one of the most important factors for developing reliable deep learning-

based UML recognition systems. A well-structured dataset enables effective model training and
provides a standard platform for performance evaluation.

In this study, a dataset for UML diagram classification to support software engineering ed-
ucation and automated UML analysis research. Their work provided a structured collection
of UML diagrams and demonstrated the potential of machine learning approaches for software
modeling tasks [19].

However, developing UML datasets remains challenging because diagrams created by dif-
ferent developers may vary in notation style, visual arrangement, resolution, and complexity.
Models trained on limited diagram styles may face difficulty when applied to unseen software
projects.

The importance of reliable ground-truth datasets for UML recognition. Their study focused
on creating and validating UML datasets using deep learning techniques to improve the relia-
bility and evaluation process of automated UML analysis systems [21].
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2.7.2 CNN-Based UML Classification Approaches
Convolutional Neural Networks (CNNs) have been widely applied in image classification

tasks because of their ability to automatically extract hierarchical visual features from input
images [3, 10, 11].

In this study, a CNN-based approach for automatic classification of UML class diagrams.
Their study demonstrated that CNN models can effectively learn visual characteristics from
UML images and classify diagram categories without relying on manually engineered features
[17, 76].

The success of CNN-based UML recognition demonstrates that software diagrams can be
treated as visual objects containingmeaningful structural information. However, focusingmainly
on class diagrams limits the ability of these approaches to provide complete software under-
standing.

Multiclass UML diagram classification using deep learning techniques. Their research ex-
plored the capability of neural network models to recognize multiple UML diagram categories
from image data [18].

Although multiclass recognition improves the flexibility of automated UML analysis, exist-
ing approaches still face challenges related to dataset diversity, diagram complexity, and model
generalization capability.

2.7.3 Semantic Element Recognition from UML Images
Beyond diagram-level classification, extracting semantic information from UML images is

another important research direction. Semantic recognition aims to identify meaningful ele-
ments such as classes, attributes, relationships, components, and other software modeling struc-
tures.

In this study, an approach for automatically recognizing semantic elements from UML class
diagram images. Their research demonstrated that combining visual feature extraction with
semantic analysis can improve automated UML understanding [20].

Semantic extraction provides deeper understanding compared with simple classification be-
cause it enables systems to identify internal structures and relationships within UML diagrams.
However, accurate semantic recognition remains challenging due to variations in UML notation,
diagram complexity, and visual representation.

2.7.4 Deep Learning-Based UML Extraction Approaches
Recent studies have investigated more advanced approaches for extracting UML information

using deep learning techniques.
This study conducted a comparative study on deep learning-basedUMLclass diagram extrac-

tion methods. Their research analyzed different approaches for automatically extracting UML
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information and highlighted challenges related to diagram variations and structural complexity
[22].

These studies demonstrate that deep learning techniques can effectively support automated
UML analysis. However, many existing approaches focus on limited UML categories, espe-
cially class diagrams. A complete software understanding framework requires the capability to
recognize multiple UML diagram types and connect visual information with software design
knowledge.

2.7.5 Vision-Based UML Understanding Using Modern AI Models
Recent developments in artificial intelligence have introduced multimodal models capable of

understanding both visual and textual information. These approaches provide new possibilities
for analyzing software diagrams beyond traditional CNN-based classification methods.

Conrardy and Cabot investigated image-to-UML generation using large language models.
Their study demonstrated the potential of multimodal AI systems for interpreting UML diagram
images and generating structured software models [23].

UMLmodel generation from diagram images usingmultimodal large languagemodels. Their
research showed that advanced AI models can understand visual software representations and
transform them into structured software artifacts [24].

Buchmann and Fraas investigated AI-based recognition of sketched class diagrams, demon-
strating that intelligent models can analyze manually created software diagrams [25].

Although multimodal AI approaches provide promising results, several challenges remain,
including limited datasets, computational requirements, model reliability, and explainability.
These limitations motivate further research into robust and generalized AI-based UML recog-
nition frameworks.

2.8 Software Design Pattern Detection
Software design patterns represent reusable solutions to commonly occurring software de-

sign problems. They provide standardized approaches for improving software maintainability,
flexibility, scalability, and architectural quality [28].

Automatically detecting design patterns from existing source code is valuable for software
comprehension, reverse engineering, documentation generation, and softwaremaintenance. How-
ever, identifying design patterns remains challenging because developers may implement the
same pattern using different coding styles, programming structures, and design variations.
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2.8.1 Traditional Design Pattern Detection Approaches
Early design pattern detection approaches mainly relied on predefined rules, software met-

rics, and structural matching techniques [29, 30].
These approaches attempted to identify design patterns by comparing source code structures

with known pattern definitions. Although effective for some well-defined implementations,
rule-based techniques often struggle with complex software systems and pattern variations.

A design pattern mining approach enhanced by machine learning techniques. Their research
demonstrated that software metrics combined with machine learning methods could improve
automated pattern identification compared with purely rule-based approaches [29].

Design pattern detection using software metrics and machine learning techniques. Their
study showed that software characteristics such as inheritance relationships and coupling infor-
mation could provide useful information for identifying design patterns [30].

Although traditional approaches improved automated detection, they mainly depended on
manually selected features and predefined structural rules. Therefore, their effectiveness was
limited when developers implemented patterns using different programming styles [31, 32].

2.8.2 Machine Learning-Based Design Pattern Recognition
Machine learning approaches improved design pattern recognition by allowing models to

learn pattern characteristics from software examples instead of depending only on handcrafted
rules.

Machine learning-based design pattern recognition and investigated the possibility of auto-
matically identifying design patterns from software systems using learning algorithms [31].

In this study, a comprehensive survey of design pattern detection approaches. Their study
analyzed traditional and intelligent approaches and highlighted the transition from rule-based
methods toward machine learning-based solutions [32].

In this study, a design pattern detection method based on idiomatic implementation matching
in Java. Their approach focused on recognizing implementation characteristics associated with
specific software design patterns [33].

Oberhauser investigated automatic software design pattern recognition across multiple pro-
gramming languages using machine learning approaches. The study demonstrated the potential
of learned representations for improving automated pattern recognition [34].

2.8.3 Feature-Based and Hybrid Design Pattern Detection
Feature engineering has remained an important component of many design pattern detection

approaches. Researchers have explored software features such as class relationships, method
interactions, inheritance structures, and architectural characteristics.

Kouli and Rasoolzadegan proposed a feature-based method for detecting design patterns in
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source code. Their work emphasized the importance of selecting effective software features for
improving detection performance [35].

In this study, a comparative study of design pattern detection tools and analyzed the effec-
tiveness of different automated approaches. Their study highlighted the challenges of achieving
reliable pattern detection across different software systems [36].

This study investigated supervisedmachine learning-based detection of Singleton design pat-
tern variants. Their research demonstrated that machine learning models can identify variations
of traditional software patterns [37].

Oberhauser andMoser introduced a hybrid approach combining Bayesian networks, machine
learning, graph embeddings, and micropattern rules. Their findings showed that combining
multiple software representations can improve design pattern detection capability [38].

2.8.4 Graph-Based Software Understanding
Source code naturally contains structural relationships among classes, methods, dependen-

cies, and software components. Graph-based approaches represent software systems as graphs
and analyze relationships among different elements.

This study investigated machine learning approaches for predicting architectural design pat-
terns. Their work demonstrated the potential of learning-based methods for understanding soft-
ware architecture [39].

In this study, an approach for recovering and optimizing software architecture based on
source code and directory hierarchies. Their research highlighted the importance of extract-
ing architectural knowledge from software implementations [40].

Although graph-based methods provide structural understanding, they often require complex
representation techniques and may not fully capture semantic information contained in source
code.

2.9 Large Language Model-Based Software Understanding
Recent advances in transformer architectures and large languagemodels have significantly in-

fluenced software engineering research. Unlike traditional machine learning approaches, LLMs
can learn contextual information from large collections of source code and natural language
data. These capabilities have created new opportunities for automated software analysis, code
understanding, and intelligent software development.

Transformer-based models have become the foundation of many modern AI systems because
of their ability to capture contextual relationships and long-range dependencies through atten-
tion mechanisms [1].

BERT introduced bidirectional transformer-based representation learning and demonstrated
the effectiveness of contextual embeddings for natural language understanding. The model
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learns information from both previous and following tokens, enabling better semantic repre-
sentation [41].

The success of transformer architectures in natural language processing encouraged researchers
to develop specialized models for programming languages. These models are trained on large-
scale source code repositories and are capable of learning programming syntax, semantics, and
structural relationships.

2.9.1 Transformer-Based Code Representation Models
Understanding source code requires capturing both textual information and structural rela-

tionships among programming elements. Traditional machine learning methods usually depend
on manually designed software metrics and features, which limits their ability to generalize
across different programming styles.

Transformer-based code representation models overcome these limitations by learning dis-
tributed representations directly from source code. These representations capture contextual
information about variables, functions, classes, and dependencies.

CodeBERT extended transformer-based representation learning to programming languages
by jointly learning from natural language and source code. The model was trained using large-
scale code repositories and demonstrated strong performance in various code understanding
tasks, including code search and classification [42].

GraphCodeBERT further improved code representation learning by incorporating program
data-flow information. Unlike traditional sequence-based models, GraphCodeBERT considers
structural relationships between variables and expressions, allowing better understanding of
program semantics [43].

CodeT5 introduced identifier-aware encoder-decoder architecture for source code under-
standing and generation. The model uses programming language-specific characteristics to
improve tasks such as code generation, summarization, and translation [44].

This Study proposed unified pre-training approaches for program understanding and gen-
eration. Their research demonstrated that large-scale pre-trained models can effectively learn
general programming knowledge and support multiple software engineering tasks [45].

2.9.2 Foundation Models for Software Engineering
Large-scale foundation models have introduced a significant change in artificial intelligence

research. These models are trained on massive datasets and can be adapted to perform multiple
downstream tasks without requiring extensive task-specific training.

This study demonstrated the effectiveness of large language models through few-shot learn-
ing. Their research showed that sufficiently large models can perform various tasks by learning
from limited examples [46].
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In software engineering, foundation models provide opportunities for automated program-
ming assistance, software documentation generation, debugging, testing, and code analysis.

This study presented a comprehensive survey of large languagemodels for software engineer-
ing. Their study discussed current applications, challenges, and future opportunities of LLMs
in different software engineering activities [47].

The application of large language models in software engineering and highlighted their po-
tential for improving development productivity, automation, and software quality [48].

The DevGPT study analyzed real-world developer interactions with ChatGPT and provided
insights into how developers use conversational AI systems for software-related tasks [49].

2.9.3 Code Foundation Models
Recent research has introduced specialized foundation models designed specifically for pro-

gramming tasks. These models are trained using large-scale code datasets and provide powerful
capabilities for software understanding.

Code Llama is a code-specialized foundation model developed from the LLaMA architec-
ture. It was optimized for programming-related tasks such as code generation, completion, and
reasoning [50].

LLaMA demonstrated that efficient open foundation models can achieve strong language un-
derstanding performance while using fewer computational resources compared with extremely
large proprietary models [51].

Mistral 7B introduced an efficient large language model architecture that achieved competi-
tive performance with a relatively smaller parameter size. This demonstrates that efficient mod-
els can provide practical solutions for resource-limited environments [52].

The opportunities and risks associated with foundation models, including their capabilities,
limitations, reliability issues, and responsible deployment challenges [53].

2.9.4 LLM-Based Software Architecture Understanding
Software architecture understanding is an important aspect of software maintenance and evo-

lution. Traditional architecture recovery techniques mainly depend on static analysis, software
metrics, and manually defined rules.

Recent studies indicate that large language models can provide semantic understanding of
software systems by analyzing source code, documentation, and architectural descriptions.

This study conducted a systematic literature review on the relationship between software
architecture and large language models. Their study highlighted the potential of LLMs for au-
tomated architecture analysis, recovery, and decision support [54, 77, 78].

Although LLMs demonstrate strong capabilities in general code understanding, their appli-
cation for specific software design pattern recognition remains limited. Identifying reusable
design structures from source code requires combining semantic representations with effective
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classification approaches [79, 80].

2.10 Explainable Artificial Intelligence in Software Engineer-
ing

As AI-based approaches become increasingly integrated into software engineering tasks,
understanding model decisions has become an important requirement. Explainable Artificial
Intelligence (XAI) techniques aim to provide interpretable explanations of model predictions.

Lundberg and Lee proposed SHAP (SHapley Additive exPlanations), a unified approach for
interpreting machine learning model predictions. SHAP provides feature contribution analysis
by estimating the importance of individual features [55].

This Study introduced LIME, a model-agnostic explanation technique that explains predic-
tions by learning local interpretable models around individual instances [56].

This Study provided a comprehensive review of explainable artificial intelligence concepts,
including taxonomies, challenges, and opportunities for responsible AI systems [57, 58].

In software engineering applications, explainability is important because developers need
confidence in automated recommendations and predictions. Therefore, XAI techniques can
improve trust and transparency in AI-assisted software analysis systems [82, 83].

2.11 Research Gap
Based on the reviewed literature, several research gaps have been identified.
First, existing UML recognition approaches mainly focus on specific UML categories or

limited image classification problems. Although deep learning models achieve promising per-
formance, comprehensive software requirement understanding remains challenging.

Second, many UML recognition studies mainly concentrate on class diagrams, while other
important UML categories such as activity, sequence, component, and deployment diagrams
receive comparatively less attention.

Third, traditional design pattern detection approaches mainly depend on handcrafted rules,
software metrics, and structural matching. These approaches may not generalize effectively
when developers implement patterns using different programming styles.

Fourth, machine learning-based design pattern recognition approaches improve automation
but often depend on manually selected features. Such approaches may fail to capture deeper
semantic relationships present in modern software systems.

Fifth, although transformer-based codemodels and large languagemodels have demonstrated
strong code understanding capabilities, their application for automated design pattern recogni-
tion remains an emerging research direction.

Sixth, UML recognition and source code design pattern detection are generally investigated
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as separate problems. A unified artificial intelligence framework connecting visual software
models and source code understanding is still limited.

Therefore, this thesis proposes an integrated AI-based software understanding framework
combining deep learning-based UML diagram recognition and large language model-based de-
sign pattern recognition. The proposed approach aims to bridge the gap between software re-
quirement understanding and software design knowledge extraction.

2.12 Summary
This chapter presented a comprehensive review of artificial intelligence applications in soft-

ware engineering, UML diagram recognition, software design pattern detection, and large lan-
guage model-based software understanding.

Deep learning approaches have demonstrated strong capabilities for analyzing visual soft-
ware artifacts by automatically extracting meaningful features from UML diagrams. However,
existing approaches are often limited by dataset size, diagram diversity, and restricted UML
categories.

Similarly, traditional and machine learning-based design pattern detection methods provide
automated solutions for identifying reusable software structures. However, these approaches
often struggle with implementation variations and limited semantic understanding.

Recent transformer-based code models and large language models provide powerful repre-
sentations for source code analysis. Models such as CodeBERT, GraphCodeBERT, and CodeT5
demonstrate the potential of AI-driven software understanding.

Despite these advancements, limited research has explored a unified framework that com-
bines visual software model recognition with source code-level design pattern understanding.
This research gap motivates the development of the proposed artificial intelligence-based soft-
ware understanding framework presented in this thesis.
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Chapter 3

Research Methodology

3.1 Introduction
This chapter presents the research methodology adopted in this thesis for automated soft-

ware requirement and design understanding. The proposed research combines two major arti-
ficial intelligence-based approaches: deep learning-based UML diagram recognition and large
language model (LLM)-based design pattern detection.

The methodology is designed to analyze two important software engineering artifacts: visual
UML diagrams and source code. UML diagrams represent software requirements and design
structures visually, whereas source code contains implementation-level design knowledge. By
analyzing both artifacts, the proposed framework aims to provide a comprehensive understand-
ing of software systems.

The research methodology consists of several phases, including data collection, preprocess-
ing, feature extraction, model development, training, classification, and performance evaluation.
The complete workflow integrates computer vision techniques for UML recognition and code
representation learning techniques for design pattern detection.

3.2 Overall Research Framework
The overall framework of this research is illustrated in Figure 3.1.
The proposed framework consists of two parallel research pipelines. The first pipeline fo-

cuses on UML diagram recognition using deep learning models. UML diagram images are
collected, preprocessed, and used to train different deep learning architectures for automated
classification.

The second pipeline focuses on design pattern recognition from source code. Java programs
containing different design patterns are processed to generate semantic code representations
using pre-trained languagemodels. The generated embeddings are then classified usingmachine
learning techniques.
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Figure 3.1: Overall framework of automated software requirement and design understanding
using deep learning and large language models.

Finally, outputs from both pipelines are analyzed together to support automated software
requirement and design understanding.

3.3 Research Workflow
The complete research workflow is presented in Figure 3.2.
The workflow contains the following major stages:

1. Data collection and preparation

2. Data preprocessing

3. Feature extraction and model development

4. Model training and optimization

5. Performance evaluation

6. Software understanding and analysis

Each research component follows a systematic experimental process to ensure reliable eval-
uation and comparison among different approaches.
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Figure 3.2: Research workflow combining UML diagram recognition and LLM-based design
pattern detection.

3.4 UML Diagram Recognition Methodology
The first research component of this thesis focuses on automated recognition of UML dia-

grams using deep learning-based computer vision techniques. UML diagrams are visual soft-
ware artifacts that contain important information about system requirements and design struc-
tures. The objective of this component is to develop a robust classification framework capable
of identifying different UML diagram categories automatically.

The proposed methodology consists of five major steps: dataset preparation, image prepro-
cessing, deep learning model development, model training, and performance evaluation.

3.4.1 Dataset Description
A dedicated UML diagram dataset was used for developing and evaluating the recognition

framework. The dataset contains six different UML diagram categories:

• Activity Diagram

• Class Diagram

• Component Diagram
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• Deployment Diagram

• Sequence Diagram

• Use Case Diagram

The dataset contains a total of 6,666 UML diagram images, with 1,111 images collected for
each UML category. The balanced distribution of classes helps reduce classification bias and
enables fair performance comparison among different deep learning models.

The dataset was divided into three subsets:

• Training set: 80% of the dataset

• Validation set: 10% of the dataset

• Testing set: 10% of the dataset

The training dataset was used for model learning, the validation dataset was used for hyper-
parameter optimization, and the testing dataset was used for final performance evaluation.

3.4.2 Image Preprocessing
Image preprocessing is an essential step in deep learning-based image classification because

input images must maintain consistent characteristics before being provided to neural networks.
All UML diagram images were resized to 224 × 224 pixels to maintain uniform input dimen-

sions across different models. Image normalization was performed to improve training stability
and accelerate convergence.

The preprocessing pipeline included:

1. Image resizing

2. Pixel value normalization

3. Data organization according to UML categories

4. Dataset splitting for training, validation, and testing

These preprocessing operations ensure that the models receive standardized inputs and can
effectively learn discriminative visual features from UML diagrams.

3.4.3 Deep Learning Model Development
Several deep learning architectures were investigated to evaluate their effectiveness for UML

diagram recognition. Both transfer learning-based models and a custom convolutional neural
network architecture were considered.
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Inception-V3

Inception-V3 is a deep convolutional neural network architecture that uses multiple convo-
lutional operations with different filter sizes to extract complex visual features. The model has
demonstrated strong performance in various image classification tasks and was selected as one
of the baseline transfer learning models.

Xception

Xception is an advanced CNN architecture based on depthwise separable convolution oper-
ations. It reduces computational complexity while maintaining strong feature extraction capa-
bility. The model was evaluated to analyze its effectiveness for UML image classification.

MobileNet-V3

MobileNet-V3 is a lightweight deep learning architecture designed for efficient deployment.
It combines depthwise separable convolution with attention mechanisms, making it suitable for
resource-efficient intelligent applications.

Custom CNN

A custom convolutional neural network architecture was developed specifically for UML di-
agram recognition. The proposed CNN consists of multiple convolutional layers with increasing
feature extraction capacity.

The architecture was designed to automatically learn UML-specific visual features such as
shapes, relationships, and structural patterns present in different diagram categories.

YOLO-Based Recognition

AYOLO-based object recognition approach was also investigated for UML recognition. Un-
like traditional classification models, YOLO provides real-time detection capabilities by iden-
tifying objects and their locations within images.

The objective of including YOLOwas to evaluate whether object detection approaches could
provide effective solutions for automated UML understanding.

3.4.4 Model Training and Optimization
All deep learning models were trained using the prepared UML dataset. The training process

involved optimization of model parameters through iterative learning.
The main training procedures included:

• Forward propagation for feature extraction
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• Loss calculation using prediction errors

• Backpropagation for parameter optimization

• Validation-based performance monitoring

Model performance was monitored during training to reduce overfitting and ensure effective
generalization on unseen UML diagram images.

3.4.5 Evaluation Metrics
The performance of UML recognition models was evaluated using standard classification

metrics:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(3.1)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(3.2)

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(3.3)

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(3.4)

where TP, TN, FP, and FN represent true positive, true negative, false positive, and false
negative predictions, respectively.

Confusion matrices and class-wise performance analysis were also used to understand model
behavior across different UML categories.

3.5 LLM-Based Design Pattern Recognition Methodology
The second research component of this thesis focuses on automated software design pat-

tern recognition using large language model (LLM)-based code representations and machine
learning classification. Design patterns provide reusable solutions for common software design
problems; however, identifying them manually from source code is challenging, especially in
large-scale software systems.

The proposed methodology utilizes pre-trained language models to extract semantic repre-
sentations from source code. The generated code embeddings are then classified using a k-
Nearest Neighbor (k-NN) classifier to identify different design pattern categories.
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3.5.1 Dataset Description
The design pattern recognition experiment was conducted using the P-MARt dataset, which

contains Java programs representing different software design patterns.
The dataset consists of 93 Java source code samples distributed into six different categories:

• Abstract Factory

• Builder

• Factory Method

• Prototype

• Singleton

• Non-Design Pattern

The inclusion of non-design pattern samples allows themodel to distinguish between pattern-
based and normal software implementations. This makes the classification task more realistic
for practical software analysis scenarios.

3.5.2 Source Code Preprocessing
Before generating code representations, the source code samples were preprocessed to ensure

consistency and remove unnecessary information.
The preprocessing steps include:

1. Reading Java source files from the dataset.

2. Removing unnecessary formatting variations.

3. Preparing source code representation for language model input.

4. Generating structured input sequences for embedding extraction.

The preprocessing stage ensures that the language models focus on meaningful software
structures and semantic information rather than irrelevant formatting differences.

3.5.3 Code Representation Using Language Models
Large language models are capable of learning contextual information from source code.

In this research, multiple pre-trained models were investigated to generate meaningful code
embeddings.

The following models were evaluated:
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• GraphCodeBERT

• CodeBERT

• CodeT5

• RoBERTa

• TinyLlama

These models generate high-dimensional vector representations of source code, where sim-
ilar software structures are represented by similar embedding patterns.

GraphCodeBERT incorporates structural information from source code and captures rela-
tionships between programming elements. CodeBERT combines natural language and pro-
gramming language representations, while CodeT5 provides an encoder-decoder-based approach
for code understanding.

3.5.4 Embedding Extraction
The source code samples were passed through the selected language models to generate em-

bedding vectors. These embeddings represent semantic and structural characteristics of the
software implementation.

The extracted embeddings transform source code into numerical feature spaces that can be
processed by traditional machine learning classifiers.

The general embedding generation process can be represented as:

𝐸 = 𝑓 (𝐶) (3.5)

where,

• 𝐶 represents the input source code.

• 𝑓 represents the pre-trained language model.

• 𝐸 represents the generated code embedding vector.

3.5.5 k-Nearest Neighbor Classification
After generating code embeddings, a k-Nearest Neighbor classifier was applied for design

pattern classification.
The k-NN algorithm classifies a new sample based on the similarity between its embedding

representation and existing labeled samples. The distance between embedding vectors was cal-
culated to identify the closest training examples.

The classification process can be represented as:
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𝑑 (𝑥, 𝑦) =

√√
𝑛∑
𝑖=1

(𝑥𝑖 − 𝑦𝑖)2 (3.6)

where 𝑑 (𝑥, 𝑦) represents the distance between two embedding vectors.
The class of the new sample is determined based on the majority class among its nearest

neighbors.

3.5.6 Experimental Evaluation
The performance of different language model embeddings was evaluated by comparing their

classification results using the k-NN classifier.
The experiments focused on identifying the most effective combination of language model

embedding and classification approach for software design pattern recognition.
The evaluation process included comparison among:

• Different code representation models.

• Different embedding characteristics.

• Classification performance across design pattern categories.

3.5.7 Evaluation Metrics
The design pattern recognition performancewas evaluated using standard classificationmetrics[87-

97], including accuracy, precision, recall, and F1-score.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
(3.7)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(3.8)

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(3.9)

𝐹1 = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(3.10)

These metrics provide comprehensive evaluation of classification performance, especially
for multiple design pattern categories with different implementation characteristics.
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3.6 Experimental Environment
The experiments for both UML recognition and design pattern recognition were conducted

using modern machine learning and deep learning frameworks.
The software environment included:

• Python programming language.

• Deep learning frameworks for model development.

• Transformer-based libraries for language model processing.

• Machine learning libraries for classification and evaluation.

The hardware environment consisted of computational resources capable of training deep
learning models and processing large-scale neural network operations.

3.7 Summary
This chapter presented the complete research methodology adopted in this thesis. The pro-

posed framework combines computer vision-based UML diagram recognition and LLM-based
design pattern recognition to achieve automated software requirement and design understand-
ing.

The UML recognition component applies deep learning models for analyzing visual software
artifacts, while the design pattern recognition component uses code embeddings generated from
large language models and machine learning classification.

The following chapters present the experimental results, analysis, and discussion of the pro-
posed approaches.
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Chapter 4

Deep Learning-Based UML Diagram
Recognition

4.1 Introduction
This chapter presents the first major contribution of this thesis, which focuses on automated

UML diagram recognition using deep learning techniques. UML diagrams are essential soft-
ware engineering artifacts that represent system requirements, structures, and behaviors. How-
ever, manually analyzing large numbers of UML diagrams requires significant effort and domain
knowledge.

To address this challenge, a deep learning-based framework was developed for automatic
recognition of different UML diagram categories. The proposed approach treats UML diagrams
as visual data and applies computer vision-based deep learning models to extract meaningful
features and perform classification.

The overall workflow of the proposed UML recognition approach is illustrated in Figure 4.1.

4.2 Proposed UML Recognition Framework
The proposed UML diagram recognition framework provides an automated approach for

identifying different UML diagram categories using deep learning techniques. The overall con-
ceptual workflow of the proposed framework is illustrated in Figure 4.1.

The framework is designed to analyze UML diagrams as visual software artifacts and extract
meaningful patterns for automatic classification. The complete workflow consists of several
sequential stages, including UML image collection, preprocessing, dataset preparation, deep
learning model training, performance evaluation, and final UML diagram recognition.
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Figure 4.1: Conceptual framework of the proposed UML diagram recognition method.

As shown in Figure 4.1, the proposed framework begins with the collection of UML diagram
images from the prepared dataset. The collected images represent different UML categories and
provide the visual information required for training deep learning models.

Since UML diagrams may contain variations in layout, resolution, notation style, and visual
complexity, preprocessing is performed before model training. The preprocessing stage en-
sures image consistency by applying necessary transformations and preparing the images into a
suitable format for deep learning architectures.

After preprocessing, the dataset is divided into training, validation, and testing subsets. The
training set is used for learning visual features from UML diagrams, while the validation set is
used for monitoring model performance and adjusting training parameters. The testing set is
kept separate for final evaluation of the developed models.

In the next stage, the processed UML images are provided to multiple deep learning archi-
tectures. These models automatically extract hierarchical features from diagram images and
learn the visual characteristics associated with different UML categories. The extracted fea-
tures allow the models to distinguish between different diagram types based on their structural
and visual patterns.

After completing the training process, the developed models are evaluated using standard
classification metrics, including accuracy, precision, recall, and F1-score. A comparative anal-
ysis is performed to identify the most effective architecture for UML diagram recognition.

Finally, the selected model is used for automated UML diagram classification. The predicted
output provides the recognized UML category, reducing the need for manual inspection and
supporting efficient software requirement understanding.

The proposed framework provides a complete pipeline for transforming raw UML diagram
images into meaningful classification results. By combining computer vision techniques with
deep learning models, the framework demonstrates the potential of artificial intelligence for
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automated software engineering artifact analysis.

4.3 Image Collection
The UML diagram dataset contains multiple categories of UML diagrams representing dif-

ferent software modeling perspectives. The dataset includes six major UML diagram types:

• Activity Diagram

• Class Diagram

• Component Diagram

• Deployment Diagram

• Sequence Diagram

• Use Case Diagram

Abalanced dataset distributionwasmaintained to ensure that eachUML category contributes
equally during model training and evaluation.

4.4 Image Preprocessing
Image preprocessing is performed to prepare UML diagram images for deep learningmodels.

Since images collected from different sources may contain variations in size, quality, and visual
characteristics, preprocessing helps create standardized input data.

The preprocessing stage includes:

• Noise removal

• Data augmentation

• Image resizing

• Dataset normalization

Data augmentation techniques are applied to improve model generalization by creating vari-
ations of training samples. This reduces overfitting and helps the models learn more robust
visual representations.
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4.5 Deep Learning Model Evaluation
To evaluate the effectiveness of different architectures for UML recognition, multiple deep

learning models were investigated. The selected models include both transfer learning-based
architectures and a custom CNN model.

The evaluated models are:

4.5.1 Inception-V3
Inception-V3 is a deep convolutional neural network architecture designed to efficiently ex-

tract complex visual features from images. The architecture improves traditional CNN models
by introducing Inception modules, where multiple convolution operations with different filter
sizes are performed in parallel. These parallel operations enable the network to capture features
at different spatial levels while reducing computational complexity.

The Inception module combines 1 × 1, 3 × 3, and factorized convolutions to learn both low-
level and high-level visual patterns. The 1 × 1 convolution operation is used for dimensionality
reduction and feature transformation, while larger convolution filters capture spatial information
from images. This design allows Inception-V3 to learn detailed structural patterns from complex
visual inputs.

In this research, Inception-V3 was applied as a transfer learning-based model for UML dia-
gram recognition. The overall architecture of the modified Inception-V3 model used for UML
classification is illustrated in Figure 4.2.

Figure 4.2: Inception-V3 architecture used for UML diagram classification.

The original ImageNet-pretrained Inception-V3model was adapted to analyze UML diagram
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images by replacing its final classification layer with a new output layer corresponding to the
six UML diagram categories used in this study. The convolutional layers of the pretrained
network were utilized as feature extractors to learn important visual characteristics from UML
diagrams, including diagram structures, graphical relationships, component arrangements, and
visual patterns.

Before training, all UML diagram images were resized to 224 × 224 pixels to match the
required input format of the model. The extracted feature representations were then passed
through the modified classification layer to predict the corresponding UML category.

During the training phase, the model parameters were optimized using the training dataset,
while the validation dataset was used to monitor model performance and reduce overfitting. The
trained model was finally evaluated using the testing dataset.

The performance of Inception-V3 was measured using standard classification metrics, in-
cluding accuracy, precision, recall, and F1-score. The obtained results were compared with
other deep learning architectures to analyze the effectiveness of Inception-V3 for automated
UML diagram recognition.

The use of Inception-V3 in this study demonstrates the capability of transfer learning-based
CNN architectures to understand UML diagrams as visual software artifacts and automatically
classify different UML diagram categories.

4.5.2 Xception
Xception is a deep convolutional neural network architecture that utilizes depthwise sepa-

rable convolution operations to improve feature extraction efficiency while reducing compu-
tational complexity. Unlike traditional CNN architectures, Xception separates spatial feature
extraction and channel-wise feature transformation, allowing the model to learn more efficient
visual representations.

The architecture consists of three main flow stages: Entry Flow, Middle Flow, and Exit Flow.
The Entry Flow performs initial feature extraction and spatial dimension reduction, while the
Middle Flow applies repeated depthwise separable convolution blocks to learn complex feature
representations. The Exit Flow generates high-level features that are used for final classification.

In this research, Xception was applied as a transfer learning-based model for UML diagram
recognition. The overall architecture of the modified Xception model used for UML classifica-
tion is illustrated in Figure 4.3.

The original ImageNet-pretrained Xception model was adapted by replacing the final classi-
fication layer with a customized output layer containing six classes corresponding to the UML
diagram categories used in this study. The pretrained convolutional layers were used to ex-
tract important visual features from UML images, including structural arrangements, graphical
relationships, and diagram-specific patterns.
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Figure 4.3: Xception architecture used for UML diagram classification.

All UML diagram images were resized to 224 × 224 pixels before being provided to the
model. During training, the extracted feature representations were passed through the modified
classification head to predict the corresponding UML category.

The performance of Xception was evaluated using accuracy, precision, recall, and F1-score.
The obtained results were compared with other CNN-based models to analyze the effectiveness
of depthwise separable convolution for automated UML diagram recognition.

The use of Xception in this study demonstrates the capability of efficient CNN architectures
to learn complex visual representations fromUMLdiagramswhile reducing computational cost.

4.5.3 MobileNet-V3
MobileNet-V3 is a lightweight convolutional neural network architecture designed for effi-

cient image classification with reduced computational cost. It combines depthwise separable
convolutions, inverted residual blocks, and Squeeze-and-Excitation (SE) modules to achieve a
balance between accuracy and computational efficiency.

The architecture improves mobile-oriented deep learning by using optimized network blocks
and the Hard-Swish activation function. Depthwise separable convolutions reduce the number
of parameters and operations, while SE modules enhance important feature channels by adap-
tively recalibrating feature representations.

In this research, MobileNet-V3 was applied as a transfer learning-based model for UML
diagram recognition. The modified MobileNet-V3 architecture used for UML classification is
illustrated in Figure 4.4.
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Figure 4.4: MobileNet-V3 architecture used for UML diagram classification.

The original ImageNet-pretrained MobileNet-V3 model was adapted by replacing the final
classification layer with a customized output layer containing six UML diagram categories used
in this study. The pretrained feature extraction layers were utilized to learn important visual
characteristics from UML diagrams, including structural patterns, component arrangements,
and diagram relationships.

All UML diagram images were resized to 224× 224 pixels before being provided to the net-
work. During training, the extracted feature representations were passed through the modified
classification head to predict the corresponding UML diagram category.

The performance of MobileNet-V3 was evaluated using accuracy, precision, recall, and F1-
score. The results were compared with other deep learning architectures to analyze the effec-
tiveness of lightweight CNN models for automated UML diagram recognition.

The application of MobileNet-V3 in this study demonstrates the potential of efficient deep
learning architectures for software artifact analysis, especially in scenarios where computational
resources are limited.

4.5.4 YOLO Network
YOLO (You Only Look Once) is an object detection-based deep learning architecture de-

signed for fast and efficient visual recognition. Unlike traditional image classification approaches
that assign a single class label to an entire image, YOLO analyzes image regions and simulta-
neously identifies important visual features and class information.

Page 35 of 83



The YOLO architecture used in this research is illustrated in Figure 4.5. The framework
follows a single-stage detection approach where feature extraction, feature aggregation, and
classification are performed within a unified network.

Figure 4.5: YOLO architecture flowchart used for UML diagram classification.

As shown in Figure 4.5, the proposed YOLO-based UML recognition framework consists
of three major components: backbone, neck, and detection head. The backbone network ex-
tracts hierarchical visual features from UML diagram images, while the neck module combines
features from different scales to improve recognition capability.

The detection head generates the final predictions by analyzing the extracted features and
identifying the corresponding UML diagram category. In this study, the YOLO model was
adapted to recognize six UML diagram classes: Activity Diagram, Class Diagram, Component
Diagram, Deployment Diagram, Sequence Diagram, and Use Case Diagram.

The input UML diagram images were processed and provided to the YOLO network for
feature extraction and classification. The model learns important visual characteristics such as
diagram structures, object arrangements, connections, and spatial relationships between differ-
ent UML elements.

The trained YOLO model was evaluated using standard classification metrics, including ac-
curacy, precision, recall, and F1-score. The obtained performance was compared with other
deep learning architectures to analyze the effectiveness of object detection-based learning for
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automated UML diagram recognition.
The application of YOLO in this research demonstrates the capability of single-stage detec-

tion models to efficiently analyze UML diagrams and provide fast automated recognition of
software engineering visual artifacts.

4.5.5 Custom Layered CNN
A custom layered CNN architecture was developed specifically for UML diagram recog-

nition. Unlike pretrained transfer learning models, the proposed CNN was designed to learn
UML-specific visual features directly from the dataset. The model focuses on extracting mean-
ingful characteristics from diagram structures, shapes, connections, and visual relationships.

Figure 4.6: Custom layered CNN architecture flowchart used for UML diagram classification.

The overall architecture of the proposed custom layered CNN model is illustrated in Fig-
ure 4.6. The architecture consists of multiple convolutional layers followed by activation func-
tions, pooling operations, and classification layers to perform automated UML diagram recog-
nition.

As shown in Figure 4.6, the input UML diagram images are first passed through a sequence of
convolutional layers. These layers progressively extract low-level and high-level visual features
from the input images. The number of filters increases gradually in deeper layers, allowing the
network to learn more complex representations of UML diagram patterns.

The convolutional feature extraction process is followed by pooling operations to reduce spa-
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tial dimensions while preserving important information. The extracted feature maps are then
passed through fully connected layers and a softmax classification layer to predict the corre-
sponding UML diagram category.

In this study, the custom CNN model was trained to classify six UML diagram categories:
Activity Diagram, Class Diagram, Component Diagram, Deployment Diagram, Sequence Dia-
gram, and Use Case Diagram. The model performance was evaluated using accuracy, precision,
recall, and F1-score and compared with other deep learning architectures.

The development of this task-specific CNN architecture enables the model to learn UML-
specific visual characteristics and provides an effective approach for automated software artifact
recognition.

4.6 Model Evaluation and UML Recognition Decision
After training, the performance of all models was compared using evaluation metrics includ-

ing accuracy, precision, recall, and F1-score.
The comparative analysis identifies the most effective model for automated UML diagram

recognition. Based on experimental results, the selected model is used for final UML recogni-
tion decision making.

The complete process from image collection to final UML recognition provides an automated
approach for understanding software design artifacts and reduces the dependency on manual
diagram analysis.

4.7 Dataset Description
A high-quality and balanced dataset is essential for developing a reliable deep learning-based

UML recognition system. In this research, a dedicated UML diagram image dataset was pre-
pared containingmultiple categories of UMLdiagrams commonly used in software engineering.

The dataset consists of six UML diagram classes representing different structural and behav-
ioral aspects of software systems. The selected UML categories are Activity Diagram, Class
Diagram, Component Diagram, Deployment Diagram, Sequence Diagram, and Use Case Dia-
gram.

Page 38 of 83



Table 4.1: Distribution of UML Diagram Dataset

UML Diagram Category Number of Images

Activity Diagram 1111

Class Diagram 1111

Component Diagram 1111

Deployment Diagram 1111

Sequence Diagram 1111

Use Case Diagram 1111

Total 6666

The dataset contains a total of 6,666 UML diagram images, with 1,111 images for each cat-
egory. The balanced distribution ensures that the learning models receive equal representation
from all UML classes and prevents bias towards any particular category.

4.8 UML Diagram Samples
Figure 4.7 presents representative examples from the six UML diagram categories included

in the dataset.

Figure 4.7: Representative samples of different UML diagram categories.

The figure demonstrates the visual diversity among different UML diagram types. Each
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category contains unique structural characteristics and graphical patterns. For example, class
diagrams mainly represent classes and their relationships, while sequence diagrams focus on
interactions between system components over time.

This visual variation creates a challenging classification problem because different UML
diagrams may contain similar graphical elements but represent different software concepts.

4.9 Dataset Splitting Strategy
To evaluate the generalization capability of the proposed deep learning models, the dataset

was divided into training, validation, and testing subsets.
The dataset splitting strategy followed an 80:10:10 ratio:

Table 4.2: Dataset Splitting Strategy

Dataset Percentage Number of Images
Training 80% 5332
Validation 10% 667
Testing 10% 667
Total 100% 6666

The training set was used for learning model parameters, while the validation set was used
for monitoring training performance and optimizing model configurations. The independent
testing set was reserved for final evaluation to measure the actual recognition capability of the
trained models.

4.10 Input Image Configuration
Before being provided to the deep learning models, all UML diagram images were standard-

ized into a fixed input format.
The following preprocessing configuration was applied:

• Image size: 224 × 224 pixels

• Input format: RGB image

• Dataset normalization applied before training

• Data augmentation applied during training

The standardized image representation allows different deep learning architectures to receive
consistent input and enables fair comparison among the evaluated models.
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4.11 Deep Learning Model Architecture and Training Con-
figuration

To evaluate the effectiveness of different deep learning architectures for UML diagram recog-
nition, multiple convolutional neural network-based models were implemented and compared.
The selected models include both transfer learning approaches and a custom-designed CNN
architecture.

The objective of evaluating multiple architectures was to identify the model that provides the
most effective feature extraction capability for UML diagram images.

4.11.1 Transfer Learning-Based Models
Transfer learning allows previously trained deep learning models to be adapted for new clas-

sification tasks. Instead of training a complete network from scratch, pre-trained feature extrac-
tion capabilities are utilized and fine-tuned for UML diagram recognition.

Inception-V3 Architecture

Inception-V3 is a deep convolutional neural network architecture designed for efficient im-
age classification. It uses multiple convolution operations with different filter sizes to capture
information at different levels of abstraction.

For UML recognition, the pre-trained Inception-V3 model was adapted by replacing the
original classification layer with a new classifier containing six output classes corresponding to
the UML diagram categories.

The model extracts hierarchical visual features such as shapes, edges, connections, and struc-
tural patterns from UML diagrams.

Xception Architecture

Xception is an advanced CNN architecture based on depthwise separable convolution. It
separates spatial and channel-wise feature extraction, reducing computational complexity while
maintaining strong representation capability.

The architecture was evaluated to determine its effectiveness in recognizing different UML
diagram patterns with high visual similarity.

MobileNet-V3 Architecture

MobileNet-V3 is a lightweight neural network architecture designed for efficient deployment
on resource-constrained environments. It combines depthwise separable convolution, squeeze-
and-excitation mechanisms, and optimization techniques to achieve a balance between accuracy
and efficiency.
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The model was included in this research because lightweight architectures are important for
practical software engineering applications where fast inference is required.

4.11.2 Custom CNN Architecture
In addition to transfer learningmodels, a custom convolutional neural networkwas developed

specifically for UML diagram recognition.
The custom CNN architecture consists of multiple convolutional layers followed by feature

extraction and classification layers. The network gradually increases feature learning capacity
by extracting low-level and high-level visual characteristics from UML diagrams.

The architecture is designed to learn UML-specific patterns, including:

• Diagram shapes and symbols

• Relationship connections

• Structural layouts

• Visual characteristics among UML categories

Unlike pre-trained models that learn from general image datasets, the custom CNN learns
directly from UML-specific visual information.

4.11.3 YOLO-Based Recognition Model
A YOLO-based approach was also investigated for UML diagram recognition. YOLO (You

Only Look Once) is a real-time object detection architecture that performs recognition by ana-
lyzing image regions.

The motivation behind using YOLO was to evaluate whether object detection approaches
could provide effective solutions for software diagram understanding.

The YOLO model provides fast prediction capability and can potentially support real-time
UML recognition applications.

4.12 Training Configuration
All deep learning models were trained using the prepared UML dataset under the same ex-

perimental conditions to ensure a fair comparison.
The general training configuration is presented in Table 4.3.
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Table 4.3: Deep Learning Training Configuration

Parameter Configuration

Input Image Size 224 × 224

Number of Classes 6

Dataset Split 80% Training, 10% Validation, 10% Testing

Color Format RGB

Evaluation Method Holdout Validation

Performance Metrics Accuracy, Precision, Recall, F1-score

4.13 Model Evaluation Strategy
The trained models were evaluated using the independent test dataset. Performance compar-

ison was performed based on multiple evaluation metrics to identify the most effective archi-
tecture.

The evaluation process included:

• Overall classification accuracy comparison.

• Class-wise performance analysis.

• Confusion matrix evaluation.

• Error analysis among UML categories.

The best-performing model was selected based on its ability to accurately recognize differ-
ent UML diagram categories while maintaining reliable generalization performance on unseen
images.

4.14 Experimental Results and Performance Analysis
This section presents the experimental results of the evaluated deep learningmodels for UML

diagram recognition. The performance of each model was analyzed using the test dataset con-
taining unseen UML diagram images.

The objective of this evaluation was to compare different deep learning architectures and
identify the most effective model for automated UML diagram classification.
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4.14.1 Performance Comparison of Deep Learning Models
The performance of the evaluated deep learning models was compared to analyze their ef-

fectiveness for automated UML diagram recognition. Five different architectures, including
MobileNet-V3, Xception, Inception-V3, Custom CNN, and YOLO, were evaluated using four
standard classification metrics: accuracy, precision, recall, and F1-score.

Table 4.4: Performance comparison of deep learning models for UML diagram recognition

Model Class Name Precision Recall F1-score Accuracy

MobileNet-V3

Activity Diagram 0.97 0.97 0.97 0.96
Class Diagram 0.95 0.94 0.95 0.96
Component Dia-
gram

0.94 0.93 0.94 0.96

Deployment Dia-
gram

0.95 0.95 0.95 0.96

Sequence Dia-
gram

0.97 0.98 0.98 0.96

Use Case Dia-
gram

1.00 1.00 1.00 0.96

Xception

Activity Diagram 0.39 0.53 0.45 0.49
Class Diagram 0.49 0.51 0.50 0.49
Component Dia-
gram

0.39 0.27 0.32 0.49

Deployment Dia-
gram

0.49 0.35 0.41 0.49

Sequence Dia-
gram

0.51 0.55 0.53 0.49

Use Case Dia-
gram

0.67 0.77 0.71 0.49

Inception-V3

Activity Diagram 0.50 0.40 0.44 0.50
Class Diagram 0.46 0.62 0.53 0.50
Component Dia-
gram

0.31 0.28 0.30 0.50

Deployment Dia-
gram

0.45 0.54 0.49 0.50

Sequence Dia-
gram

0.53 0.54 0.54 0.50

Use Case Dia-
gram

0.82 0.62 0.71 0.50
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Model Class Name Precision Recall F1-score Accuracy

Custom CNN

Activity Diagram 0.92 0.86 0.89 0.76
Class Diagram 0.75 0.56 0.64 0.76
Component Dia-
gram

0.54 0.74 0.62 0.76

Deployment Dia-
gram

0.75 0.73 0.74 0.76

Sequence Dia-
gram

0.80 0.78 0.79 0.76

Use Case Dia-
gram

0.87 0.86 0.87 0.76

YOLO

Activity Diagram 0.99 1.00 1.00 0.99
Class Diagram 0.98 0.99 0.99 0.99
Component Dia-
gram

0.98 1.00 0.99 0.99

Deployment Dia-
gram

1.00 0.96 0.98 0.99

Sequence Dia-
gram

1.00 1.00 1.00 0.99

Use Case Dia-
gram

1.00 0.99 0.99 0.99

The detailed class-wise performance comparison of all evaluated models across the six UML
diagram categories is presented in Table 4.4. The evaluated UML classes include Activity Dia-
gram, Class Diagram, Component Diagram, Deployment Diagram, SequenceDiagram, andUse
Case Diagram. This comparison provides insights into the capability of different deep learning
architectures for learning visual patterns and structural characteristics from UML diagrams.

The experimental results show significant variations among the evaluated architectures. MobileNet-
V3 achieved strong performance with an accuracy of 96%, demonstrating the effectiveness of
lightweight CNN architectures for UML diagram recognition. The model achieved excellent
results for most UML categories, particularly for the Use Case Diagram category where it ob-
tained an F1-score of 1.00.

Xception and Inception-V3 achieved comparatively lower performance with accuracies of
49% and 50%, respectively. Although these architectures are highly effective for general image
classification tasks, their learned feature representations were less suitable for capturing the
unique structural characteristics of UML diagrams.

The Custom CNN model achieved an accuracy of 76%. The improved performance com-
pared with Xception and Inception-V3 indicates that a task-specific CNN architecture can ef-
fectively learn UML-related visual features. The model was able to capture important diagram
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structures, shapes, and relationships through customized feature extraction layers.
Among all evaluated models, YOLO achieved the highest performance with an accuracy of

99%. As presented in Table 4.4, YOLO obtained near-perfect precision, recall, and F1-score
values across all UML categories. This superior performance indicates that object detection-
based learning is highly effective for recognizing spatial and structural patterns within UML
diagrams.

Overall, the comparison demonstrates that deep learning techniques can successfully auto-
mate UML diagram recognition. The results highlight YOLO as the most effective architecture
for this task, while lightweight models such as MobileNet-V3 also provide competitive perfor-
mance with lower computational requirements.

4.14.2 Analysis of Model Performance
The superior performance of YOLO can be attributed to its object detection mechanism,

which allows the model to capture important spatial features from UML diagrams. Unlike tradi-
tional image classification approaches, YOLO analyzes image regions and learns discriminative
visual patterns associated with different UML categories.

MobileNet-V3 also demonstrated strong performance while maintaining a lightweight archi-
tecture. This indicates that efficient deep learning models can provide practical solutions for
UML recognition applications where computational resources may be limited.

The performance differences among models indicate that architecture selection plays an im-
portant role in automated UML understanding. Models with stronger feature extraction capa-
bility can better distinguish between visually similar UML diagram categories.

4.15 Confusion Matrix Analysis
Confusion matrix analysis was performed to understand class-wise prediction behavior of

the trained models.
The confusion matrix provides detailed information about correct and incorrect predictions

among different UML categories. High diagonal values indicate successful recognition, while
off-diagonal values represent classification confusion between different UML classes.

The analysis shows that most UML categories were correctly identified, demonstrating the
effectiveness of the proposed deep learning-based approach.

Figure 4.8 presents the confusion matrix analysis of the UML recognition models.
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Figure 4.8: Confusion matrix analysis of deep learning models for UML diagram recognition.

4.16 Error Analysis
Although the proposed models achieved strong performance, some misclassifications oc-

curred due to similarities among UML diagram structures.
The main causes of classification errors include:

• Similar visual layouts among different UML categories.

• Complex diagram structures containing overlapping elements.

• Variations in diagram styles and formatting.

• Limited representation of some visual patterns.

These challenges indicate that future UML recognition systems may benefit from combining
visual feature extraction with semantic understanding approaches.

4.17 UML Recognition Application Development
To demonstrate the practical applicability of the proposed approach, a web application inter-

face was developed for automated UML diagram recognition.

Page 47 of 83



The application allows users to upload UML diagram images and obtain the predicted UML
category using the trained deep learning model.

Figure 4.9: Web-based UML diagram recognition application.

The deployment of the recognition model into a web-based environment demonstrates the
practical usability of the proposed framework. Such a system can support software engineers,
students, and developers in understanding UML diagrams automatically.

4.18 Summary
This chapter presented the deep learning-based UML diagram recognition approach devel-

oped in this thesis. The proposed framework analyzes UML images usingmultiple deep learning
architectures and identifies the most effective model for automated classification.

The experimental results demonstrate that deep learning techniques can effectively support
software requirement understanding through visual analysis. The developed recognition system
reduces manual effort and provides a foundation for intelligent software engineering applica-
tions.
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Chapter 5

LLM-Based Design Pattern Recognition

5.1 Introduction
This chapter presents the second major contribution of this thesis, which focuses on auto-

mated software design pattern recognition using large language models (LLMs) and code rep-
resentation learning techniques.

Software design patterns provide reusable solutions to commonly occurring software design
problems. Identifying these patterns from existing source code is important for software main-
tenance, reverse engineering, and architectural understanding. However, manual identification
of design patterns from large software systems is challenging because developers need extensive
programming knowledge and experience.

Traditional design pattern detection approaches mainly depend on handcrafted rules, soft-
ware metrics, and structural analysis. Although these approaches have achieved considerable
success, they often fail when patterns are implemented using different programming styles or
modified structures.

Recent advances in large language models have introduced new possibilities for software
code understanding. LLMs can learn contextual and semantic representations from source code,
enabling automated analysis of complex software structures.

In this research, multiple pre-trained code language models are evaluated for generating
source code embeddings. These embeddings are then classified using a machine learning clas-
sifier to identify different software design patterns.

5.2 Proposed Design Pattern Recognition Framework
The proposed design pattern recognition framework consists of four major stages:

1. Source code dataset preparation

2. Code embedding generation using pre-trained language models
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3. Design pattern classification using machine learning

4. Performance evaluation and analysis

The overall workflow is illustrated in Figure 5.1.

Figure 5.1: Framework of LLM-based design pattern recognition using code embeddings and
machine learning classification.

The input source code samples are first processed and transformed into semantic vector rep-
resentations using pre-trained language models. These representations capture important pro-
gramming structures and contextual relationships. The generated embeddings are then provided
to a classifier for automated design pattern recognition.

5.3 Dataset Description
The experiments were conducted using the P-MARt dataset, which is a benchmark dataset

containing Java source code implementations of different software design patterns.
The dataset consists of 93 Java programs categorized into six classes:

• Abstract Factory

• Builder

• Factory Method

• Prototype

• Singleton

• Non-Design Pattern
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The inclusion of non-design pattern examples makes the classification problemmore realistic
because practical software systems contain both pattern-based and normal implementations.

The dataset distribution enables evaluation of the capability of languagemodels to distinguish
between different design pattern implementations.

Table 5.1: Design Pattern Dataset Categories

Category Description
Abstract Factory Creation of related object families

Builder Step-by-step object construction
Factory Method Object creation through inheritance

Prototype Object cloning mechanism
Singleton Single instance object creation

Non-Design Pattern Normal source code implementation

5.4 Source Code Preprocessing
Before generating embeddings, source code samples were prepared to ensure consistent input

representation for language models.
The preprocessing stage included:

• Reading Java source files from the dataset.

• Removing unnecessary formatting variations.

• Preparing code sequences compatible with language models.

• Generating tokenized representations.

The objective of preprocessing is to preserve important programming structures while re-
ducing irrelevant variations among source code samples.

5.5 Code Representation and Embedding Generation
The performance of design pattern recognition largely depends on the quality of source code

representations. Traditional approaches usually rely on manually defined features such as soft-
ware metrics and structural properties. However, these approaches may not capture the semantic
information embedded within source code.

To overcome these limitations, this research investigates pre-trained language models for
generating meaningful code embeddings. These models learn contextual representations from
source code and transform programming structures into numerical feature vectors suitable for
classification.
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5.5.1 Language Models for Code Embedding
Five different pre-trained language models were evaluated in this research:

• GraphCodeBERT

• CodeBERT

• CodeT5

• RoBERTa

• TinyLlama

GraphCodeBERT

GraphCodeBERT is a pre-trained code representation model specifically designed for pro-
gramming languages. Unlike traditional code language models, GraphCodeBERT incorporates
both token-level information and data flow relationships to learn structural dependencies within
source code.

The model extends transformer-based code representation learning by integrating data flow
information with source code tokens. This enables GraphCodeBERT to capture important re-
lationships among variables, methods, and program structures, which are essential for under-
standing complex software implementations.

Figure 5.2: GraphCodeBERT architecture for design pattern recognition.
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In this research, GraphCodeBERT was used to generate semantic code embeddings from
Java source code programs. The generated representations were used to identify software design
patterns by providing meaningful feature vectors to the k-Nearest Neighbor (k-NN) classifier.

The overall GraphCodeBERT-based design pattern recognition architecture is illustrated in
Figure 5.2. As shown in Figure 5.2, the framework processes Java source code through pre-
processing, token representation, data flow extraction, and GraphCodeBERT encoding. The
extracted contextual embeddings are then passed to the k-NN classifier for predicting the corre-
sponding design pattern category.

CodeBERT

CodeBERT is a transformer-based pre-trained model developed for learning representations
from both natural language and programming language data. It captures contextual information
from source code by learning relationships between code tokens and their surrounding contexts.

Unlike traditional feature-based code analysis methods, CodeBERT uses transformer-based
representation learning to understand semantic and syntactic characteristics of source code. The
model learns meaningful contextual representations from large-scale code and natural language
pairs, which enables it to capture important information related to variables, methods, and pro-
gram structures.

In this research, CodeBERT was utilized to generate meaningful code embeddings for auto-
mated design pattern recognition. Java source code samples from the dataset were processed
and converted into contextual vector representations using the pre-trained CodeBERT model.
These embeddings were then provided as feature representations to the k-Nearest Neighbor (k-
NN) classifier for identifying different software design pattern categories.

The overall CodeBERT-based design pattern recognition architecture is illustrated in Fig-
ure 5.3. As shown in Figure 5.3, the framework first preprocesses Java source code through
tokenization and code representation generation. The processed code tokens are then passed
through the CodeBERT transformer encoder to learn context-aware representations. Finally,
the generated code embeddings are classified using the k-NN algorithm to predict the corre-
sponding design pattern category.
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Figure 5.3: CodeBERT architecture for design pattern recognition.

CodeT5

CodeT5 is a unified pre-trained model specifically designed for programming language un-
derstanding and code generation tasks. It follows an encoder-decoder transformer architecture
that learns meaningful representations from source code by capturing both syntactic structures
and semantic relationships.

Unlike traditional code analysis approaches, CodeT5 can understand contextual information
from programming languages through large-scale pre-training. The encoder component learns
rich code representations, while the decoder component supports sequence-based code under-
standing and generation tasks.

In this research, CodeT5 was evaluated for automated software design pattern recognition.
Java source code samples were processed using CodeT5 to generate context-aware code em-
beddings. These embeddings were used as feature representations for the k-Nearest Neighbor
(k-NN) classifier to distinguish different design pattern implementations.

The overall CodeT5-based design pattern recognition pipeline is illustrated in Figure 5.4. As
shown in Figure 5.4, the framework first preprocesses Java source code through tokenization and
code structure analysis. The processed representations are then passed into the CodeT5 encoder-
decoder model to generate contextual code embeddings. Finally, the generated embeddings are
classified using the k-NN algorithm to predict the corresponding design pattern category.
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Figure 5.4: CodeT5 pipeline for design pattern recognition.

RoBERTa

RoBERTa (Robustly Optimized BERT Approach) is an enhanced transformer-based lan-
guage representation model introduced by Liu et al. [67]. It was developed as an optimized
variant of BERT by improving the pre-training strategy, including training with larger datasets,
longer training durations, larger batch sizes, and dynamic masking techniques. Unlike the origi-
nal BERTmodel, RoBERTa removes the next sentence prediction objective and focuses primar-
ily on masked language modeling, which enables it to learn richer contextual representations.

Although RoBERTawas initially designed for natural language understanding tasks, its trans-
former architecture allows it to capture meaningful structural and semantic patterns from pro-
gramming languages. Source code contains contextual relationships, syntax structures, and de-
pendency information that can be represented through transformer-based embeddings. There-
fore, RoBERTa can be applied as a general-purpose code representationmodel by treating source
code tokens as sequential input.

In this study, RoBERTa was included as a baseline representation model to evaluate the ef-
fectiveness of transformer-based embeddings for design pattern recognition from source code.
The generated embeddings were used to represent the semantic characteristics of Java programs,
which were subsequently provided to the classification model. The performance of RoBERTa-
based representations was compared with specialized code-oriented models to analyze whether
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a general language model can effectively capture software design pattern characteristics.

TinyLlama

TinyLlama is a lightweight open-source large language model (LLM) developed based on
the LLaMA architecture with the objective of achieving efficient language understanding and
generation capabilities using significantly fewer computational resources. It contains approxi-
mately 1.1 billion parameters and is trained on a large-scale dataset containing diverse textual
information. Despite its compact size, TinyLlama adopts modern transformer-based architec-
tural improvements, including rotary positional embeddings, multi-head attention mechanisms,
and efficient training strategies, enabling it to learn meaningful contextual representations.

Unlike traditional code-specificmodels, TinyLlama is a general-purpose languagemodel that
can capture semantic relationships from different types of sequential data. Since source code
also contains structured information, semantic dependencies, and contextual patterns, LLM-
based representations can provide useful features for software engineering tasks. The ability of
TinyLlama to understand programming-related text makes it a potential candidate for extracting
compact code representations while requiring fewer computational resources compared with
larger foundation models.

In this study, TinyLlamawas evaluated to investigate whether a smaller and resource-efficient
large language model can generate meaningful code representations for software design pattern
recognition. The model was used to extract feature embeddings from Java source code samples,
which were then utilized by the classification framework for identifying different software de-
sign patterns. Its performance was compared with larger transformer-based models, including
CodeBERT, GraphCodeBERT, CodeT5, and RoBERTa, to analyze the trade-off between model
size, computational efficiency, and representation quality.

5.6 Embedding Extraction Process
The embedding generation process transforms source code samples into high-dimensional

numerical vectors.
For each Java source code sample, the input sequence is passed through a pre-trained lan-

guage model. The hidden representations generated by the model are extracted as code embed-
dings.

The embedding generation process can be represented as:

𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 = 𝐿𝑎𝑛𝑔𝑢𝑎𝑔𝑒𝑀𝑜𝑑𝑒𝑙 (𝑆𝑜𝑢𝑟𝑐𝑒𝐶𝑜𝑑𝑒) (5.1)

where the language model learns semantic and structural characteristics of the source code
and produces a vector representation.

The generated embeddings preserve important software characteristics, including:
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• Class relationships

• Method interactions

• Object creation mechanisms

• Inheritance structures

• Implementation patterns

These learned representations are then used as input features for the classification model.

5.7 Embedding Visualization Analysis
To analyze the quality of generated representations, dimensionality reduction was performed

using the t-SNE technique.
t-SNE converts high-dimensional embedding vectors into a two-dimensional space, allowing

visual analysis of clustering behavior among different design pattern categories.
Figure 5.5 presents the t-SNE visualization of embeddings generated from different language

models.

Figure 5.5: t-SNE visualization of code embeddings generated by different language models for
design pattern recognition.
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The visualization demonstrates that different language models produce different levels of
separation among design pattern categories. Models with better semantic understanding gener-
ate more distinguishable clusters, resulting in improved classification performance.

The GraphCodeBERT-based embeddings show stronger separation among several design
pattern categories because the model considers structural information from source code. This
indicates that incorporating program structure can improve automated design pattern recogni-
tion.

5.8 Design Pattern Classification Using k-NN
After generating code embeddings from different language models, a k-Nearest Neighbor

(k-NN) classifier was applied for automated design pattern recognition.
The objective of using k-NN is to classify unknown source code samples based on their

similarity with previously learned code representations. Since the language models transform
source code into numerical vectors, distance-based classification becomes effective for identi-
fying similar software design structures.

5.8.1 k-Nearest Neighbor Classification Process
The k-NN classifier determines the class of a new source code sample by calculating its

distance from existing training samples.
The classification process consists of the following steps:

1. Generate code embedding vectors using pre-trained language models.

2. Calculate similarity between training and testing embeddings.

3. Select the nearest 𝑘 samples.

4. Assign the class based on majority voting among neighboring samples.

The Euclidean distance metric was used to measure the similarity between embedding vec-
tors:

𝑑 (𝑥, 𝑦) =

√√
𝑛∑
𝑖=1

(𝑥𝑖 − 𝑦𝑖)2 (5.2)

where 𝑥 and 𝑦 represent two embedding vectors and 𝑛 represents the embedding dimension.

5.8.2 Performance Evaluation of Different Language Models
The performance of different language model embeddings was evaluated using the k-NN

classifier. The evaluation was performed using standard classification metrics including accu-
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racy, precision, recall, and F1-score.
Table 5.2 presents the comparative performance of different languagemodel-based approaches.

Table 5.2: Performance Comparison of Language Model Embeddings with k-NN

Embedding Model Accuracy Precision Recall F1-score

CodeBERT + k-NN 0.91 0.91 0.90 0.91

CodeT5 + k-NN 0.95 0.95 0.95 0.95

RoBERTa + k-NN 0.94 0.94 0.94 0.94

TinyLlama + k-NN 0.58 0.752 0.53 0.58

GraphCodeBERT + k-NN 0.97 0.97 0.97 0.969

The experimental results demonstrate that language model-based representations are effec-
tive for software design pattern recognition. Among all evaluated approaches, GraphCodeBERT
combined with k-NN achieved the highest classification performance.

The superior performance of GraphCodeBERT can be explained by its ability to capture
structural information from source code. Unlike models that only consider sequential token
information, GraphCodeBERT incorporates relationships between programming elements, en-
abling better understanding of software design structures.

5.9 Classification Analysis
The classification results indicate that different design patterns have different levels of recog-

nition difficulty.
Patterns such as Singleton and FactoryMethod contain distinctive implementation character-

istics, allowing models to identify them more effectively. However, some patterns share similar
object creation mechanisms, which may increase classification difficulty.

The use of contextual code representations helps reduce these challenges by capturing se-
mantic relationships beyond simple syntax matching.

5.10 Explainability Analysis
Although high prediction performance is important, understanding the reason behind model

decisions is also necessary for reliable AI-assisted software engineering.
To improve transparency, SHAP-based explainability analysis was performed to identify

source code features contributing to design pattern predictions.
Figure 5.6 presents the explainability analysis results.
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Figure 5.6: SHAP-based explainability analysis of design pattern recognition using source code
features.

The analysis shows that specific code structures significantly influence the classification de-
cisions. For example, object creation methods, inheritance relationships, and class structures
provide important information for recognizing design patterns.

The explainability analysis improves confidence in the proposed framework by providing
insights into how the model reaches its predictions.

5.11 Summary
This chapter presented an LLM-based approach for automated software design pattern recog-

nition. Multiple pre-trained language models were evaluated for generating code representa-
tions, and their effectiveness was measured using a k-NN classifier.

The experimental results demonstrate that GraphCodeBERT-based embeddings provide strong
performance for design pattern recognition. The combination of LLM-based code understand-
ing and machine learning classification provides an effective solution for automated software
design analysis.
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Chapter 6

Results and Discussion

6.1 Introduction
This chapter presents a detailed analysis and discussion of the experimental results obtained

from the two major research contributions of this thesis. The first contribution focuses on deep
learning-based UML diagram recognition, while the second contribution investigates large lan-
guage model (LLM)-based software design pattern recognition.

The purpose of this chapter is to analyze the achieved performance, effectiveness, and prac-
tical implications of the proposed approaches. The results are discussed from the perspective
of automated software requirement understanding and software design analysis.

The overall relationship between the two research components is illustrated in Figure 6.1.

Figure 6.1: Integrated framework combining UML diagram recognition and LLM-based design
pattern recognition.
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6.2 Discussion of UML Diagram Recognition Results
The first research contribution investigated automated recognition of UML diagrams using

deep learning-based computer vision techniques. Multiple architectures were evaluated to de-
termine their effectiveness in recognizing different UML diagram categories.

The experiment considered six UML diagram types: Activity Diagram, Class Diagram,
Component Diagram, Deployment Diagram, Sequence Diagram, and Use Case Diagram. The
balanced dataset containing 6,666UML images enabled a fair comparison among different mod-
els.

The experimental results demonstrate that deep learning models can effectively learn visual
representations from UML diagrams. The evaluated architectures were able to capture impor-
tant characteristics such as shapes, relationships, layouts, and structural patterns.

6.2.1 Performance Comparison of UML Recognition Models
The performance comparison of different deep learning architectures is presented in Ta-

ble 6.1. The table summarizes the architecture type, main advantage, and overall recognition
performance of the evaluated models.

Table 6.1: Performance Summary of UML Diagram Recognition Models

Model Architecture Type Main Advantage Performance

Inception-V3 Transfer Learning Deep feature extraction
capability

50%

Xception Transfer Learning Efficient depthwise sep-
arable convolution

49%

MobileNet-V3 Lightweight CNN Low computational
cost and efficient fea-
ture learning

96%

Custom CNN Task-specific CNN UML-specific feature
extraction

76%

YOLO Object Detection Spatial feature under-
standing and region-
based recognition

99%

Among all evaluated approaches, YOLO achieved the highest recognition performance with
an accuracy of 99%. The strong performance of YOLO indicates that object detection-based
learning can effectively capture spatial relationships and structural patterns within UML dia-
grams.
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Unlike conventional image classification approaches that analyze an entire image as a sin-
gle feature representation, YOLO considers important image regions and learns discriminative
visual patterns. This capability is particularly useful for UML diagrams because relationships,
connections, and element positioning contain important semantic information.

6.2.2 Comparison with Existing UML Recognition Studies
Existing UML recognition approaches mainly focus on specific diagram types or limited

datasets. Many previous studies concentrate on individual UML categories such as class dia-
grams or element-level recognition.

Table 6.2 presents a comparison between existing studies and the proposed approach.

Table 6.2: Comparison with Existing UML Recognition Studies

Study Approach Limitation

Gosala et al. [17] CNN-based UML
classification

Focused mainly on
class diagram recogni-
tion

Shcherban et al.
[18]

Deep learning-based
classification

Limited UML diagram
categories

Chen et al. [20] Semantic UML ele-
ment extraction

Focused on individual
UML components

Proposed Work Multi-class deep
learning framework

Comprehensive recog-
nition of six UML dia-
gram categories

The proposed framework improves upon existing studies by considering multiple UML di-
agram categories and evaluating several advanced deep learning architectures within a unified
recognition framework. The evaluation of different models provides a comprehensive under-
standing of suitable AI approaches for automated UML diagram analysis.

6.3 Discussion of LLM-Based Design Pattern Recognition Re-
sults

The second research contribution investigated the capability of large language models for
automated software design pattern recognition. Unlike traditional rule-based approaches, the
proposedmethod utilizes pre-trained code languagemodels to generate semantic representations
from source code.
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Five pre-trained language models were evaluated in this study:

• GraphCodeBERT

• CodeBERT

• CodeT5

• RoBERTa

• TinyLlama

The generated code embeddings were classified using a k-Nearest Neighbor (k-NN) classifier
to identify six software categories, including five design patterns and one non-design-pattern
class.

The experimental results demonstrate that LLM-based code representations can effectively
capture semantic and structural information from source code. These learned representations
provide meaningful features for automated software design pattern recognition.

6.3.1 Performance Analysis of LLM-Based Recognition
The performance comparison of different language model-based embeddings with the k-NN

classifier is presented in Table 6.3.

Table 6.3: Performance Summary of LLM-Based Design Pattern Recognition

Embedding Model F1-score

CodeBERT + k-NN 0.91

CodeT5 + k-NN 0.95

RoBERTa + k-NN 0.94

TinyLlama + k-NN 0.58

GraphCodeBERT + k-NN 0.969

Among all evaluated approaches, GraphCodeBERT combinedwith the k-NN classifier achieved
the highest recognition performancewith an F1-score of 0.969. This result indicates that structural-
aware code representation plays an important role in identifying software design patterns.

The superior performance of GraphCodeBERT can be attributed to its ability to incorporate
data flow information along with token-level representations. Software design patterns depend
heavily on relationships among classes, objects, methods, and program structures. Therefore,
models capable of capturing these dependencies can provide better recognition capability.
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6.4 Integrated Analysis of Software Understanding
The two research contributions analyze different levels of software knowledge. The UML

recognition component focuses on high-level software representation, where requirements and
system designs are expressed visually. In contrast, the LLM-based component analyzes implementation-
level information from source code.

Together, these approaches provide a comprehensive perspective of software understanding
by connecting visual software artifacts with implementation details.

Table 6.4: Integrated Comparison of Research Contributions

Aspect UML Recognition Design Pattern Recognition

Input UML Images Source Code

Representation Visual Features Code Embeddings

AI Method Deep Learning LLM + Machine Learning

Classifier CNN / YOLO k-NN

Purpose Requirement Understanding Design Understanding

6.5 Practical Implications
The proposedAI-based software understanding framework provides several practical benefits

for software engineering activities. By combining visual understanding of UML diagrams with
source code analysis, the framework can support developers and software engineers in different
software development tasks.

The major practical implications include:

• Automated analysis of software documentation and UML artifacts.

• Support for reverse engineering of existing software systems.

• Assistance in understanding legacy software projects.

• Reduction of manual effort required for software analysis.

• Intelligent educational tools for learning software engineering concepts.

The results demonstrate the potential of artificial intelligence-assisted software engineering
systems for improving software comprehension and developer productivity. The proposed ap-
proaches can serve as supportive tools for analyzing complex software artifacts efficiently.

Page 65 of 83



6.6 Limitations and Future Improvements
Although the proposed approaches achieved promising performance, several limitations re-

main that provide opportunities for future improvement.
For UML diagram recognition, the dataset mainly contains predefined UML diagram cate-

gories collected for experimental evaluation. Future research can investigate larger industrial-
scale datasets containing diverse diagram styles, complex software architectures, and real-world
project artifacts.

For design pattern recognition, the experiments were conducted using Java source code im-
plementations from the P-MARt dataset. Future studies can extend the framework to multiple
programming languages, including Python, C++, and C#, to evaluate cross-language design
pattern recognition capability.

Furthermore, although LLM-based approaches provide strong semantic understanding of
source code, their computational requirements remain high. Future research can explore lightweight
languagemodels, efficient embedding generationmethods, and optimized deployment strategies
for practical applications.

Another possible research direction is integrating both approaches into a unified software
intelligence system. Such a system could connect UML-level design understanding with source-
code-level analysis to provide more comprehensive software engineering assistance.

6.7 Summary
This chapter presented the experimental results, comparative analysis, and practical impli-

cations of the proposed AI-based software understanding framework.
The UML recognition experiments demonstrated that deep learning approaches can effec-

tively classify UML diagram images. Among the evaluated models, YOLO achieved the highest
recognition accuracy, showing strong capability in learning spatial and structural patterns from
UML diagrams.

The design pattern recognition experiments demonstrated that LLM-based code embeddings
can effectively capture software design knowledge. The combination of GraphCodeBERT rep-
resentations with the k-NN classifier achieved the best performance, highlighting the importance
of structural code understanding.

Overall, the combination of deep learning-based visual recognition and LLM-based source
code analysis provides a comprehensive approach for automated software requirement and de-
sign understanding. The proposed framework demonstrates the potential of artificial intelligence
techniques in improving software analysis, maintenance, and development processes.
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Chapter 7

Conclusion and Future Work

7.1 Introduction
This chapter concludes the research presented in this thesis on automated software require-

ment and design understanding using artificial intelligence techniques. The research investi-
gated two complementary approaches: deep learning-basedUMLdiagram recognition and large
language model (LLM)-based software design pattern recognition.

The primary objective of this thesis was to develop intelligent approaches that reduce manual
effort in software analysis by automatically understanding both visual software artifacts and
source code implementations.

The proposed framework combines computer vision techniques and advanced code repre-
sentation learning methods to provide a comprehensive perspective of software system under-
standing.

7.2 Summary of Research Contributions
The major contributions of this thesis are summarized as follows:

1. A deep learning-based UML diagram recognition framework was developed for automat-
ically identifying multiple UML diagram categories from visual images.

2. A comprehensive evaluation of different deep learning architectures, including Inception-
V3, Xception, MobileNet-V3, Custom CNN, and YOLO, was conducted for automated
UML recognition.

3. A balanced UML image dataset containing six major UML diagram categories was pre-
pared and utilized for evaluating deep learning-based recognition models.

4. An LLM-based design pattern recognition framework was developed by combining pre-
trained code language models with machine learning-based classification.
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5. Multiple code representation models, including GraphCodeBERT, CodeBERT, CodeT5,
RoBERTa, and TinyLlama, were investigated for generating meaningful source code em-
beddings.

6. A k-Nearest Neighbor (k-NN)-based classification approach was applied for identifying
software design patterns from generated code representations.

7. Explainable AI analysis was performed to understand important source code characteris-
tics contributing to design pattern prediction decisions.

7.3 Key Findings
The experimental results demonstrate that artificial intelligence techniques can effectively

support automated software understanding tasks.
For UML diagram recognition, deep learning models successfully learned visual features

from software diagrams and achieved strong classification performance. Among the evaluated
approaches, YOLO achieved the highest recognition accuracy, demonstrating the effectiveness
of spatial feature learning for UML diagram analysis.

For software design pattern recognition, the results demonstrate that LLM-based code rep-
resentations can capture meaningful semantic and structural information from source code.
GraphCodeBERT combined with k-NN achieved the best performance with an F1-score of
0.969, indicating that structural-aware code representation improves automated design pattern
identification.

The combination of both approaches provides a broader understanding of software systems
by connecting requirement-level visual representations with implementation-level source code
knowledge.

7.4 Research Significance
This research contributes to the field of AI-assisted software engineering by demonstrating

the capability of modern artificial intelligence techniques for automating important software
analysis activities.

The UML recognition framework can assist developers and software engineers in automati-
cally understanding software documentation and reducing the effort required for analyzing large
collections of UML diagrams.

The design pattern recognition framework can support software maintenance, reverse engi-
neering, and architectural understanding by automatically identifying design knowledge embed-
ded within source code.
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Overall, this thesis demonstrates the potential of integrating deep learning and large language
models for developing intelligent software engineering applications.

7.5 Limitations
Although the proposed approaches achieved promising results, several limitations remain.
The UML recognition study was evaluated using a specific dataset containing predefined

UML diagram categories. Future evaluation using larger industrial datasets containing diverse
diagram styles and complex software structures would provide stronger validation.

The design pattern recognition experiment was conducted using Java source code samples
from a benchmark dataset. Extending the framework to additional programming languages
would improve its general applicability.

Furthermore, LLM-based approaches require considerable computational resources. Devel-
oping lightweight models and efficient deployment strategies is necessary for practical real-time
software engineering applications.

7.6 Future Work
Several future research directions can be explored based on the findings of this thesis.

• Developing larger and more diverse UML datasets containing real-world industrial soft-
ware diagrams.

• Integrating vision-languagemodels for advancedUMLunderstanding and automatic diagram-
to-code generation.

• Extending design pattern recognition approaches to multiple programming languages
such as Python, C++, and C#.

• Developing intelligent IDE-based tools for automatic software design analysis and devel-
oper assistance.

• Investigating advanced explainable AI techniques to improve transparency and trust in
AI-based software engineering systems.

• Combining UML analysis and source code analysis into a unified software intelligence
platform.

7.7 Final Remarks
In conclusion, this thesis presents an integrated artificial intelligence framework for auto-

mated software requirement and design understanding.
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The research demonstrates that deep learning techniques can effectively analyze visual UML
artifacts, while large languagemodels provide powerful representations for understanding source
code structures and software design patterns.

By combining these complementary approaches, the proposed framework provides a foun-
dation for future intelligent software engineering systems capable of automatically analyzing,
understanding, and assisting software development activities.
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Appendix A

Additional Experimental Details

A.1 UML Recognition Experimental Configuration
This appendix presents the experimental settings used for the UML diagram recognition

study.

Table A.1: UML Recognition Configuration

Parameter Value

Dataset Size 6,666 images
Classes 6
Input Size 224 × 224 pixels
Train/Validation/Test Split 80% / 10% / 10%
Learning Strategy Supervised Learning
Optimizer Adam
Metrics Accuracy, Precision, Recall, F1-score

A.2 UML Dataset Categories
The dataset contains six UML diagram categories:

• Activity Diagram

• Class Diagram

• Component Diagram

• Deployment Diagram

• Sequence Diagram

• Use Case Diagram
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A.3 Design Pattern Recognition Configuration
This section summarizes the experimental setup of the LLM-based design pattern recognition

study.

Table A.2: Design Pattern Recognition Configuration

Parameter Value

Dataset P-MARt Repository
Language Java
Programs 93
Categories 6
Representation LLM Embeddings
Classifier k-NN
Metrics Precision, Recall, F1-score

A.4 Design Pattern Categories
The evaluated design pattern categories are:

• Abstract Factory

• Builder

• Factory Method

• Prototype

• Singleton

• Non-Implemented Design Pattern
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Appendix B

Publication Statements

This appendix presents the publications resulting from the research contributions of this the-
sis. The publications are related to deep learning-based UML diagram recognition and LLM-
based design pattern recognition.

B.1 Publication 1

Title A Task-Specific Deep CNN Framework for UML Diagram
Recognition in Requirements Engineering

Authors Zarif Wasif Bhuiyan, Md. Ataur Rahman, Farzana Sadia,
Md. Tarek Habib

Conference 7th International Conference on Computational Vision and
Bio Inspired Computing (ICCVBIC 2026)

Research Area Deep Learning-Based UML Diagram Recognition for Au-
tomated Software Requirement Understanding

Status In-press

Contribution This publication presents a deep CNN-based framework for
automated UML diagram recognition. The study evaluates
multiple deep learning architectures for UML diagram clas-
sification and demonstrates the potential of AI-based ap-
proaches for software requirement understanding.
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B.2 Publication 2

Title A Comprehensive Evaluation of LLMs for Design Pattern
Recognition in Software Systems

Authors Md. Ataur Rahman, Zarif Wasif Bhuiyan, Md. Tarek Habib

Conference 7th International Conference on Computational Vision and
Bio Inspired Computing (ICCVBIC 2026)

Research Area Large Language Model-Based Design Pattern Recognition
for Automated Software Design Understanding

Status In-press

Contribution This publication investigates LLM-based approaches for au-
tomated design pattern recognition from source code. The
study evaluates different code representation models and
classification techniques for improving software design un-
derstanding.
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