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ا٢ेू׿اء
﴾ ఈఃভ঒و Մ៰Ղ؇ً و܋ࠕࠥ Մ៰Ղا আॻ༟ ႟၍ި ّ و ﴿

3: اඹඞ৙৑اب
؜ٷڎ ۊޚ؇َ؇ ཿྟب اᄳᄟي ᄩፁዧڎ৵৥ৠا ڢڎߌߵ ๴ཇء ႟၍ আॻ༟ و༥ܭ ਲ਼؜ Մ៰Ղا ً؊ن ඔ൹اܳ٭گ و ଫଊاܳݱ أ୒ୖ݄ٷ؇ اᄳᄟي Մ៰Ղ ا৵৥ৠڎ ఈఃڢ٭ Մ៰Ղا ݆݁ أݬڎق ݆݁ و

ا༟ᄴᄟ؇ء أ୒ୖ݄ٷ؇ و ଫ଒༟ة ႟၍
اݾ঻ר١" ᅽᅰإ ոֵًؠ ܈ۑ ּٝ ႚ႐ ҵ᝛ҳا ቎ີڞّ ،ոًஈஃຐ ؔמٝ ֵڪ׫ڵۥ ոֵًؠ ܈ۑ ኖኂ۰ "ڲڷ : ۰ܫܯ و ຐڪמٝ ҵ᝛ҳا ࣷ࣬۝ ոؓل

มฆܳا มฆܹف؇༟ و༥ܭ ਲ਼؜ ՄّՃՂا ًأڎ ݆݁ ሒᇿ ݿٷڎا Ⴄ၍ن ݆ৎ৊ ሒᇚݠෛູ أ۱ڎي .દઊᄴᄟا لިم ሌᇿإ ࿓؆ۋފ؇ن ਊಾأ۳ܾ و݆݁ ݿ޺޾ و ᄩᄟآ আॻ༟ و ᆇ୚୘ڎ ཹྟ٭ٷ؇ আॻ༟ اܳފఈఃم و اܳݱఈఃة و ᄩፁዧڎ৵৥ৠا
݆݁ ሌᇿᎂو .ሒᇀدر وَިر ม฀ܹڢ ਊ಻ݥ ೑ِ಻؊ڣ وا৖৑݁ٺٷ؇ن، ً؇ܳأݠڣ؇ن ؇ً༥ݞوᆙᆘ ا۱৕৑ڎاء، ۱ڍا ዻِዧ أًأت اܳأݞߌ߳ة، ሒᇧأ , اܳ٭ިم إܳ٭۬ ݬܹب و ؇ৎ৊ أݬܭ ቕረ ሒᇿ ؇۳ᆇᅦد ૭૖ྟص و ؇ዛ዇ྟ૭૖
గఒ༟ٷ؇ ݆݁ ႟၍ ሌᇿإ ෛູݠۏٷ؇ ዛኡڎي .Մ៰Ղا ًأڎ ጥ጑ًڰݯ ৖৑إ اܳ٭ިم إܳ٭۬ وݬܹب ؇ᆇᅫ واࠍ੆ص، ୍ଲاܳލ ႟၍ ዻዧ ،ሒᇿ؇اܳ؞ واᄴᄟي ڢڎً݁؇ ๴ّཟగጻዧ ا৙৑ول واᄴᄟاڣؕ واܳأިن، اܳފٷڎ Ⴄ၍ن
ڣگڎ ሒᇆଫଃ݁ފ ޗިال داᆇᅦ޶ ިَႤ၍ ሒᇆاܳߺࠊا ሒᇆ؇ݬڎلگ ሌᇿإ ୍ଲاܳލ لܭ ෠ຳݞ أّگڎم ቼِቘոൌฝُ ڲڷَ ᇆᆉُ׿ຒأ ؔڪמר܊ۑ ،ႚ႖ڪَמຑ ਗ৻د ࣷ࣬ຐ اिऻۑء : و۰ܫܯ ຐڪמٝ ҵّҴҳا ࣷ࣬۝ ҵ᝛ҳا ر۰ܙل ոؓل රඞڣ؇

وأݿ؇ࣁࣕة، وزఈః݁ء أݬڎڢ؇ء ݆݁ اܳأ޺޾، ᄭᄥ༡ر ሒᇭ มฃراڣگ ݆݁ ႟၍ ሌᇿإ ۏٷٺ۬ ሒᇭ ᆇ໶໕أٷ؇ أن و༥ܭ ਲ਼؜ Մ៰Ղا ૭૙؊ل اොේ৖৑؇ب ଫଃ༠ Ⴄ၍َިا
أරජك ཿྟب و أਵਦك ዻዧ ๤๎ะ و ڣ٭۹ ՄّՃՂا ً؇رك اܳأ݄ܭ ఈః༠ل ܳٷ؇ ؇ዛውዛዀّިۏ و ؇ዛ዇ّأ َگڎر و ݁أٷ؇ ؇ዛኤިد෠੼ আॻ༟ ჸღܙد ᇆᆪদগ ఈዳዧݿٺ؇ذة ୍ଲ૰૖ ਐ಻گڎم

(َඔ൹ِ ৎَ ৊؇َْاܳأ ربَِّ ِՄ ّ֟ ՃِՂ ُ ৵َڎْ ৥ৠْا نِ ᕚأ ْܾ ُ د؜َْިا۱َ ُ රඝَِوآ)
10 لިฺྵ

ًأڎل ݁ިڢٷ۰ ًگߺࠊبٍ ቕረ৙৑ا و༟؇َگب ڣݱଫଊت، اఈఃਐಸ৖৑ء ؇ዛዀܹ༟ ܋ُٺص ݬ؇ߓߵة، ؜ޙ٭۰݄ ނأިبٍ ሌᇿإ اܳأ݄ܭ ۱ڍا ዛኡڎي პაႰ ݁ٷዛው؇ه ا৵৥ৠڎ ܹؐਊಱ ปฆۋ ᄩፁዧڎ৵৥ৠا اࢻࣖا و ؇ஓ୴دا ᄩፁዧڎ৵৥ৠا
ඔ൹గఒފৎ৊ا ݆݁ ඔ൹ފٺݯأڰৎ৊ا ႟၍ ሌᇿإ ዝཇڎاف۹ ՄّՃՂا رۋܾ و ೞಱڢݠ ๤ཡَك ۏأܭ و , ༟ܹ٭۹ ݿܝ٭ྡྷٺ۬ ل଩଍ل أن و اܳٴఈఃء ؜ٷ۹ ߌߵڣؕ أن ՄّՃՂا ૭૙؊ل اࠍ੆ٴ྘ٴ۰ ਲ਼ؗة .๤ཏܝ਍ಾ ৖৑ ،Մ៰Ղا

෠ຳٷڎه ቕመਲ਼أ؜ و ՄّՃՂا ቕመڢިا



Abstract

Traditional aircraft engine inspection methods—relying primarily
on visual examination and conventional diagnostic tools—are often
time-consuming and may lack the sensitivity required to detect all
potential forms of damage, thereby posing significant safety risks.
To address these limitations, artificial intelligence (AI) techniques,
particularly machine learning and deep learning in the domain of
computer vision, have emerged as promising alternatives for enhanc-
ing the precision and efficiency of image-based diagnostics. This
study proposes the development of a YOLO (You Only Look Once)
deep learning model for the automated detection of aircraft engine
damage. The objective is to expedite the inspection process, reduce
maintenance costs, and improve the accuracy of damage detection,
thereby contributing to safer and more efficient aircraft operations.

Keywords
Artificial Intelligence, Computer Vision, Image Processing, Deep Learn-
ing, YOLO, Aircraft Damage Detection, Automated Inspection.
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اৎ৊ܹۛݧ
اܳٺگܹ٭ڎل۰ اܳྥލۛ٭ݧ وأدوات اܳٴ๤ཡي اܳڰۜݧ আॻ༟ ๴ང؇أݿ ႟ၽ૰૖ ّأٺ݄ڎ มฆܳا - اܳٺگܹ٭ڎل۰ اܳޚ؇߉ߵات ො੼ݠႤ၍ت ੆਼ݧ ޗݠق ૭૜ٺ؞ݠق ؇݁ ༚؇ܳٴً؇
۱ڍه ۰੊أ؇ࠍৎ৊و ܋ٴଫଃة. ۰݁ఈఃݿ ෛ੼؇ޗݠ ႟ၽ૰ُ૏ ؇ᆙᆘ ،ᄭᄥ݄ٺ௱௯௫ا ا๤ཟܳر أނႤၽل ᆇᅹ٭ؕ ؜݆ ይዧـܝލژ اఈዳዧز۰݁ اᄴᄟڢ۰ ሌᇿإ ّڰٺگݠ وڢڎ ،ًఈఃل ޗި وڢٺً؇ -
دڢ۰ ܳٺأݞߌ߳ وا༟ڎة ܋ٴڎافܭ ،۰ਃಸިݿ؇੆اࠍ ل۰ اෂීؤ ෠੼؇ل ሒᇭ اܳأ݄٭ݑ واܳٺأ޺޾ ሒᇿ৚৑ا اܳٺأ޺޾ ً و༠؇ݬ۰ ،ሒᇼ؇ݬޚٷ৖৑ا اႤ၍ᄳᄟء ّگٷ٭؇ت ߓߵزت اܳگ٭ިد،
ይዧـܝލژ اܳأ݄٭ݑ ይዧٺأ޺޾ Once) Look Only (You YOLO ஓ஁ިذج ّޚިߌߵ اᄴᄟراݿ۰ ۱ڍه ّگଫଐح اܳݱިر. আॻ༟ ቕሶ؇اܳگ اܳྥލۛ٭ݧ و܋ڰ؇ءة
ا๤ཚ৙৑ار، ؜݆ اܳـܝލژ دڢ۰ ඔ൹ފොູو اܳݱ٭؇۰َ، Ⴄၽّܳ٭ژ وۊڰݥ اܳڰۜݧ، ᆇᅦܹ٭۰ ๤๎฽لؕ ި۱ وا୒ୖڎف اܳޚ؇߉ߵات. ො੼ݠႤ၍ت أ๤ཚار ؜݆ ሒᇿ৚৑ا

و܋ڰ؇ءة. ؇ً࿖؇݁أ ଫ଒أ܋ ޗଫଃان ᆇᅦܹ٭؇ت ሒᇭ ܾዝ๎ُะ ؇ᆙᆘ
اৎ৊ڰٺ؇ۋ٭۰ اగၵၽܳ؇ت

ሒᇿ৚৑ا اܳྥލۛ٭ݧ | ۰ਃಸިݿ؇੆اࠍ ل۰ اෂීؤ | اܳޚ؇߉ߵات ݬ٭؇۰َ | YOLO | اܳأ݄٭ݑ اܳٺأ޺޾ | ሒᇼ؇ݬޚٷ৖৑ا اႤ၍ᄳᄟء
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General Introduction

The significance of aviation security is paramount for protecting public health, enhancing economic
growth, and ensuring military operations. Advances in technology have heightened interest in civil aviation,
fueled by increased demand for air travel tied to the growth in the global middle class, the rise of low-cost
airlines, and the growth in air freight transport. Irrespective of the negative impacts, the global active
aircraft fleet numbered 25,900 in the year 2019, with estimates pointing towards growth to 47,081 units in
the year 2041.
With the high number of aircraft in use, there is a need for strict control, not only with respect to air traffic
but also to the assessment of the technical airworthiness of aircraft in order to maintain aviation safety [29].
Annual technical and operational examinations are carried out annually by each country’s Civil Aviation
Authority (CAA) to ensure compliance with high standards of maintenance and performance by aircraft. In
addition, larger manufacturers like Boeing, Airbus, Embraer, and Bombardier depend upon the respective
country’s CAAs where they produce. The leading CAAs are the Federal Aviation Administration (United
States), the European Union Aviation Safety Agency (EU), Agência Nacional de Aviação Civil (Brazil), and
Transport Canada (Canada). The extensive operational lifespan of an aircraft makes it vulnerable to all
manners of damage, ranging from blade degradation due to friction to coloration changes due to extreme-
temperature combustion, among other causes [30]. One such example of a condition that may lead to an
accident is the crash of the Algerian Air Force Ilyushin Il-76, which occurred on April 11, 2018, at around
6:50 AM. The crash involved an Ilyushin Il-76TD operated by the 347th Strategic Transport Squadron of
the Algerian Air Force, occurring sadly just minutes after takeoff near the Boufarik Air Base located to the
southeast of Algiers. Unfortunately, all 257 people on board this Algerian Air Force-owned transport plane
died [31]. The incident stands as the deadliest aviation accident in Algeria and as the fourth deadliest in the
world within the last twenty years. Witnesses reported that the left wing of the aircraft caught fire before
crashing, an occurrence that they speculated was caused by an engine fire potentially triggered by a bird
strike.
The multimodal composition of aircraft engines poses a significant challenge to damage discovery. Imagery,
the most natural medium for data acquisition, is widely applied in damage detecting and localizing [29]. In
this, leading airlines often make use of a borescope to record the interior visuals of the engine, then visually
examine and locate damages as may be necessary. Inspectors are authorized to do visual examinations of
the interior structure of aircraft engines, including the blades. Borescope images form a vital technique
which makes possible the inspection of an engine’s interior; the borescope’s flexible tube can be inserted
into the engine’s entry ports, hence enabling inspection with little disassembly needed [32]. For example,
specialized entry plugs or sealing of an igniter opening is applied to make entry into the hot areas of a
turbine possible. Inspectors analyze video images acquired through borescopes in real-time for any possible
irregularities. When an essential defect is detected, the engine is sent to a maintenance, repair, and overhaul
workshop, where additional investigation is done through engine disassembly. This is time-consuming and
labor-intensive with much time invested, forming an appreciable part of the engine’s catalog cost. However,
the direct application of these damage detection methods faces several hurdles [32][33][34]: the borescope
technique requires several hours of examination, calls for many skilled inspectors for the assessment of surface
damage on blades with the use of artificial vision, consumes much time and labor, and is strongly dependent
on specialized experience; issues involved are the small size of the damage, high-stress engine condition with
background interference presence as well as other defects, tight precision standards, and complicated blade
internal structures. Engine inspection also involves much manual labor, with many manual laborers requiring
intensive and costly training, whereas their inexperienced counterparts do not have the essential knowledge
and skills required to effectively spot and report defective engine parts. Human factors prove quite daunting
in the maintenance process; the assessed severity of the diagnosed defect, regarding repair actions execution
or deferral to future inspections, is dependent upon manual estimations of damage place and extent. These
assessments are compared with tolerance standards of past case histories documented in relevant engine
manuals. Therefore, all these factors make image quality inconsistent and enhance the difficulties involved
with the identification. In this context, deep learning-based methods prove to be highly effective in iden-
tifying damage to blades and aircraft engine components due to their higher feature extraction and object
recognition capabilities. This work proposes a system for the diagnosis of seven different types of damage
that can occur in aircraft engines in three particular areas: compressor blades, turbine blades, and the
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The structure of the thesis is outlined below:
Chapter I: Basic Concepts of Image Processing and Computer Vision Using Artificial Intelligence Tech-
niques and Deep Learning Methods
In this section, we discuss several applications and theoretical models relevant to artificial intelligence, with
special emphasis upon computer vision and image analysis.

ChaPter II: Exploring the Diagnostic Methods for Aircraft Engine Failure Through Artificial Intelli-
gence Platforms: Modern Problems and Current Trends

This chapter outlines the underlying paradigms of artificial intelligence that have been developed for the
independent diagnosis of damage in aircraft engines, an essential component that can trigger accidents. The
more intricate aspects of this problem are to be considered in detail.

Chapter III: Review of the Suggested Artificial Intelligence-Based Approach to the Automation of Air-
craft Engine Evaluation

This chapter assesses the effectiveness of the proposed system developed for identifying and classifying
engine damage, highlighting the relevance and usefulness of the proposed approach
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Chapter I :Introduction to Image Processing and Computer
Vision with a Focus on Artificial Intelligence Paradigms
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I.1 Introduction

This chapter gives the theoretical and practical foundation for artificial intelligence models, specifically for
the areas of computer vision and image processing. It begins by explaining what computer vision is and how it
can mimic human vision in observing and interpreting pictures and videos, with the key role of Convolutional
Neural Networks (CNNs) highlighted here. The chapter then outlines the fundamental difference between
computer vision and image processing and explains that while image processing focuses on the technical
enhancement of an image without recognizing what it portrays, computer vision aims to make sense of and
interpret what appears in an image. This is then followed by a detailed explanation of machine learning,
including its different types (supervised, unsupervised, semi-supervised, and reinforcement learning), and an
introduction to deep learning and its use in handling big data using deep neural networks. The chapter also
covers the types of deep neural networks, i.e., Feedforward Neural Networks (FNNs), Convolutional Neural
Networks (CNNs), and Recurrent Neural Networks (RNNs), highlighting the role of CNNs in building efficient
object detection models such as YOLO and its various versions. Finally, the chapter also recapitulates the
evolution of the YOLO algorithm up to its latest iteration, YOLOv11, its enhancement in speed, accuracy,
and ability to conduct complicated tasks such as instance segmentation, pose estimation, and object tracking,
showing the continuous development of modern computer vision tools. This chapter lays the foundation for
understanding modern developments in artificial intelligence and foretells future uses of computer vision and
image processing across various scientific and industrial fields.

15



I.2 computer vision

Computer vision is a field of artificial intelligence that enables computers to understand, analyze, and
recognize visual data such as images and videos in a way that mimics human vision. This technology
relies on neural networks, particularly Convolutional Neural Networks (CNNs), which help detect patterns
and details within images. Computer vision is used in various fields such as security, medicine, industry,
and traffic management, contributing to improved performance and increased accuracy through tasks like
object detection, image classification, instance segmentation, and pose estimation. The YOLO model series,
especially the latest YOLO11, is among the most powerful tools in this field, offering high speed and accuracy
with significant improvements in efficiently processing visual data as we present in Figure I.1 illustrates the
difference between how images are understood by computer vision compared to human vision. 1

Figure I.1: Computer Vision vs Human Vision[1]

I.3 Image processing

Image processing relies on modification using mathematical functions that adjust pixel values without under-
standing the image as a whole. Techniques such as noise reduction, sharpening, and contrast enhancement
are used to alter the colors and intensity of pixels to improve image quality, but they do not recognize objects,
distinguish shapes, or understand meanings within images.2

I.3.1 The phases of image processing

I.3.1.1 Image Acquisition

is the first step in digital image processing, where an image is obtained and fed into the system for processing.
This can be as simple as receiving an image that is already in digital format or may involve initial processing
steps such as scaling and enhancing image quality before further processing.3

I.3.1.2 Image Enhancement

IS one of the most fundamental and visually appealing aspects of digital image processing. The primary
goal of enhancement techniques is to reveal hidden details or emphasize specific features of interest within
an image, improving its overall visibility and interpretability. 3

I.3.1.3 Image Restoration

is a field focused on improving the quality of an image, similar to image enhancement. However, unlike
enhancement, which is subjective, image restoration is objective as it relies on mathematical and probabilistic
models to correct distortions and recover the original appearance of a degraded image. 3

16

https://cdn.prod.websitefiles.com/6479eab6eb2ed5e597810e9e/67ed58d6033e50097fb8d633_678636efd68e8b6c1dd37c9f_66ad1c7d22ac043f3861394b_66ad1b83c84282b3b92a721b_General%25252520Vision%25252520Model_fig1.png
https://www.ultralytics.com/ar/blog/exploring-how-the-applications-of-computer-vision-work
https://cdn.prod.websitefiles.com/6479eab6eb2ed5e597810e9e/67ed58d6033e50097fb8d633_678636efd68e8b6c1dd37c9f_66ad1c7d22ac043f3861394b_66ad1b83c84282b3b92a721b_General%25252520Vision%25252520Model_fig1.png
https://www.ultralytics.com/ar/blog/exploring-image-processing-computer-vision-and-machine-vision
https://www.uoanbar.edu.iq/ComputerCollege//catalog/CS_depart/lectures/CS_4_1_ip.pdf
https://www.uoanbar.edu.iq/ComputerCollege//catalog/CS_depart/lectures/CS_4_1_ip.pdf
https://www.uoanbar.edu.iq/ComputerCollege//catalog/CS_depart/lectures/CS_4_1_ip.pdf


I.3.1.4 Color Image Processing

Dealing specifically with colour images, managing and improving colour representations for various applica-
tions. 3

I.3.1.5 Wavelets and Multiresolution Processing

Wavelets are the foundation for representing images in various degrees of resolution. Images subdivision
successively into smaller regions for data compression and for pyramidal representation. 3

I.3.1.6 Compression

Compression deals with techniques for reducing the storage required to save an image or the bandwidth to
transmit it. Particularly in the uses of internet it is very much necessary to compress data. 3

I.3.1.7 Morphological Processing

Morphological processing deals with tools for extracting image components that are useful in the represen-
tation and description of shape. 3

I.3.1.8 Segmentation

Segmentation techniques divide an image into its fundamental components or distinct objects. In general,
achieving autonomous segmentation is one of the most challenging tasks in digital image processing. Im-
plementing a robust segmentation method significantly enhances the ability to solve imaging problems that
require the precise identification of individual objects. 3

I.3.1.9 Representation and Description

Representation defines how the data is organized after segmentation, while description focuses on extracting
features that help distinguish between objects. Both are necessary to analyze images and make decisions
based on their content. 3

I.3.1.10 Object recognition

Recognition is the final stage in image analysis, where objects are classified based on their characteristics.
Its success depends on the quality of segmentation and the accuracy of the extracted features, which is one
of the core areas of artificial intelligence and computer vision.

I.3.1.11 Knowledge Base

A knowledge base is an essential component of image processing, providing reference information that helps
speed up and improve the accuracy of analysis and recognition processes. They can be simple, such as
identifying regions of interest, or complex, such as large databases used in applications such as medical or
environmental image analysis.3 We depict on the figure I.2 the fundamental steps in digital image proxessing.
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Figure I.2: Fundamental steps in digital image processing[2]

I.4 The difference between computer vision and image processing

table I.1

Aspect Computer Vision Image Processing
Purpose Understanding & decision-making Quality enhancement & preparation
Outputs Semantic data (text/commands) Enhanced/modified images

Complexity High (AI-dependent) Low (pixel-level focus)

table I.1:The difference between computer vision and image processing

The table clearly compares computer vision and image processing and how they differ in terms of purpose,
output, and complexity level. In terms of purpose, computer vision is directed towards the interpretation of
image contents and making intelligent decisions such as facial recognition or object detection, while image
processing is committed to enhancing the quality of images such as noise reduction or image sharpening. In
terms of output, computer vision produces semantic data like text and instructions, whereas image processing
produces transformed and enhanced images. In terms of complexity, computer vision is more advanced and
state-of-the-art as it relies on artificial intelligence and deep learning techniques, requiring huge datasets and
high computing power. Image processing is relatively simpler, using traditional algorithms that operate at
the pixel level. Computer vision is a must for applications like autonomous driving and smart surveillance,
while image processing excels at smartphone image improvement and medical imaging applications. Such
fundamental differences enable researchers and developers to choose the most suitable field based on project
requirements and resource availability.

I.5 Machine Learning (ML)

Machine Learning (ML) is a branch of Artificial Intelligence (AI) that enables computer systems to learn
automatically from data without explicit programming. Instead of relying on predefined rules, ML algorithms
detect patterns within data to make decisions or predictions. As they are exposed to more data over time,
these systems continuously improve their performance4 .We present in the figure I.3 The relationship between
artificial intelligence and machine learning
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Figure I.3: The relationship of artificial intelligence to machine learning[3]

I.5.1 Types of Machine Learning

Machine Learning (ML) is categorized into 4 main type:

• Supervised Learning

• Unsupervised Learning

• semi-supervised learning

• Reinforcement Learning

I.5.2 Supervised Learning

Supervised machine learning involves human intervention, so that it takes place through two basic steps:
first, giving the input data, and the second, naming the corresponding outputs, with the aim of developing
a model that is trained using this classified data to make predictions or classifications of new data.5

Classification

In the classification stage, the system determines the type of information it receives. It must classify the
input data into predefined categories or classes, based on criteria established during the training phase.Types
of Classification 6

• Binary Classification

• Multiclass Classification

• Multi-Label Classification

Regression

Regression is a type of supervised learning task in which the objective is to predict a continuous numerical
value. Examples include forecasting temperature, estimating stock prices, or determining house values. This
is typically achieved using algorithms such as linear regression, ridge regression, or lasso regression. 7

19

https://encrypted-tbn0.gstatic.com/images?q=tbn:ANd9GcSDgiKTy9c2UO-5caOLnSgtLpNhNVA-_2RoKw&s
https://www.ultralytics.com/glossary/supervised-learning
https://www.geeksforgeeks.org/getting-started-with-classification/
https://www.geeksforgeeks.org/regression-in-machine-learning/


I.5.3 Unsupervised Learning

Unsupervised learning is a type of machine learning (ML) in which algorithms analyze unlabeled data, mean-
ing there are no predefined outputs or labels. Unlike supervised learning, which relies on data with known
correct answers, unsupervised learning aims to uncover the inherent structure of the data by identifying
patterns, clusters, or anomalies without prior guidance. This approach is particularly useful in Artificial
Intelligence (AI) for initial data exploration and for understanding complex datasets where labeling is im-
practical or impossible. It allows models to automatically discover relationships and patterns directly from
the data. 8

Clustering

This involves automatically grouping similar data points together based on certain characteristics. Popular
algorithms include K-Means Clustering and DBSCAN. 8

Association Rule Learning

This method discovers interesting relationships or association rules between variables in large datasets. It’s
commonly applied in market basket analysis to find items frequently purchased together. 8

Dimensionality Reduction

This technique simplifies data by reducing the number of input variables or features while preserving essential
information.Principal Component Analysis (PCA) is a widely used method for dimensionality reduction. 8

I.5.4 semi-supervised learning

It is a type of machine learning. Semi-supervised learning is used on two types of data: labeled and unlabeled.
Unlabeled data is typically used more than labeled data, which helps improve learning accuracy. 9

Self-training

uses a classification method by using labeled data to classify unlabeled data. 9

Co-training

is a semi-supervised learning algorithm. This algorithm classifies data from multiple perspectives (or feature
sets). It trains two models, each based on a different perspective, and then uses them to classify the unlabeled
data. 9

Multi-view machine learning

is characterized by using multiple data. Joint training is similar to multi-view learning. For each view, a
model is created to take advantage of the viewpoints 9

Graph-based Semi-Supervised Learning

4-is one of the approaches that uses a graph to represent the relationships between data points. As the
relationships and shared features between data points increase, new features are constructed based on them.9

Generative models

are an essential technique in semi-supervised learning, used to represent the distribution of data. Once this
distribution is known, the model can generate new data and determine which class it is likely to belong
to. Techniques such as Generative Adversarial Networks (GANs) and Variational Autoencoders (VAEs) are
used for this purpose. 9
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I.5.5 Reinforcement Learning

Reinforcement Learning (RL) is a type of machine learning where an agent learns to make decisions by
interacting with its environment to achieve a specific goal. Instead of being given explicit instructions on
which actions to take, the agent learns through trial and error, receiving rewards or penalties based on its
actions. The goal is to develop a strategy (policy) that helps the agent maximize its cumulative reward over
time.9

policy-based

These methods focus on directly learning the policy, where the agent determines the probability of taking
each action in a given state without estimating state values. This approach is effective in environments with
large or continuous action spaces. Notable examples include REINFORCE and Policy Gradient Methods.
11

value-based

These methods estimate the value of each state or state-action pair in the environment. The agent learns
which actions are better by comparing the values. For example, Q-learning and Deep Q-Networks (DQN)
11

model-based

These methods involve building a model of the environment. The agent learns how the environment behaves
and makes decisions using this model. This approach can be more sample efficient but requires a good model
of the environment. 11

I.6 Deep learning (Dl)

Deep learning is a branch of machine learning that mimics the human brain through the use of multi-
layered neural networks. It is characterized by its ability to analyze raw data and extract complex patterns
without the need for manual feature selection.These networks process data hierarchically, moving from
simple details to more abstract concepts, making deep learning highly effective in image, speech, and text
recognition.Thanks to its accuracy and efficiency, deep learning is considered one of the most powerful tools
in modern artificial intelligence, widely applied in fields such as computer vision, translation, and speech
recognition. We depict in the figure 12 I.4 the relationship between Artificial Intelligence, Machine Learning
and Deep Learning.

Figure I.4: The Relationship Between Artificial Intelligence, Machine Learning, and Deep Learning [4]
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I.7 The difference between machine learning and deep learning

13

ML DL
Human intervention Requires regular tuning and

model updates
Minimal intervention once the
model is trained

Data Works with moderately sized
datasets

Requires very large datasets

Training Involves standard computational
training

Demands extensive time and
computing power for training

Engineering Based on statistical methods and
known algorithms

Relies on neural network archi-
tecture

Use Performs specific tasks based on
data and predictions

Handles complex tasks that re-
quire advanced pattern recogni-
tion

table I.2:Comparison between Machine Learning (ML) and Deep Learning (DL)

The table succinctly distinguishes the fundamental differences between Machine Learning (ML) and Deep
Learning (DL) in some of the most significant aspects. On the human involvement factor, ML models require
constant maintenance and updating, while DL models depict high autonomy upon training completion. On
the data requirement factor, ML functions well with medium-sized datasets, while DL needs massive amounts
of data in order to produce high accuracy. In terms of training, ML relies on less complex traditional
techniques, while DL needs powerful computational hardware and longer training times due to the depth
and complexity of neural networks. Structurally, ML is based on established statistical algorithms, while
DL is based on deep and complex neural network architecture. As for uses, ML is able to handle simple and
clearly specified tasks while DL does its best when it has to conduct complex tasks involving deep pattern
detection such as image and natural language processing.

I.8.1 How Deep Learning Works

Deep learning is a major branch of artificial intelligence, and it relies on what’s known as deep neural
networks. These networks are made up of layers of interconnected artificial neurons, where each neuron
performs a simple mathematical operation—typically a linear function—that helps analyze and represent
data within the system.A deep neural network is structured around three main types of layers: Input
Layer: This is where the raw data enters the network, such as an image or a piece of text Hidden Layers:
These are the core of the network. They process the data step by step, detecting patterns and complex
relationships. Output Layer: This layer produces the final result—whether it’s a prediction, classification, or
decision—based on all the internal processing.Thanks to this multi-layered as demonstrated in the figure I.5
architecture, deep learning models are capable of handling large volumes of data and extracting meaningful
insights with high accuracy. This is what makes deep learning so powerful in tasks like image recognition,
machine translation, and intelligent assistants as demonstrated in the figure 14
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Figure I.5: Illustration of a Deep Neural Network with Input, Hidden, and Output Layers [5]

I.9 Type of deep Neural Network

‘

I.9.1 Feedforward Neural Networks

One of the simplest neural network models is the Feedforward Neural Network (FNN), also known as the
Multi-Layer Perceptron (MLP). It is trained using the backpropagation algorithm. The network is made up
of neurons, where each neuron receives outputs from the previous layer and processes them using specific
weights and biases to generate the outputs of the next layer.It consists of three main layers: an input layer,
a set of hidden layers, and an output layer. Each layer contains multiple neurons. This model is commonly
used in applications such as image classification and credit scoring. 15

I.9.2 convolutional Neural Networks

Multi-layer perceptrons (MLPs) are not well-suited for image processing because they treat data as vectors,
which causes the loss of important spatial information such as shapes. Before deep learning emerged,
image analysis relied on manually extracting features, which required a lot of expertise. However, with the
introduction of Convolutional Neural Networks (CNNs) by LeCun, this changed dramatically. CNNs can
process images directly as matrices or tensors, eliminating the need for manual feature extraction. Today,
CNNs are widely used in image classification, segmentation, object detection, and face recognition 15 The
Convolutional Neural Network (CNN) consists of three main layers: the convolutional layer, which detects
local features in data such as images; the pooling layer, which reduces data dimensions and improves model
efficiency; and the fully connected layer, which combines the features for classification or prediction. Among
its key advantages are local connectivity and weight sharing, making it efficient in reducing parameters
and enhancing performance. It also minimizes the need for manual feature extraction and offers greater
stability against slight changes in data. CNNs are widely used in applications such as computer vision
(image classification, face recognition, and object detection) as well as in medical image analysis to diagnose
diseases and accurately identify lesion locations. 16

I.9.2.1 HOW CNN WORK

The Figure I.6 illustrates how the Convolutional Neural Network (CNN) works The figure I.6 demonstrate
the CNN architecture.
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Figure I.6: CNN Architecture[6]

I.9.2.2 CNN-Based Object Detection Models

Some CNN-based models have achievedi ncredible enhancements in object detection:

• R-CNN: It uses region proposals and applies the individual region separately, so it’s extremely slow.

• Fast R-CNN: Instead of separately examining every region, it uses the CNN once for the entire image
and then region pooling. Therefore, it’s 45 times faster at test time and 9 times faster at training time
compared to R-CNN.

• Faster R-CNN: It includes a Region Proposal Network (RPN) which produces object proposals directly
in the model. It enhances the overall process and also makes it more efficient and fast.

• YOLO (You Only Look Once): YOLO reduces object detection to a single regression problem. It
predicts bounding boxes and class probabilities at once. It is extremely fast and is great for real-time
systems.

• SSD (Single Shot Detector): Similar to YOLO, but it uses multiple feature maps from different CNN
layers to detect objects of varying scales, thus accurate and well-balanced in terms of speed.

17

I.9.3 Recurrent Neural Networks

A recurrent neural network (RNN) is a type of neural network designed to process sequential (time-series)
data, as it contains cyclic connections that allow it to retain past information. It consists of several main
components: the input cell, which receives data step by step; the hidden cell, which stores previous states and
learns short- and long-term dependencies using units such as simple RNNs, LSTMs, or GRUs; the recurrent
cell, which processes sequences and updates the hidden state based on the current input and past state; and
the output cell, which generates the final output and can feed it back into the network for generation tasks.
RNNs are widely used in applications like machine translation, speech recognition, and text summarization,
where their memory capabilities allow them to understand and generate sequences effectively.16. The figure
I.7 depict the RNN Architecture.
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Figure I.7: RNN Architecture[7]

I.9.3.1 Applications of Recurrent Neural Networks

Recurrent Neural Networks (RNNs) are a very important part of artificial intelligence, and they are being
applied in:

• Natural Language Processing (NLP): machine translation, sentiment analysis, and text generation

• Speech Recognition: audio to text translation for use in virtual assistants.

• Time Series Prediction:stock price prediction, weather forecasting, and sensor data analysis.

18

I.10 YOLO

YOLO is a deep learning-based algorithm , when it was proposed as a One-Stage Object Detection Network.
Upon testing, it demonstrated outstanding performance by being able to process 45 frames per second, with
ease of performing real-time detection. Due to its high speed and unique usage approach, it was given the
name YOLO (You Only Look Once).The YOLO algorithm divides the input image into a grid of cells, where
each cell predicts the probability of an object’s presence, the bounding box coordinates, and the class of the
object. YOLO stands out from two-stage object detectors (such as R-CNN) by processing the entire image in
a single pass, making it faster and more efficient, particularly for real-time applications.Following its success,
a series of improved YOLO versions have been released, as illustrated in Figure 1, with each version building
upon its predecessor by introducing enhancements in speed, accuracy, and the detection of small objects.19
The figure I.8 demonstrates Timeline of YOLO models starting from 2015 to 2024 Architecture.

Figure I.8: Timeline of YOLO models starting from 2015 to 2023 Architecture[8]

I.10.1 Evolution of YOLO models

Table I.3 illustrates the progression of YOLO models from their inception to the most recent versions. Each
iteration has brought significant improvements in object detection capabilities, computational efficiency, and
versatility in handling various CV tasks 20.
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table I.3:omparison of YOLO Version

YOLO Version Year Tasks Contributions Framework
YOLOv1 2015 Object Detection, Basic

Classification
Single-stage object detector Darknet

YOLOv2 2016 Object Detection, Im-
proved Classification

Multi-scale training, dimen-
sion clustering

Darknet

YOLOv3 2018 Object Detection, Multi-
scale Detection

Supports detection at 3
scales, Darknet-53 backbone

Darknet

YOLOv4 2020 Object Detection, Object
Tracking

Mish activation, CSPDark-
net53 backbone

Darknet

YOLOv5 2020 Object Detection, In-
stance Segmentation

Backbone selection, SIOU
loss, activation, PAN

PyTorch

YOLOv6 2022 Object Detection, In-
stance Segmentation

Self-attention, anchor-free
OD

PyTorch

YOLOv7 2022 Object Detection, Object
Tracking, Instance Seg-
mentation

Transformers, E-ELAN PyTorch

YOLOv8 2023 Object Detection, In-
stance Segmentation,
Panoptic Segmentation

Pseudo-labeling, anchor-free
detection

PyTorch

YOLOv9 2024 Object Detection, In-
stance Segmentation

Padded GEAR PyTorch

YOLOv10 2024 Object Detection Consistent dual assignments
for NMS-free training

PyTorch

YOLOv11 2024 Object Detection ,In-
stance Segmentation,
Image Classification ,
Pose Estimation,Oriented
Bounding Boxes

Unified architecture for
multi-task learning, enhanced
efficiency, and extended out-
put support

PyTorch

We present in the figure I.9 a comparison of YOLO Versions and Their variants.

Figure I.9: Comparison of YOLO Models and Other Object Detection Models in Terms of Accuracy and
Speed [9]

In this work, we relied on the most recent version in the YOLO object detection serie:

I.10.2 yolov11

The YOLO algorithm has reached a new level with the release of YOLOv11, marking a major leap forward
in real-time object detection. This version builds on the successes of earlier models while introducing new
features that enhance its usefulness across a wide range of computer vision (CV) applications YOLOv11
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stands out due to its increased flexibility and ability to handle more complex CV tasks beyond basic object
detection. This includes capabilities like posture estimation and instance segmentation, making the model
more adaptable for different use cases. It is specifically designed to strike a balance between high performance
and practical deployment, offering improved precision and efficiency.This new release reflects the continuous
progress in object detection technology. With its enhanced capabilities and broader applicability,YOLOv11
pushes the limits of what’s achievable in CV, and positions itself as a key innovation for future applications
across various sectors. 20

I.11 Computer vision tasks supported by YOLO11

I.11.1 Object Detection

Identifying the locations of objects within images or video frames by drawing bounding boxes around them.

I.11.2 Instance Segmentation

Separating each object in an image precisely at the pixel level.

I.11.3 Image Classification

Assigning an entire image to a predefined category.

I.11.4 Pose Estimation

Detecting key points on the body to analyze motion or posture.

I.11.5 Oriented Object Detection

Locating objects while accounting for their rotation angle to achieve more precise positioning.

I.11.6 Object Tracking

Continuously monitoring object movement across video frames

I.12 Architecture of YOLOv11

The YOLO (You Only Look Once) framework brought a major shift to the field of object detection by
introducing a unified neural network that performs object localization and classification simultaneously.
Unlike traditional two-stage detectors, YOLO’s singlestage approach allows for fully end-to-end training,
thanks to its fully differentiable architecture. The YOLO model is composed of three main components:
Backbone – This is the core feature extractor, which uses convolutional neural networks (CNNs) to process
raw input images and generate multi-scale feature representations. Neck – This module acts as a bridge
between the backbone and head, combining and refining features from different levels using structures such
as Feature Pyramid Networks (FPN) or Path Aggregation Networks (PAN).Head – The head is responsible
for the final predictions, generating bounding boxes and class scores from the processed features. Building
upon this standard design, YOLO11 advances the capabilities of YOLOv8 through several architectural
improvements and optimized parameters. These enhancements contribute to higher detection accuracy and
better overall performance, as illustrated in Figure. The following sections provide a detailed explanation
of the key changes and innovations introduced in YOLO11. 19 We expose in the figure I.1 the Yolov11
architecture.
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Figure I.10: Architecture yolov11[10]

I.12.1 Backbone

The backbone in YOLO is responsible for extracting features from the input image using convolutional
layers and specialized blocks. It produces multi-scale feature maps that help detect objects of different
sizes. Common backbones include Darknet-53 (YOLOv3) and CSPDarknet53 (YOLOv4/YOLOv5). These
features are then passed to the neck and head for object detection.

I.12.1 Convolutional Layers (Simplified)

YOLOv11 follows a similar structure to earlier versions, starting with convolutional layers that reduce the
image size while increasing feature depth. A major update is the new C3k2 block, which replaces the older
C2f block. The C3k2 block is a more efficient version of the CSP Bottleneck, using two small convolutions
instead of one large one, as in YOLOv8. The smaller kernel size (”k2”) helps speed up processing without
sacrificing performance.

I.12.1.2 SPPF and C2PSA

YOLO11 keeps the Spatial Pyramid Pooling – Fast (SPPF) block to capture multi-scale features efficiently.
It also introduces a new Cross Stage Partial with Spatial Attention (C2PSA) block, which improves the
model’s focus on important areas in an image. By using spatial attention, the C2PSA block helps YOLO11
better detect objects of different sizes and locations, leading to more accurate results.

I.12.2 Neck

The neck plays a key role in fusing multi-scale features and delivering them to the head for object detection.
It typically involves upsampling and merging feature maps from different stages of the network, allowing the
model to better recognize objects of various sizes

I.12.2.1 C3k2 Block

YOLO11 replaces the C2f block in the neck with the faster and more efficient C3k2 block. This upgrade
improves feature processing speed and overall model performance after up sampling and merging.

I.12.2.2 Attention Mechanism

YOLO11 improves detection by adding the C2PSAmodule, which uses spatial attention to focus on important
image regions. This helps detect small or hidden objects better and sets YOLO11 apart from YOLOv8.
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I.12.3 Head

The head of YOLOv11 is responsible for generating the final predictions in terms of object detection and
classification. It processes the feature maps passed from the neck, ultimately outputting bounding boxes
and class labels for objects within the image.

I.12.3.1 C3k2 Block

In the head section, YOLOv11 utilizes multiple C3k2 blocks to efficiently process and refine the feature maps.
The C3k2 blocks are placed in several pathways within the head, functioning to process multi-scale features
at different depths. The C3k2 block exhibits flexibility depending on the value of the c3k parameter: When
c3k = False, the C3k2 module behaves similarly to the C2f block, utilizing a standard bottleneck structure.
When c3k = True, the bottleneck structure is replaced by the C3 module, which allows for deeper and
more complex feature extraction. Key characteristics of the C3k2 block: -Faster processing: The use of two
smaller convolutions reduces the computational overhead compared to a single large convolution, leading to
quicker feature extraction.
- Parameter efficiency: C3k2 is a more compact version of the CSP bottleneck, making the architecture more
efficient in terms of the number of trainable parameters.
Another notable addition is the C3k block, which offers enhanced flexibility by allowing customizable kernel
sizes. The adaptability of C3k is particularly useful for extracting more detailed features from images,
contributing to improved detection accuracy.

I.12.3.2 CBS Blocks

The head of YOLOv11 includes several CBS (Convolution-Batch NormSilu) [19] layers after the C3k2 blocks.

-Extracting relevant features for accurate object detection.

-Stabilizing and normalizing the data flow through batch normalization.

- Utilizing the Sigmoid Linear Unit (SiLU) activation function for non

- linearity, which improves model performance.

-CBS blocks serve as foundational components in both feature extraction and the detection process,
ensuring that the refined feature maps are passed to the subsequent layers for bounding box and classification
predictions.18

I.12.4 Final Convolutional Layers and Detect Layer

Each detection branch ends with a set of Conv2D layers, which reduce the features to the required number
of outputs for bounding box coordinates and class predictions. The final Detect layer consolidates these
predictions, which include:

-Bounding box coordinates for localizing objects in the image.

-Objectness scores that indicate the presence of objects.

Class scores for determining the class of the detected object

I.13 Conclusion

In this chapter, we have presented the general principles of artificial intelligence, and more specifically, the
fields of computer vision and image processing.We talked about how machine learning and deep learning
have been applied in image analysis and what they can accomplish. Additionally, we have discussed deep
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neural networks categories, with particular emphasis on Convolutional Neural Networks (CNNs) and their
application in object detection model building such as YOLO. At the end of the chapter, we focused on
several YOLO models and versions, with specific focus on YOLOv11 and explaining how it functions.
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Chapter II: Aircraft engine damage
diagnosis based on AI paradigms
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II.1 Introduction

Aircraft engine inspections begin with an internal- borescope -examination to detect faults in non-visible
internal components. The technician inserts the device through engine openings to inspect rotating parts
like blades, searching for any damage. When a defect is found, it is measured and assessed for acceptability.
This process faces challenges such as: - Limited visibility
- Inadequate lighting
- Low image quality
- Time pressures
- Potential human error
Since results depend on human expertise, the need for automated detection systems has grown to prevent
error-related accidents.
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II.2 Aircraft Engines: Types and Components

II.2.1 Aircraft Engines Types

The engine is one of the main components of an aircraft, providing the necessary thrust (by pulling in air
and pushing it backward forcefully to propel the aircraft forward). There are two types of engines

II.2.1.1 Piston Engine (Reciprocating Engine):

An internal combustion engine (similar to those in cars) that drives a propeller at the front of the aircraft
or multiple propellers on the wings. The propeller works like a household fan, but instead of pushing air
forward, it pulls air in and pushes it backward with force to move the aircraft forward28. We depict on the
figure II.1 a piston engine.

Figure II.1: Piston Engine (Reciprocating Engine)[11]

II.2.1.2 Turbine Engine

This comes in two forms:

1. Some use rotational energy to drive the aircraft’s propellers, similar to piston engines.

2. Others utilize the force of hot air being ejected backward to propel the aircraft (in this case, no
propellers are needed).

We present in the figure II.2 a turbine engine.
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Figure II.2: Turbine engine [12]

II.2.2 Aircraft Engines Components

• Conventional Engine Components

1. Fan (the plase to air inter).

2. Compressor.

3. Combustor (Combustion Chamber).

4. Turbine

5. Exhaust Nozzle

As shown in the following figure: II.3

Figure II.3:Aircraft Jet Engine: Main Sections and Components[13]

II.3 Causes of Aircraft Engine Failures

II.3.1 Structural Failures

• Broken engine components (connecting rod, valves, camshaft)

• Engine part wear and tear

II.3.2 Mechanical Failures

• Engine mount issues
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• Bolt and nut failures

• Fuel pump malfunctions

• Accessory component problems

II.3.3 Fuel-Related Issues

• Fuel exhaustion due to

• Insufficient refueling

• Fuel leaks

• Fuel contamination with

• Water

• Dirt/debris

• Fuel delivery failure caused by

• Incorrect tank selection

• Clogged fuel lines

• Faulty fuel pump

II.3.4 Other Causes

• Neglected maintenance

• Failure to replace worn/damaged parts

• Clogged air filter

• Engine icing

Tip: Thorough pre-flight checks and regular maintenance significantly reduce the risk of sudden failures.21

II.4 Non-Destructive Inspection ( Non-Destructive Inspection/Non-
Destructive Testing.) for Aircraft: Purpose, Requirements, and
Techniques

35

II.4.1 Purpose

Non-destructive inspection (NDI/NDT) is performed on aircraft to assess the airworthiness of components
without causing damage. Techniques range from simple (visual inspection) to advanced (X-rays, eddy
current), requiring highly trained and certified technicians.

II.4.2 Inspection Requirements

- The manufacturer or aviation authorities (such as the FAA) specify the appropriate inspection method, as
outlined in maintenance manuals.
- Inspectors must be qualified and aware of potential defects and their impact on structural safety.
- Inspection equipment must be regularly calibrated, with proper cleaning and preparation (e.g., paint or
part removal) before testing
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II.4.3 Inspection Types

II.4.3.1 Visual Inspection

- Uses bright light and magnifying lenses to detect surface cracks.
- Light is directed at a 5-45° angle to enhance defect visibility.

II.4.3.2 Industrial Endoscopes (Borescope) Inspection

Industrial endoscopes are used to inspect tight and hard-to-reach areas inside aircraft engines where tradi-
tional methods like visual inspection or X-rays fail. These endoscopes feature high-resolution cameras and
powerful LED lighting, providing clear images without the need to disassemble the engine, saving both time
and costs. The figure II.4 depicts a Borescope.

Figure II.4: Borescope[14]
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The figure II.5 presents an aircraft Engine Inspection by Maintenance Technician Using a Borescope[

Figure II.5: Aircraft Engine Inspection by Maintenance Technician Using a Borescope[15]
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II.4.3.2.1 Advantages of Industrial Endoscopes
- Efficiency: Enable fast and precise engine inspections, reducing aircraft downtime.
- Safety:Help detect early faults such as cracks or corrosion before they become serious issues.
- Documentation: Allow recording of images and videos to share with technicians and experts.
- Versatility: Can be used to inspect various components like turbines, fuel systems, and gears.

II.4.3.2.2 Future Developments
With technological advancements, endoscopes will integrate AI for automated data analysis and become
even more accurate and durable. They will also become a key part of smart maintenance systems, enhancing
the efficiency and safety of the aviation industry. In short, industrial endoscopes are a vital tool for engine
inspections, ensuring efficiency, safety, and cost savings.

II.4.3.3 Other Methods:

Ultrasonic testing and magnetic particle inspection detect hidden flaws.

II.4.4 Importance of Routine Maintenance

• Regular inspections reduce unexpected failures and extend aircraft lifespan.

• Inspection intervals are based on flight hours or calendar time, following manufacturer guidelines.

II.5 Automatic Detection of Aircraft Engine Damage Using Ma-
chine Learning and Deep Learning

[ref] Damage detection in aircraft engines is one of the important applications of computer vision in quality
assurance. Deep learning techniques can be used to automatically detect defects and damage in engines.

II.5.1 Technologies Used

II.5.1.1 Data Collection

• Using high-resolution images of aircraft engines

• Images of various types of damage (scratches, cracks, corrosion, etc.)

• Balanced dataset between intact and defective images for model training

II.5.1.2 Image Preprocessing

• Enhancing contrast and lighting

• Normalizing image sizes

• Reducing noise in images

• Data augmentation to improve model performance

II.5.1.3 Deep Learning Models Used

• YOLO (You Only Look Once): Real-time object detection model

• U-Net: For precise detection of damage areas

• ResNet and EfficientNet: For classifying images as intact/defective
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II.5.1.4 Model Training

• Using transfer learning with pre-trained models

• Hyperparameter tuning to optimize performance

• Model evaluation using metrics like accuracy, recall, and F1-score

II.5.2 Practical Application

II.5.2.1 Process Steps

• Image Capture: Using high-resolution cameras or fiber-optic scopes

• Initial Detection: Identifying regions of interest in the engine

• Damage Analysis: Classifying the type and severity of damage

• Results Reporting: Generating automatic reports with damage area identification

II.5.2.2 Challenges and Solutions

• Varying Lighting Conditions: Using image processing to enhance conditions

• Small Damages: Using high-resolution models with increased regions of interest

• Complex Backgrounds: Using background subtraction techniques

II.5.2.3 System Benefits

• Higher inspection accuracy compared to human inspection

• Significant reduction in inspection time

• Early detection of damages before they worsen

• Cost reduction by preventing major failures
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II.6 Conclusion

Deep learning models have demonstrated high effectiveness in detecting aircraft engine faults with great
accuracy. However, they face a major limitation: their inability to recognize new types of faults they weren’t
previously trained on.
The core challenge lies in obtaining sufficient data on all potential fault types. The proposed solution involves
developing adaptive systems that can learn during operation, immediately collecting and analyzing data on
newly encountered faults.
In the following section, we will examine a novel model specifically designed to detect unexpected aircraft
engine faults using advanced artificial intelligence techniques.
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Chapter III: Assessment of the Proposed AI-Driven Method for
Automated Aircraft Engine Inspection
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III.1 Introduction

In this chapter, we study the performance of the YOLOv11 model in detecting and classifying damages
in aircraft engines. We begin by explaining the development environment and the tools used for training
and evaluating the model. Then, we present the evaluation results of the proposed approach based on the
experiments conducted. We also assess the model’s effectiveness and accuracy in identifying various types
of engine damage. The data used for training and evaluation was sourced from the work ref 1. We aim to
compare the results of yolov11s.pt with YOLOv8s-seg.
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III.2 Development Environment and Tools Used

III.2.1 Hardware Used

We present in the table III.1 the specifications of the hardware used

table III.1:Specifications of the Hardware Used

PC Name Processor Operating System Memory (RAM) Graphics Card
DESKTOP-OHSL78J Intel(R) Core(TM) i5-6300U CPU @ 2.40GHz 2.50GHz Windows 10 Pro 8.0 GB Intel(R) HD Graphics 520

III.2.2 software used

III.2.2.1 Google Colab

Google Colab is a cloud service that provides a Jupyter Notebook environment that allows
users to easily write and run Python code. Colab allows users to improve their Python
programming skills and supports the development of deep learning applications using popular
libraries such as TensorFlow, Keras, PyTorch, and OpenCV. Additionally, Google Colab
offers free access to graphics processing units (GPUs) for a limited time, making it easier to
perform computationally intensive operations such as training AI models. 22. Figure III.1
depicts an overview of Google Colab.

Figure III.1:Google Colab

III.2.2.2 Why Use Google Colab

Designed specifically for machine learning and data analysis, Colab provides users with
complimentary access to high-performance hardware such as GPUs and TPUs, which are
essential for efficiently training complex models. In deep learning and artificial intelligence,
training a model requires feeding it large amounts of test data. The more data the model
processes, the more accurate it becomes. However, handling such vast datasets demands
significant computational power. This is where Google’s cloud infrastructure plays a crucial
role. By leveraging Google’s powerful GPUs and TPUs, users can train their models directly
on Google’s servers, significantly enhancing efficiency and performance. 22
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III.2.2.3 The Necessity of Working with a GPU

Graphics Processing Units (GPUs) are a critical component in machine learning and deep
learning due to their high ability to perform complex computations quickly through parallel
processing. This makes them far more efficient than Central Processing Units (CPUs), which
may take much longer to perform similar tasks. While the cost of GPUs and cloud computing
platforms like AWS and GCP can be high, free tools such as Google Colab offer an excellent
alternative, providing users with access to an Nvidia Tesla K80 GPU for free, allowing them
to train models efficiently without a significant investment in hardware.22

III.2.2.4 The Python Language

Python is a high-level, versatile programming language known for its readability and sim-
plicity. It supports multiple programming paradigms, including procedural, object-oriented,
and functional programming, making it suitable for both beginners and experienced de-
velopers. Developed by Guido van Rossum in 1991, Python was named after the British
comedy group Monty Python. It has become the most widely used language for teaching
programming, as it abstracts much of the complexity, allowing beginners to focus on core
programming concepts. Python is widely used in server-side web development, software de-
velopment, mathematical computing, system scripting, and rapid application development
(RAD). Additionally, it serves as a scripting language for integrating software components.
Being an open-source language, Python supports modules and packages, enabling modular
programming and easy code reuse. Its simple syntax and strong community support con-
tribute to its widespread adoption, with developers continuously expanding its functionality
through new libraries and tools 23
The figure III.2 illustrates the concept in the form of Python code

Figure III.2:PYTHON[16]

III.2.2.3 Libraries Used

1-Pytorch : PyTorch is a powerful Python library designed to simplify the development
of deep learning projects. Python is favored for its readability and clarity, making PyTorch
a natural fit for machine learning practitioners. What sets PyTorch apart is its focus on
flexibility, allowing developers to define deep learning models using native, idiomatic Python
code.To put it simply, imagine NumPy with the added advantage of GPU acceleration.
Even more impressively, PyTorch supports dynamic computation graphs, enabling real-time
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changes in the behavior of a network during execution, a feature that distinguishes it from
frameworks like TensorFlow, which rely on static computation graphs 25.
2-Ultralytics Ultralytics is an open-source library specialized in object detection, built upon
the YOLO (You Only Look Once) models, and is considered one of the leading tools in the
field of computer vision. The library offers a comprehensive set of functionalities, including
model training, inference, and performance evaluation. It also supports exporting models to
various formats such as ONNX and TorchScript, making it easy to deploy across different
platforms—from cloud servers to edge devices. Ultralytics is known for its ease of use and
efficient performance, and it supports multiple tasks such as image classification, object
tracking, instance segmentation, and pose estimation. Additionally, it provides various user
interfaces, including a Command Line Interface (CLI) and a Python API, along with an
active community and thorough documentation to help developers quickly and efficiently
build powerful AI vision solutions. 26

III.2.3 Performance Evaluation Metrics Used

In YOLOv11, several metrics are used to evaluate the model’s performance in object detec-
tion and image segmentation tasks. Among the most prominent metrics are Precision, which
measures the proportion of correctly detected objects compared to all objects predicted as
positive, and Recall, which reflects the model’s ability to detect all actual objects present in
the image. Additionally, mean Average Precision (mAP) is the primary evaluation metric in
YOLOv11, measured through mAP@0.5, which represents the accuracy at a 50% Intersec-
tion over Union (IoU) threshold, and mAP@0.5:0.95, which averages the performance across
multiple IoU thresholds from 0.5 to 0.95. Furthermore, Intersection over Union (IoU) is used
to measure the overlap between the predicted bounding box and the ground truth box, re-
flecting the model’s accuracy in detecting object locations.Frames Per Second (FPS) is also
measured to assess the model’s speed in real-time applications like video surveillance and
autonomous driving. Moreover, classification loss and regression loss are calculated to mea-
sure errors in object classification and location prediction, helping to improve the model’s
accuracy REF
1-Precision

Precision =
TP

TP + FP
(1)

• TP = True Positives

• FP = False Positives

2-Recall

Recall =
TP

TP + FN
(2)

• FN = False Negatives

3-Intersection over Union (IoU)

IoU (A,B) =
|A

⋂
B|

|A
⋃
B|

(3)

4-Average Precision (AP) To compute the Average Precision (AP) for a single class,
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predictions are sorted by their confidence scores, and the area under the precision-recall
curve is calculated using the following equation

AP =
∑
n

(Recalln−Recall(n− 1).P recisionn (4)

Since our model is designed to detect seven object classes, we compute the mean Average
Precision (mAP) as the average of the AP values across all classes. We further employ two
common versions of mAP for a more comprehensive evaluation:
°mAP@50: the AP calculated at a fixed IoU threshold of 0.5.
° mAP@50:95: the mean of AP values computed over multiple IoU thresholds ranging from
0.5 to 0.95 with a step size of 0.05, as follows

mAP =
APIoU = 0.5 + APIoU = 0.55 + ...+ APIoU = 0.95

k
(5)

Where k is the total number of IoU thresholds considered (typically 10). These metrics were
used to evaluate the model’s ability to accurately detect and segment objects at different
levels of spatial overlap. Among them, mAP was the principal metric used for multi-class
object detection performance analysis. In addition to bounding boxes, we also evaluated
instance segmentation results, using the same metrics (mAP, precision, and recall) to assess
both bounding boxes and segmentation masks.

III.2.4 Experiments

We have identified seven types of damage that are found in aircraft engines, which are:
1-Broken
Broken or damaged mechanical parts As shown in the figure III.3

Figure III.3:Broken

2-Burned
Deterioration or damage caused by high heat may occur, which may affect engine components
such as metal surfaces or other parts that have been exposed to extreme heat. parts As shown
in the figure III.4
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Figure III.4:Burned

3-Corrosion
Corrosion refers to the interaction of materials with the surrounding environment (such as
moisture or chemicals) that results in the deterioration of metal parts or other components
in the engine.parts As shown in the figure III.5

Figure III.5:Corrosion

4-Tip curl
This phenomenon occurs when the tips of the fan blades are bent or deformed.parts As
shown in the figure III.6

Figure III.6:Tip curl

5-Crackk
Small cracks in metal components. parts As shown in the figure III.7
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Figure III.7:CRACKK

6-Nick
It means a small scratch or crack in the surface of a metal component. parts As shown in
the figure III.8

Figure III.8:Nick

7-Overhated
Components exposed to excessive temperatures deform or degrade. parts As shown in the
figure III.9

Figure III.9:Overhated

III.3 Evaluation of the Performance of the Proposed Automated
Aircraft Engine Damage Detection System

To train our detection model, we used a dataset containing approximately 3,984 images
for training, 357 images for validation, and 47 images for testing. This dataset
includes a wide variety of damage types. The images were obtained from the Algerian
airline, while the videos were sourced from a borescope, helping to ensure that our model
can effectively detect the different types of damages that may occur in aircraft engines. We
selected the yolov11s.pt model due to its balance between accuracy and computational
efficiency, making it highly suitable for real-time damage detection tasks in aircraft engines,
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especially in environments with limited processing resources. Table III.2 exposes the
hyperparameters applied during the initial experiments.

Modele Image dimensions Batch Epoch Number of classes
yolov11s.pt 640 × 640 16 50 7

Table 5: Table III.2: Hyperparameters applied during the initial experiments

III.3.1 Model training results

The bar graphin the figure III.10, illustrates the detection result of a YOLO model on seven
industrial defect categories. The vertical axis denotes the number of detected instances, while
the horizontal axis includes the classes of defects. The most frequent defect that is detected
is ”Tip curl,” having approximately 1,450 instances, followed by ”Burned” and ”Nick” with
over 1,000 detections for each. This demonstrates that the model can successfully detect
these types of defects. In comparison, the ”Corrosion” category includes fewer than 120
detections, indicating the model struggles to detect this flaw perhaps due to insufficient
training examples or its visual appearance being too fine-grained. This imbalance between
classes replicates a more universal issue referred to as ”class imbalance,” which can end up
reducing the accuracy of a model. To solve this, it is advisable to improve model performance
with data augmentation for minority classes, using loss functions such as Focal Loss, or class
weighting during training time.

Figure III.10:Distribution of instances according to the seven classes
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Figure III.11 depicts Performance Evaluation Curves : Precision, Recall, Confidence, and
F1 Score for Multi-Class Classification.

Figure III.11:Performance Curves for Different Classes
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Figure III.12 presents the Normalized Confusion Matrix to evaluate the performance
of the proposed prediction approach.

Figure III.12:The confusion matrix

We can analyse the Confusion Matrix as follows:
1-Broken: were correctly classified with 98% accuracy, while 2% were misclassified as back-
ground.
2-Burned.:were correctly classified with 97% accuracy, while 3% were misclassified as back-
ground
3-Corrosion:The model recognized them excellently, achieving 100% correct classification
4-Crackk:were correctly classified with 95% accuracy, while 5% were misclassified as back-
ground.
5-Nick: were correctly classified with 96% accuracy, while 4% were misclassified as back-
ground.
6-Overhated:The model recognized them excellently, achieving 100% correct classification
7-Tip curl : The model recognized them excellently, achieving 100% correct classification
The figure III.13 presents the training results of the yolov11s.pt model, including the per-
formance progression across epochs using metrics such as mAP50, Precision, and Loss.
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Figure III.13:Table of Training Results for the Deep Learning Model

At the end of the training process, specifically at epoch 50, the model demonstrated its
best performance across various metrics. The precision reached a peak value of 93.34%,
while the recall achieved 93.01%, indicating the model’s strong ability to distinguish be-
tween classes and accurately detect different types of damage. The mAP@0.5 reached
97.42%, the highest among all epochs, reflecting a high level of accuracy in object localiza-
tion using bounding boxes. Additionally, the mAP@0.5:0.95 achieved a value of 72.35%,
which is a more comprehensive metric that captures performance across varying IoU thresh-
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olds, confirming a well-balanced trade-off between precision and recall. These results suggest
that the model reached a stable and optimally tuned state by the end of the training phase,
with no signs of overfitting, making it well-suited for practical deployment in aircraft engine
damage detection tasks.
Figures III.14 and III.15 , III.16 represent the performance curves corresponding to the
results presented in the table

Figure III.14:Loss curves of the training phase.

Figure III.15:Loss curves of the validation phase.
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Figure III.16:Progression of performance evaluation metrics throughout the training.

III.3.1.2 Model performance results on validation images

The quantitative results of damage detection using the proposed approach are presented in
figure III.17.
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Figure III.17:Obtained results of damages detection by the proposed approach: Yol11 model

III.3.1.3 Performance evaluation of the proposed approach on test data to confirm its gener-
alizability

We tested the model on a borescopic video to assess its effectiveness in detecting aircraft
engine damage. We present the results in the following table:
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Class Time Detection Results

No damage was detected. 0:00

broken 0:01 TO 0:07

Nick 0:08

Tip curl 0:08

Tip curl 0:09

Table III.3:Temporal Detection of Aero Engine Damage in Borescopic Video Sequences Using YOLOv11
(part1)
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Class Time Detection Results

nick 0:10

Tip curl 0:11 TO 0:15

No damage was detected. 0:11

Tip curl and Broken and Nick 0:17

Nick 0:18

Nick And Tip curl 0:19

Table III.3:Temporal Detection of Aero Engine Damage in Borescopic Video Sequences Using YOLOv11
(part2)
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Class Time Detection Results

NICK. 0:20

Tip cur 0:21

Nick And Tip curl 0:22 TO 0:24

No damage was detected 0:25 TO 0:26

NICK 0:27

No damage was detected 0:28 TO 0:30

Table III.3:Temporal Detection of Aero Engine Damage in Borescopic Video Sequences Using YOLOv11
(part3)
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Class Time Detection Results

crackk 0:31 TO 0:41

Overrated And Nick And crackk 0:42 TO 0:47

Nick 0:52 TO 1:09

Table III.3:Temporal Detection of Aero Engine Damage in Borescopic Video Sequences Using YOLOv11
(part4)

III.3.1.4 Examples of aircraft engine damage detection results by the model on test images.

Through testing the model training on the video, we found that it was able to recognize
many different types of damage. We tested the approach on several images.

Figure III.18:Obtained results of damages detection by the proposed approach: Yol11 model on testing
images

59



III.4 Presentation of a Single Interface from Our Approach

In this project, we designed an interface using the Streamlit library to display the results of
a pre-trained YOLO model on images uploaded by the user. The application detects objects
within the image and presents the output visually. To make the application accessible online,
we used the Ngrok service, which creates a secure tunnel between the local application and
the user’s device, allowing the interface to be accessed through a public link without the
need for external hosting. This approach is effective for testing and easily sharing models in
local development environments. As demonstrated in the figure III.19

Figure III.19:Main Interface of the Application

The figure III.20 below shows the image upload feature from the device

Figure III.20:Selecting an inspection image from the dataset folder to use in the defect detection application
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The figure shows the image being displayed before the model testing process

Figure III.21:The image on which the model was tested

The figure shows the image being displayed after the model testing process

Figure III.22:The image after the damage was detected
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III.5 Conclusion

Throughout this chapter, the performance of the new aircraft engine damage detection model
using YOLOv11 was comprehensively assessed using an extensive experiment set on a bal-
anced damage dataset for seven types of damage. The results indicated that the model has
high performance with an mAP@0.5 of approximately 97.42%, high precision, and recall,
indicating that the model is perfectly capable for classification as well as precise localization.
Furthermore, experiments conducted on video streams and images confirmed the stability of
the model in real-world applications, highlighting its application in computer vision-based
intelligent inspection systems. The findings validate the feasibility and effectiveness of the
proposed method as a viable solution to automating aircraft engine inspection operations.
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GENERAL CONCLUSION

Borescope inspection is a useful non-destructive visual examination used to assess the
internal components of equipment without disassembling or destroying it, especially in hard-
to-reach areas. The majority of equipment can be assisted by this inspection, such as aircraft
engines, turbines, and other rotating machinery. There are specialized firms such as Applied
Technical Services that offer borescope inspection services for various applications, such as
aircraft engines. Disassembling an airplane engine is a tough and expensive operation, and
hence borescope inspection emerges as a viable and safe technique for ascertaining the con-
dition of internal parts. It allows crack detection, corrosion, malfunctioning, leaks, and
other visible faults without halting operations or jeopardizing equipment. Inspectors apply
advanced equipment such as borescope cameras and Snake Eye cameras to document the
condition with images and video footage, presenting technical reports to customers. In the
event that an alleged flaw is identified, additional Non-Destructive Inspection (NDI) can be
done to accurately define the size of the defect. Such procedures secure flight safety via
defect identification in the early stages prior to them causing additional complications or
failure calamities.26
Video borescope is a useful non-destructive testing tool used in the examination of aircraft
engines and other equipment. It is capable of capturing images and videos to document
the inspection and is equipped with advanced lighting to show impurities and defects. It is
mainly used for the detection of cracks, corrosion, and debris in areas that are inaccessible.
Inspectors face the difficulty of needing to discover minute cracks and debris accumulation,
but the borescope helps by quickly and accurately diagnosing such issues, which contributes
to the aircraft’s safety.27
Although the borescope is a key technology for detecting aircraft engine damage, it is not
entirely safe, as some damages may be missed during visual inspection or due to unclear
images. With advancements in artificial intelligence, machine learning, and deep learning,
we have experimented with computer vision models to detect damages in aircraft engines.
This approach enhances the ability to detect early damages that may be invisible using tradi-
tional techniques.We combined deep learning techniques with traditional methods to detect
various types of damage, and as a result, we obtained a large dataset consisting of images
captured from the airline company Air Algérie We used the YOLOv11 model on seven
damage categories, which helped improve the accuracy and efficiency of detecting damages
in aircraft engines.
Difficulty in Detecting Small Defects: Due to loss of detail in the image caused by
processing within CNNs, detection of minute defects—such as tiny scratches or cracks—is
not possible. Variability in Images Captured Using Different Cameras Borescope
images are nonhomogeneous in quality, illumination, and orientations induced due to use of
different cameras and inspection situations, hence limiting the overall generalizability of the
model while also affecting detection performance negatively.
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