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Abstract 
 

 Identifying defective semiconductor wafers is a crucial and complicated aspect 

of the manufacturing process. Developed systems confront difficulties in 

capturing intricate defect patterns and the long-range relationship of defects. In 

addressing these issues, this research proposes a hybrid system that comprises a 

modified Mobilenet structure and the error-correcting output code (ECOC) 

technique-based support vector machine (SVM) classifier. In the proposed 

method, for feature extraction purposes, modified MobileNet architecture is 

designed 1) by using the Swish function instead of the ReLU function in the 

depth-wise separable convolution block of MobileNet structure for detecting 

complex defective patterns and 2) by incorporating the multi-head attention 

mechanism in MobileNet architecture for capturing long-range dependencies 

on defective wafers. The ECOC-SVM approach is used to classify wafer defects. 

Also, the histogram equalization technique is employed to improve the 

visibility of small defects. The real-world semiconductor wafer dataset WM-

811K is used in this study. The proposed system with histogram equalization 

achieved a superior testing accuracy of 98.55% and better average values of 

AUC (99.74%), recall (93.34%), precision (95.64%) and F1-score (94.42%). On the 

other hand, the original version of the MobileNet model achieved testing 

accuracy of 95.31%. The proposed model correctly identified complex patterns 

in scratch, edge-ring, and donut types of defect wafers compared with other 

models by using the swish function in the model. The comparative analyses of 

the proposed system with other developed systems and state-of-the-art systems 

are given in this research. 

 

 

 



 

vii

বিমূর্ত 

ত্রুটিপূর্ ণ সেমিকন্ডাক্টর ওয়েফার েনাক্তকরর্ উৎপাদন প্রক্রি়োর একটি গুরুত্বপূর্ ণ এবং 

জটিল মদক। উন্নত মেযেিগুমল জটিল ত্রুটির ধরর্ এবং ত্রুটিগুমলর দীর্ ণ-পমরেযরর 

েম্পকণ কযাপচার করযত অেুমবধার েম্মুখীন হ়ে।এই েিেযাগুমল েিাধান করার জনয, 

এই গযবষর্া়ে একটি হাইমিড মেযেযির প্রস্তাব কযর যার িযধয একটি পমরবমতণত 

সিাবাইলযনি কাঠাযিা এবং ত্রুটি-েংয াধনকারী আউিপুি সকাড (ECOC) সকৌ ল-

মিমিক েহা়েতা সিক্টর সিম ন (SVM) সেমর্বদ্ধকারী রয়েযে। প্রস্তামবত পদ্ধমতযত, 

ববম ষ্ট্য মনষ্কা যনর উযেয য,পমরবমতণত সিাবাইলযনি আমকণযিকচার মডজাইন করা 

হয়েযে ১) জটিল ত্রুটিপূর্ ণপযািান ণ েনাক্ত করার জনয সিাবাইলযনি কাঠাযিার গিীরতা-

মিমিক মবিাজক কনযিামলউ ন ব্লযক ReLU ফাং যনর পমরবযতণ Swish ফাং ন 

বযবহার কযর এবং২)ত্রুটিপূর্ ণ ওয়েফাযরর উপর দীর্ ণ-পমরেযরর মনিণরতা কযাপচার 

করার জনয সিাবাইলযনি আমকণযিকচাযর িামি-সহড িযনাযযাগ প্রক্রি়ো অন্তিভ ণক্ত 

কযর।ওয়েফার ত্রুটিগুমলযক সের্ীবদ্ধ করার জনয ECOC-SVM পদ্ধমত বযবহার করা 

হ়ে। এোডাও, সোি ত্রুটিগুমলর দৃ যিানতা উন্নত করার জনয মহযোগ্রাি েিীকরর্ 

সকৌ ল বযবহার করা হ়ে।এই গযবষর্া়ে বাস্তব-মবযের সেমিকন্ডাক্টর ওয়েফার সডিাযেি 

WM-811K বযবহার করা হয়েযে। মহযোগ্রাি ইকু়োলাইযজ ন েহ প্রস্তামবত মেযেিটি 
৯৮.৫৫% এর উচ্চতর পরীক্ষার মনিভ ণলতা এবং AUC (৯৯.৭৪%), recall (৯৩.৩৪%), 

precision (৯৫.৬৪%) এবং F1-score (৯৪.৪২%) এর উন্নত গড িান অজণন কযরযে। 

অনযমদযক, সিাবাইলযনি িযডযলর িূল েংস্করর্টি ৯৫.৩১% পরীক্ষার মনিভ ণলতা অজণন 

কযরযে। প্রস্তামবত িযডলটি িযডলটিযত Swish ফাং ন বযবহার কযর অনযানয িযডযলর 

তভলনা়ে স্ক্র্যাচ, এজ-মরং এবং সডানাি ধরযর্র মডযফক্ট ওয়েফাযর জটিল পযািান ণগুমল 

েটঠকিাযব মচমিত কযরযে। অনযানয উন্নত মেযেি এবং অতযাধুমনক মেযেযির োযে 

প্রস্তামবত মেযেযির তভলনািূলক মবযেষর্ এই গযবষর্া়ে সদও়ো হয়েযে। 
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Chapter 1: INTRODUCTION 1 

Chapter 1: INTRODUCTION 

 

This chapter explains the overview of the current state of the machine learning 

models, deep learning models and hybrid models in defect wafer classification. Also, this 

chapter outlines the background in section 1.1 and the problem statements in section 1.2. 

The aims and objectives of this research are explained in section 1.3. After that, section 

1.4 explains the scope of the study. Finally, section 1.5 describes the thesis outlines.   

1.1 BACKGROUND 

The semiconductor industry plays a vital role in driving advancements in 

consumer electronics and computing systems, which challenge the boundaries of 

human creativity and innovation, powering the present and future technologies. 

Classifying defects in semiconductor wafer manufacturing is crucial for early 

identification of potential flaws, facilitating prompt corrective measures and 

reducing expensive waste. The process used to rely significantly on manual 

inspection or basic automated systems. Nonetheless, the emergence of artificial 

intelligence (AI), machine learning (ML), and deep learning techniques has 

significantly enhanced the capacity to identify and categorize wafer defects. 

Implementing these technologies can transform the defect detection process by 

improving speed, accuracy, and scalability, all while minimizing dependence on 

human expertise. A wide range of research works has been conducted to identify 

defect patterns in wafers. 

1.1.1  Conventional Methods 

 Before the emergence of contemporary machine learning and deep 

learning methodologies, the semiconductor manufacturing sector predominantly 

depended on conventional, computer-assisted, and rule-based approaches for 

the identification of wafer defects. The conventional approaches encompassed 

optical and electron beam inspection, statistical process control, and manual 
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visual inspection, all enhanced by computer-aided tools for data analysis and 

image comparison. Optical inspection emerged as one of the initial and most 

extensively utilized methods for detecting defects in wafers. The systems 

employed high-resolution cameras in both bright-field and dark-field lighting to 

emphasize differences in reflectance and surface topography. Computer-aided 

tools facilitated comparisons between die-to-die and die-to-database, allowing 

for the evaluation of images from test dies against reference dies or golden 

layout CAD data. Defects were detected through the analysis of variations in 

pixel intensity, shape, and geometry.  Ebayyeh et al. provide [1] a detailed 

resource for engineers and researchers engaged in inspection automation within 

the electronics and semiconductor sectors. Also, provides a standard for AOI 

system development, emphasizing recognized methodologies and potential 

areas for innovation. Electron beam inspection tools were utilized in scenarios 

requiring higher resolution, especially for nanoscale defects that exceeded the 

capabilities of optical systems. The wafer was scanned by e-beam systems 

utilizing a focused electron beam, which detected secondary electrons emitted 

from the surface. Computer-aided tools in e-beam inspection offer systematic 

automation for alignment, precise sizing of defects, and comprehensive 

classification of those defects. Electron beam (e-beam) inspection tools play a 

crucial role in identifying nanoscale defects in semiconductor wafers, especially 

in scenarios where optical systems do not provide adequate resolution. The 

systems utilize a focused electron beam to scan wafers, detecting emitted 

secondary electrons to pinpoint both surface and subsurface anomalies. 

Computer-aided tools improve e-beam inspection through the automation of 

alignment processes, precise defect sizing, and systematic classification 

capabilities. Cass et al. [2] establish the use of the SEMSpec e-beam inspection 

system for detecting defects during the manufacturing process, emphasizing its 

features in automated alignment and the classification of defects. Statistical 

Process Control (SPC) served as a critical tool for monitoring process stability 
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and identifying deviations in wafer fabrication. The process utilized statistical 

techniques including control charts, process capability indices, and Pareto 

analysis, all enhanced by yield management software. The computer-aided tools 

gathered real-time sensor data throughout various stages of the fabrication 

process to examine trends, identify anomalies, and enhance yield. Statistical 

Process Control (SPC) serves as a fundamental method for assessing process 

stability and identifying deviations in the fabrication of semiconductor wafers. 

Utilizing statistical techniques like control charts, process capability indices, and 

Pareto analysis, SPC allows manufacturers to pinpoint and tackle variations that 

may affect product quality. The methods are frequently enhanced by yield 

management software that gathers real-time sensor data throughout various 

stages of the fabrication process to examine trends, identify anomalies, and 

improve yield. The implementation of SPC facilitates the distinction between 

normal (systematic) variations and special variations by utilizing control limits 

and charts at each node of the semiconductor manufacturing process. This 

approach enhances the quality and reliability of the manufacturing cycle.  

Yield management systems (YMS) enhance SPC by offering tools that facilitate 

the monitoring, analysis, and optimization of production yields. These systems 

assist manufacturers in pinpointing and resolving process inefficiencies, 

monitoring performance, and facilitating decisions based on data to improve 

production results. Integrating SPC with yield management systems enables 

semiconductor manufacturers to detect process deviations early, uphold high-

quality standards, and enhance overall production efficiency. Trained 

technicians conducted manual inspections by utilizing microscopes to perform a 

visual examination of the wafers. This approach was primarily employed in 

scenarios involving low-volume production or as a verification phase 

subsequent to automated inspection. This approach, while demonstrating high 

reliability, was characterized by its labor-intensive nature, lack of scalability, and 

susceptibility to human error. Historically, manual inspection has been crucial in 
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detecting defects on semiconductor wafers, especially in low-volume production 

environments or as a verification process after automated inspections. The 

procedure entails skilled technicians employing microscopes to conduct a visual 

inspection of wafers for any defects present. Manual inspection provides a level 

of reliability attributed to human judgment; however, it is characterized by labor 

intensity, limited scalability, and vulnerability to human error. Nonetheless, 

manual inspection methods encounter a variety of challenges. Their inefficiency 

and unreliability frequently stem from inconsistencies in inspection procedures 

and the limitations inherent in human performance. Elements like fatigue, 

personal judgment, and differences in skill levels can contribute to varying 

outcomes. The increasing complexity and miniaturization of semiconductor 

devices render manual inspection increasingly impractical and inefficient. 

Moreover, with the increasing complexity and miniaturization of semiconductor 

devices, the shortcomings of manual inspection have become increasingly 

evident. Traditional microscopy techniques and the human eye frequently fall 

short in identifying nanoscale defects, prompting a transition to automated 

inspection systems that provide enhanced precision and scalability. In 

conclusion, although manual inspection has served as a fundamental approach 

in wafer defect detection, its inefficiencies, scalability challenges, and accuracy 

issues have prompted the semiconductor industry to progressively embrace 

automated inspection technologies to satisfy the requirements of contemporary 

manufacturing processes. Computer-Aided Tools (CATs) have significantly 

enhanced traditional defect detection systems in semiconductor manufacturing 

by automating and refining various inspection processes. In Optical Inspection, 

CATs enable the acquisition of images, enhance contrast, and apply 

morphological filtering, thereby improving the identification of surface 

anomalies. In electron beam (e-beam) systems, their management of scanning 

paths and data interpretation facilitates the accurate identification of subsurface 

defects. In statistical process control (SPC) and yield analysis, CATs analyze 
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extensive in-line sensor data, presenting statistical control charts and defect 

density maps to assess process stability and enhance yield optimization. In a die-

to-database comparison, the tools facilitate the alignment of scanned images 

with CAD models and execute automated pixel-wise subtraction to identify 

discrepancies. 

1.1.2  Machine Learning (ML) based Methods 

 Traditional machine learning (ML) techniques find patterns, predict, and 

understand structured data. Traditional machine learning requires hand-feature 

engineering and lower computational expenses. Linear regression, logistic 

regression, SVMs, decision trees, KNN, and k-means clustering are important 

methods. SVM is the most powerful and popular conventional machine learning 

approach used for classification purposes. This technique finds the best 

hyperplane to separate data points from different classes. The purpose is to 

optimize the margin, defined as the distance separating the hyperplane from the 

nearest data points of each class. Nearest points are called support vectors 

because they define the hyperplane [3]. Ma et al. [4] analyze several aspects of 

SVM applications, including its implementation for addressing imbalanced data 

set issues. Cervantes et al. [5] provide a summary of the challenges of SVM 

implementation in engineering fields and the real-world problem-solving 

capability of SVM. The k-Nearest Neighbors (kNN) is a conventional machine 

learning algorithm frequently employed for classification and regression tasks. 

kNN is an instance-based learning algorithm that does not assume any 

underlying distribution. It classifies data points by examining the classes of their 

closest neighbors. The parameter k denotes the quantity of nearest data points 

(neighbors) considered during the classification decision-making process [6]. S. 

Zhang [7] investigates the challenges of using KNN algorithms with unbalanced 

datasets and suggests classification rules for solving imbalanced data issues. 

Sehih et al. [8] developed a machine learning-based system that identifies white 
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pixel defects in wafers. Mohiuddin et al. [9] suggested a wavelet entropy-based 

optimization approach for bearing fault classification, employing four machine 

learning algorithms, including SVM and KNN, for classification purposes. 

Hoque et al. [10] developed a crop yield prediction system that used three 

machine-learning techniques. 

1.1.3  Deep Learning (DL) based Methods 

 Deep learning, especially Convolutional Neural Networks (CNNs), has 

transformed defect detection by automating feature extraction and learning 

directly from unprocessed data, including images or sensor inputs. 

Convolutional Neural Networks (CNNs) are proficient at learning spatial 

hierarchies, rendering them very effective for image-based defect detection in 

semiconductor production. The deep CNN based model for an autonomous 

wafer map defect identification system developed by Zheng et al. [11] performs 

the best compared to other models. In this model, the random sampling method 

is applied. A small-scale defect identification system has been suggested by 

Byun et al. [12] using the rotated defects (RoD) transform technique and a 

modified version of median filtering. Misra et al. [13] used soft voting to 

improve performance after acquiring the deep ensemble characteristics for 

defective wafer identification. The attention mechanism and cosine 

normalization-based wafer map analysis method developed by Xu et al. [14] 

effectively addresses the problem of dataset imbalance.  E. Sin and C. D. Yoo [15] 

present a wafer defect classification method that requires no high-performance 

hardware. Chen et al. [16] designed a dual-source DCNN architecture to detect 

defect patterns of wafers. A contactless inspection system constructed by Jeon et 

al. [17] used thermal images and CNN to detect printed circuit board assembly 

(PCBA) defects. The multi-scale residual dilated convolution attention 

mechanism network super-resolution reconstruction algorithm used by X. Sun et 

al. [18] for defect wafer detection. An automatic visual defect identification 
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system developed by Limam et al.  [19] uses different types of CNN 

architectures. M. Shahroz et al. [20] proposed a hierarchical attention module-

based CNN model to detect hotspots in semiconductor wafer manufacturing. 

Deng et al. [21] developed a light-weight neural network-based system for the 

identification of mixed-type wafer defects.  Hou et al. [22] developed a mixed 

defect type detection and classification system that used improved version of 

DCNN architecture which defined as multi-path DCNN. Ma et al. [23] 

developed a method that identifies tiny defects by using spatial attention block 

and residual architecture. López et al. [24] proposed a semiconductor wafer 

defect detection method that merged computer vision technique with 

lightweight Squeeze Net CNN. A mixed defect wafer classification method 

proposed by J. Shim and S. Kang [25] uses the single defect wafers training 

dataset. The mix-up, random rotation, and noise filtering are used in this 

suggested technique to create synthetic wafer maps from the training dataset. 

The parallel CNN-based brain tumor detection & classification system is 

developed by Rahman et al. [26]. Also, Rahman et al. [27] proposed a dilated 

parallel deep convolutional neural network model for brain tumor classification, 

which extracts both coarse and fine characteristics from MRI images. Hossain et 

al. [28] developed the depth-wise separable convolution-based modified and 

reduced Mobile Net model that recognized plant leaf diseases. 

1.1.4  Hybrid Methods 

 Hybrid methods integrate traditional machine learning and deep learning 

techniques, seeking to capitalize on the advantages inherent in both approaches. 

Hybrid systems frequently combine traditional machine learning algorithms 

with deep learning models to enhance performance. Chen et al. [29] developed a 

hybrid system for the defective wafer map patterns recognition that used the 

improved version of the convolution block attention module with DCNN 

architecture for feature extraction and error-correcting output code-based SVM 
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for classification purposes. Schlosser et al. [30] proposed a hybrid semiconductor 

wafer fault inspection system that integrates classical computer vision 

techniques for fault localization and deep neural networks (DNNs) for 

classification. This system focuses on detecting very tiny defects in wafers. 

Biswas et al. [31] proposed a hybrid model for the classification of brain tumors. 

The CNN model is utilized as the feature extractor and the support vector 

machine (SVM) classifier is used for classification purposes. For satellite image 

classification tumpa et al. [32] proposed an SVM-based lightweight parallel CNN 

model that used the EuroSAT dataset and the RSI-CB256 dataset. 

The semiconductor defective wafer detection-related research works that 

are mentioned above emphasize general patterns of defect wafers and use 

several processing techniques for improving defective wafers classification 

accuracy. However, developed methods encounter difficulties in detecting tiny 

defects in wafers. Also, existing methodologies rely on fundamental feature 

extraction structures that cannot address complex and irregular patterns present 

in defective wafers. Another notable limitation of developed research methods is 

the inability to identify spatial dependencies among defects that are located far 

apart on the wafer map. The lack of long-range relationships in the models 

results in difficulties in capturing the context and correlations among various 

regions on defective wafers, which leads to erroneous classifications. 

This research is motivated by the vital need to overcome these challenges to 

the development of a more effective and efficient hybrid system for detecting 

and classifying wafer defects. The reason behind this work is consistent with the 

industry's goal of attaining high precision and dependability in defect analysis 

while decreasing computing overhead. 

1.2 PROBLEM STATEMENT 

In the semiconductor manufacturing sector, imperfections in wafer maps 

frequently manifest as subtle differences in intensity.  Developed methods 
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emphasize general patterns and overlook intricate specifics, resulting in 

challenges in identifying small defects. The absence of high-resolution feature 

extraction and insufficient focus on minor variations in wafer maps plays a 

significant role in this problem. Also, existing methodologies rely on 

fundamental feature extraction structures that cannot address complex and 

irregular patterns present in defective wafers. Another notable limitation of 

developed research methods is the inability to identify spatial dependencies 

among defects located far apart on the wafer map. The lack of long-range 

relationships in the models results in difficulties in capturing the context and 

correlations among various regions on defective wafers, which leads to 

erroneous classifications. Several state-of-the-art models such as MobileNet V1, 

MobileNet V2, ResNet-18, and ResNet-50 are used for detecting defect wafers, 

but these models have a large number of parameters and high computational 

complexity.  

1.3  MOTIVATION 

Traditional methods of wafer defect detection struggle to detect small 

defects. Also, human errors are involved in the manual inspection process. In the 

modern world, engineers need to know the types of defects as well as the 

density of defects with less time consumption in the semiconductor fabrication 

industry. The conventional detection techniques require a significant amount of 

time, which degrades the overall process's performance. The advanced wafer 

detection methods related to deep learning and machine learning algorithms 

encounter challenges in identifying intricate patterns in defective wafers. Also, 

these methods struggle in detecting long-distance relationships of defects in 

wafers. The tiny defects in wafers are not identified correctly by these advanced 

methods. This research is motivated by the vital need to overcome these 

challenges to the development of an effective hybrid model for identifying 

different types of wafer defects. 
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1.4 AIMS AND OBJECTIVES 

The main objective of this research is to develop a hybrid system that can 

efficiently detect different types of defects in semiconductor wafers. The hybrid 

system comprised a modified MobileNet with the multi-head attention 

mechanism and error-correcting output code (ECOC) -based SVM classifier. 

The objectives of this research are specified below: 

 

i. To modify the depth-wise separable convolution (DSC) block of 

the original version of MobileNet by using the swish function 

instead of using the ReLU activation function for capturing 

features of complex patterns and employing multi-head attention 

mechanism in modified Mobile Net architecture for capturing 

long-range dependencies in defects wafer maps. 

ii. To design the hybrid system using the ECOC-based SVM 

classifier with modified Mobile Net architecture. This classifier 

solves the class imbalance problem besides the classification task.  

iii. To apply the histogram equalization technique on the wafer map 

dataset to enhance the visibility of tiny defects in wafers which 

facilitates the proposed system's ability to identify small defects. 

iv. To use the real-world data set WM-811K for experimental 

validation of the proposed hybrid system. 

v. To establish a concrete trade-off among accuracy, parameters, 

and computational latency for identifying defective wafers for 

several state-of-the-art models alongside the developed hybrid 

model. 

1.5 SCOPE OF THE STUDY  

Current methodologies encounter challenges in detecting micro-level 

defects in wafers, which negatively affect the accuracy of the model's 



 

Chapter 1: INTRODUCTION 11 

classification. A further limitation is that existing methods unable to extract 

features from intricate defective patterns in wafers. Furthermore, these 

established models encounter challenges in accurately representing the spatial 

relationships among defects which distributed across the wafer map. This 

research focuses on defective wafer detection, providing a novel approach to the 

challenges faced by current models. The modified version of MobileNet and the 

inclusion of multi-head attention of the hybrid system of this research address 

the limitations of existing systems. The scope of this study extends to an 

assessment of multiple classifiers and different optimizers to determine the most 

effective one for improving the overall performance of wafer defect detection. 

This research aims to offer novel insights applicable to an effective solution for 

semiconductor manufacturing. The potential influence beyond the resolution of 

issues in defective wafer identification facilitates enhanced advancements in 

related fields. 

1.6 THESIS OUTLINE 

The subjects of this thesis have been split into five chapters. This is a 

concise summary of the chapters:  

❖ Chapter 1, the introductory chapter, encompasses the research 

motivation, problem description, objectives, and organization of the 

thesis. The chapter outlines the motivation for the research, the 

study's objectives, and the organization of the thesis paper. 

❖ Chapter 2 presents the theoretical framework aligned with the 

literature review relevant to the research. This will offer a concise 

summary of the theories, formulas, and literature necessary for the 

audience to cultivate interest in and understand the topic.  

❖ Chapter 3 meticulously establishes the methodological framework 

employed in the investigation. A detailed overview of the 

methodological framework is provided to facilitate a clear 
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understanding of the study's implementation. The chapter contains 

details on design, including design criteria and figures.  

❖ Chapter 4 encompasses simulation results, performance evaluation, 

and a comparison analysis. This chapter contains data and output 

figures. 

❖ Chapter 5 concludes with a summary of the research methodology, 

results, and findings. Challenges and limitations are also addressed. 

Finally, this thesis concludes with future recommendations.  
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Chapter 2: LITERATURE REVIEW 

 

This chapter gives the reader a thorough understanding by offering a broad 

theoretical framework supported by a significant collection of literature. Section 2.1 

discusses the details of semiconductor wafers and several types of defect classes. Section 

2.2 then investigates the operational concepts of convolutional neural network, 

including depth-wise separable convolutional. Section 2.3 describes the pre-trained 

models including different versions of MobileNet, and ResNet. Finally, Section 2.4 

describes various types of classifiers, including the SoftMax, Support Vector Machine 

(SVM), and K-Nearest Neighbour (K-NN).  

2.1 INTRODUCTION TO SEMICONDUCTOR WAFERS 

Semiconductor wafers are essential components of today's electronics, 

acting as substrates for integrated circuits (ICs) and microelectronic devices. 

These wafers consist of thin slices of semiconductor material, predominantly 

silicon, and are produced through a series of meticulously controlled processes 

to attain electrical, physical, and mechanical characteristics [33]. They are 

crucial in various applications, spanning computing, telecommunications, 

healthcare, and automotive systems [34]. 

There are several steps involved in the fabrication of semiconductor 

wafers:  

a. Crystal Growth: The initial phase involves the formation of a 

single-crystal ingot through techniques like the Czochralski (CZ) or 

the Float-Zone (FZ) process. Silicon of high purity undergoes 

melting and solidification in meticulously regulated environments 

to yield monocrystalline formations with few defects. 

b.  Wafer Slicing: The cylindrical ingot is sectioned into thin discs, 

referred to as wafers, with diamond wire saws. The thickness and 



 

Chapter 2: LITERATURE REVIEW 14 

diameter of the wafers fluctuate based on the application and the 

dimensions of the ingot. 

c.  Lapping and Polishing: The rough wafers undergo lapping and 

chemical-mechanical polishing (CMP) to attain a smooth, flat 

surface devoid of saw marks or irregularities. The refined surface is 

essential for the following lithographic procedures [35].  

d. Doping and Annealing: Introducing impurities, like phosphorus or 

boron, modifies the electrical characteristics of silicon. 

Subsequently, annealing processes are implemented to rectify any 

damage incurred during doping and to guarantee a consistent 

distribution of dopants [36]. 

e.  Surface Treatment: Wafers are subjected to cleaning and oxidation 

processes to ensure they are adequately prepared for device 

fabrication. This phase guarantees that the surface is devoid of 

impurities and possesses the required electrical properties.   

These procedures are necessary to give the wafers the necessary 

electrical and physical properties [37]. Defects can occur at any level, 

compromising wafer quality and device performance even with strict 

production controls. 

2.1.1 Types of Wafer Defects 

There are several types of defects that remain in wafers that are described 

below:  

a. Center Defect: Center faults are found in the middle of the wafer 

and are frequently brought on by uneven crystal formation, 

uneven polishing, or temperature gradients. These flaws show 

themselves as discolorations, voids, or abnormalities on the 

surface. Localized electrical inconsistencies result from these 
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abnormalities, which disturb the regularity of thin-film deposition 

[37].                                  

 

                Fig. 2.1: Center defect class wafer  

b. Random Defects: Random defects, which dispersed unevenly 

throughout the wafer, are frequently caused by environmental 

influences, equipment failures, or particle contamination. 

Microcracks, embedded particles, and pits are a few examples. In 

ICs, these defects may result in signal interference, short circuits, 

or open circuits . Random defects are often found and categorized 

using sophisticated inspection methods including scanning 

electron microscopy (SEM) and laser-based devices.    

 

                Fig. 2.2: Random defect class wafer  

c. Edge Local Defect: This type of defect, limited to the wafer's 

edge, is usually caused by mishandling, incorrect edge trimming, 

or mechanical stress. These defects, which include delamination, 

chips, and fractures, might weaken the wafer's structure and raise 

the possibility that it will break during processing. 

     

                 Fig. 2.3: Edge Local defect class wafer  

d. Donut Defects: Donut defects, frequently brought on by non-

uniform deposition rates or an uneven temperature distribution 

during thermal processing, manifest as ring-like patterns on the 
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wafer. The performance of devices made on the wafer may be 

impacted by these flaws, which result in differences in layer 

thickness and electrical characteristics. 

 

                 Fig. 2.4: Donut defect class wafer  

e.  Edge Ring Defect: Edge ring defects are usually the result of 

imperfections in the etching or chemical vapor deposition (CVD) 

processes, generating concentric patterns close to the wafer edge. 

These flaws lower the total wafer yield by compromising the 

integrity of IC components in edge areas.  

 

  Fig. 2.5: Edge-ring defect class wafer 

f. Scratch Defect: Scratches are linear indentations or grooves 

resulting from mechanical abrasion during handling, cleaning, or 

equipment maintenance. They can impair thin coatings, obstruct 

electrical channels, and result in device malfunctions  

 

Fig. 2.6: Scratch defect class wafer  

g. Near Full Defect: Near-full defects encompass a substantial area 

of the wafer surface, typically arising from catastrophic failures, 

including large equipment breakdowns or severe contamination 

incidents. These defects significantly diminish wafer yield and are 

often regarded as irreversible. Preventive maintenance of 
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equipment and cleanroom environmental controls is crucial to 

prevent such incidents [37]. 

 

                   Fig. 2.7: Near Full defect class wafer 

h. Local Defect: Local defects are little, discrete irregularities such as 

pits, voids, or micro-cracks. These may originate from material 

defects or localized mechanical stress. Despite their seemingly 

trivial nature, local defects can significantly affect high-density 

integrated circuits where accuracy is essential.  

  

                Fig. 2.8: Local defect class wafer  

2.1.2  Importance of Semiconductor Wafer  

A wafer map, which graphically depicts the distribution of flaws, yield 

fluctuations, and process anomalies throughout a wafer, is a crucial tool in the 

semiconductor manufacturing industry. It assists engineers in examining defect 

patterns that point to underlying problems in manufacturing processes 

including lithography, etching, and deposition, such as center flaws, edge rings, 

scratches, and clusters [38]. Recognizing these patterns allows manufacturers to 

categorize defects into systematic (those that recur due to process issues) and 

random (those that are sporadic and unpredictable) classifications, thereby 

enhancing process control and facilitating root cause analysis [39].  Wafer maps 

play a crucial role in semiconductor manufacturing by facilitating yield 

optimization. They allow engineers to pinpoint areas with low yield and track 

persistent defects, which in turn improves manufacturing efficiency through 

methods such as statistical process control (SPC) and predictive maintenance. 

Advancements in machine learning (ML) and artificial intelligence (AI) have led 
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to the increased utilization of wafer maps for automating defect classification 

and yield prediction. This integration enhances accuracy while significantly 

reducing the time required for manual inspection [40].   

By integrating wafer maps with Industry 4.0 technologies, such as big data 

analytics and real-time monitoring, semiconductor manufacturers can enhance 

quality control, reduce production losses, and ensure high-performance 

semiconductor devices. 

2.2 CONVOLUTION NEURAL NETWORK (CNN) 

Convolutional Neural Networks (CNNs) represent a category of deep 

learning models meticulously crafted for the analysis of data structured in a 

grid-like format, including images. Their success in tasks such as image 

classification, object detection, and semantic segmentation is noteworthy, 

attributed to their capacity to automatically and adaptively learn spatial 

hierarchies of features from raw input data. The fundamental architecture of 

CNN is depicted in Fig 2.9. The standard architecture of a CNN includes several 

essential layers:  

         Fig. 2.9:  Basic architecture of CNN [41]  
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a) Convolution Layer: The convolutional layer serves as the 

fundamental building block of CNN. The process involves 

applying convolution operations to the input, utilizing a 

collection of learnable filters (or kernels) to identify spatial 

patterns such as edges, textures, or components of objects. The 

mathematical representation of the operation used in the 

convolution layer is as follows [42]: 

                  Y (i, j) = ∑ ∑ 𝑋(𝑖 + 𝑚, 𝑗 + 𝑛). 𝑊(𝑚, 𝑛) + 𝑏𝑁
𝑛=1

𝑀
𝑚=1             (2.1) 

         The output value of the feature map at the location (i,j). This is 

referred to as the ‘convolved feature’. The double summation 

systematically traverses the dimensions of the filter, denoted as 

(M, N) or kernel. The value at the input is located at positions 

(i+m, j+m). This denotes the specific area of the input that is 

presently under analysis. The value is located at the coordinates 

(m,n) within the filter. Every filter comprises adjustable weights 

that are refined throughout the training process. 

b) Max-Pooling Layer: A max-pooling layer is a prevalent function 

in CNN, facilitating the downsampling of feature maps' spatial 

dimensions. The process involves identifying the highest value 

within a designated window (kernel) and systematically shifting 

this window across the feature map at a predetermined stride.  

The main objectives of max pooling are to decrease spatial 

dimensions, boost computational efficiency, and improve feature 

invariance.  The output feature map Y resulting from max pooling 

is determined for a feature map X with dimensions H x W and a 

pooling window of size M x N as follows [43]: 

           Y (i, j) = max {X (i+m, j+n ) | 0 ≤ m < M, 0 ≤ n < N}         (2.2) 

         The pooled value at the position (i,j) is represented as Y (i,j).          

X(i+m, j+n) denotes the values within the current pooling 
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window. The stride defines the distance the pooling window 

moves over the input feature map. 

c) Global Average Pooling (GAP):  Global Average Pooling (GAP) 

serves as a pooling operation frequently utilized in Convolutional 

Neural Networks (CNNs) to diminish the spatial dimensions of a 

feature map, all the while preserving its channel-wise 

information. This approach offers a straightforward and efficient 

method for linking the feature extraction layers to the output 

layer in a convolutional neural network.  Let F ϵ  R𝐻×𝑊×𝐶  be the 

input feature map, where H represents the height, W denotes the 

width, and C indicates the number of channels. GAP(F) generates 

a vector y ϵ R𝐶 ,  where each element corresponds to a channel, for 

the c-th channel, the GAP output is [44]:  

                                         𝑦𝑐 = 
1

𝐻×𝑊
 ∑ ∑ 𝐹𝑖,𝑗,𝑐

𝑊
𝑗=1

𝐻
𝑖=1                             (2.3) 

Where 𝐹𝑖,𝑗,𝑐 represents the value of the feature map at the 

locations (i,j) within channel c.  

d) Fully Connected Layer: The fully connected layer (FCL) in a 

CNN is generally located near the conclusion of the architecture. 

In contrast to the convolutional and pooling layers that 

emphasize spatial feature extraction, the fully connected layer 

synthesizes all the features derived from the input to generate 

predictions. This layer establishes connections between each 

neuron in the preceding layer and every neuron in the current 

layer, creating a dense network.   

e)  Activation Functions: In a Convolutional Neural Network 

(CNN), an activation function is a non-linear mathematical 

function that is applied to a neuron's (or layer's) output to add 

non-linearity to the network. It is essential to the network's ability 

to represent intricate relationships in the data. Activation 
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functions of various types, including the Swish activation 

function and Rectifier Linear Units (ReLUs), are employed. 

         Fig.2.10 presents a comparative analysis of the ReLU and Swish 

activation functions. The advantages of the swish function can be 

attributed to its lower bound and unbounded upper limit, as well 

as its non-monotonic nature. 

 
Fig. 2.10: Graphical representations of ReLU and Swish [45] 

 

           These characteristics enable it to surpass ReLU in deep 

networks and prevent the occurrence of inactive neurons within 

the neural network. 

2.2.1 Depth-wise Separable Convolution:  

Depthwise separable convolution represents a computationally efficient 

alternative to standard convolution, commonly employed in lightweight neural 

network architectures such as MobileNet. The convolution operation is divided 

into two distinct stages: depthwise convolution and pointwise convolution [46] 

In contrast to traditional convolution, which applies filters to all input channels, 

depth-wise convolution applies a single convolutional filter to each separate 

input channel. This step lowers computing complexity because cross-channel 

interactions are not processed directly. Subsequently, the pointwise 

convolution, which is a 1x1 convolution, integrates the outputs from the 
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depthwise convolution across channels, efficiently merging channel information 

and producing the intended output features [47]. Fig. 2.11 illustrates traditional 

convolution, which makes a single output feature map by applying a filter (or 

kernel) concurrently to each input channel. Every filter captures correlations 

between channels and spaces. Because this approach has so many variables and 

procedures, it is computationally costly. 

                       

             Fig.  2.11: Traditional convolution operation  

The computational cost of traditional convolution is given below: 

                      ComputationTD = (Hout × Wout × Cin × Kh × Kw × Cout)                     (2.4) 

Where, Hout is the height of the output feature map  Wout  is the weight of 

the output feature map, Cin is the number of input channels, Cout is the number 

of output channels (or filters), Kh is the height of the filter kernel, Kw is the 

width of the filter kernel. The depth-wise convolution operation is depicted in 

Fig.2.12.  

                            

                   Fig.  2.12:   Depth-wise convolution operation  

The computational cost of depth-wise convolution is given below: 

      ComputationDW = (Hout × Wout × Cin × Kh × Kw)                                     (2.5) 

A point-wise convolution follows the depth-wise convolution, depicted in 

Fig.2.13. In point-wise convolution, 1x1 convolution is applied to combine the 

information across channels, allowing interaction between channels.  
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                Fig.  2.13:  Pointwise convolution operation 

The computational cost of point-wise convolution is given below: 

                        ComputationPW = (Hout × Wout × Cin × 1 × 1 × Cout)                            (2.6) 

    The total computational cost of depth-wise separable convolution   

     Total = (Hout × Wout × Cin × Kh × Kw) +(Hout × Wout × Cin × 1 × 1 × Cout)       (2.7) 

This depth-wise separable convolution significantly reduces the 

computational cost, and the number of parameters compared to traditional 

convolution. 

Conventional deep learning architectures, like Convolutional Neural 

Networks (CNNs), excel in extracting local features; however, they face 

challenges in effectively capturing long-range dependencies within the input 

data. In the realm of wafer defect detection, various defect patterns—such as 

donut, scratch and edge-ring shaped defects—necessitate a comprehension of 

the spatial relationships among distant areas of the wafer map. CNNs function 

by employing small convolutional kernels, such as 3×3 or 5×5, thereby 

constraining their receptive field to localized areas. While deeper CNNs 

increase the receptive field, the relationships between distant features tend to be 

indirect and frequently lack strength. Additionally, the implementation of 

pooling layers, such as max pooling, diminishes spatial resolution and may 

result in the forfeiture of essential structural information required for the 

identification of intricate or nuanced patterns. Fully connected layers, despite 

their dense connections, have limited spatial awareness and are unable to 

explicitly represent distance-based interactions. 
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2.3 IMAGE PRE-PROCESSING TECHNIQUES 

In machine learning and deep learning applications, image pre-processing 

is an essential phase as it improves image quality and increases its suitability 

for analysis. Pre-processing methods assist in eliminating noise, 

fixing distortions, and enhancing feature extraction, thereby enhancing model 

performance. There are different image pre-processing techniques used in wafer 

defect detection systems. In this thesis, we used histogram equalization 

techniques in the image pre-processing step, which is briefly described in the 

next chapter. Other widely used techniques are discussed below: 

2.3.1 ROTATED DEFECTS (ROD) TRANSFORM 

Rotated Defects (RoD) Transform is a sophisticated image preprocessing 

method aimed at improving the visibility of defects, particularly in scenarios 

where these defects display rotational variations. This approach establishes a 

consistent orientation for defects by converting the image into an invariant 

representation of rotation (RoD Transform). The process of RoD transform is 

depicted in Fig. 2.14 [12].  

➢ Rotation Normalization: The wafer image undergoes rotation to 

ensure consistent alignment of defects, thereby minimizing 

variations that arise from differing orientations. 

➢ Feature Enhancement: Following the implementation of rotation 

correction, the process of feature extraction exhibits enhanced 

robustness, leading to an increase in the accuracy of defect 

classification. 

➢ Reduction of Geometric Distortions: RoD Transform addresses 

distortions arising from varying defect positions, thereby 

facilitating the generalization of defect patterns in machine learning 

models. 
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➢ Integration with CNN Models: RoD Transform can be 

incorporated into deep learning pipelines, guaranteeing that 

convolutional networks are presented with standardized defect 

patterns, thereby enhancing detection performance. 

             

     Fig.  2.14:  The process of RoD transformation [12] 

2.3.2 MEDIAN FILTERING 

Median filtering represents a non-linear digital filtering approach 

frequently utilized in image processing to eliminate noise while maintaining 

critical image structures. In contrast to mean filtering, which computes the 

average of pixel values and can result in edge blurring, median filtering 

substitutes each pixel’s intensity with the median value derived from the 

neighboring pixels within a specified kernel. This approach demonstrates 

significant efficacy in eliminating impulse noise, including salt-and-pepper 

noise, which has the potential to obscure defect patterns in wafer images. 

Median filtering is used in wafer defect detection system [16].  

In semiconductor wafer inspection, the attainment of superior image 

quality is essential for the precise identification and classification of defects. 

Median filtering plays a crucial role in improving image pre-processing through 

the following methods: 
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➢ Reducing Impulse Noise: Wafer inspection images exhibit 

vulnerability to salt-and-pepper noise, which can arise from factors 

such as dust, inconsistencies in fabrication, and artifacts during 

transmission. Median filtering systematically removes these 

distortions, leading to enhanced clarity in defect visualization.  

➢ Preserving Edge Details: A variety of wafer defects, including 

scratches, edge ring defects, and local defects, demonstrate subtle 

structural variations. In contrast to conventional smoothing filters, 

median filtering preserves sharp transitions at defect edges, 

facilitating the detection of small and intricate defect features.  

➢ Enhancing Defect Contrast: Some wafer defects can display 

minimal contrast when viewed against the wafer background. 

Median filtering enhances defect visibility by reducing noise and 

improving local intensity variations, which facilitates more effective 

segmentation and feature extraction. 

2.3.3 C-MEANS FILTERING 

C-Means Filtering is an image processing technique that utilizes clustering 

principles, originating from the C-Means Clustering Algorithm. C-Means 

Filtering distinguishes itself from conventional filtering techniques like median 

or Gaussian filtering by adjusting to the local intensity variations within an 

image. It achieves this by clustering pixels according to similar measures. This 

technique systematically minimizes noise while preserving the structural details 

of defects in wafer images. This filter is employed in wafer failure recognition 

system [14]. 

During wafer inspection, raw images can be affected by sensor noise, 

inconsistent illumination, and variations in the background. C-Means Filtering 

enhances the accuracy of defect detection through the following ways: 
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➢ Noise Reduction: C-Means Filtering reduces noise by grouping like 

pixels, consequently maintaining essential image features.  

➢ Edge and Detail Preservation: C-Means Filtering preserves crisp 

transitions in defect structures, unlike conventional smoothing 

filters that could blur defect edges, therefore helping to enable 

reliable segmentation. 

➢ Adaptive Image Enhancement: Adapting C-Means Filtering to 

local variations results in enhanced defect contrast relative to the 

wafer background, thereby improving classification accuracy.  

2.4 PRE-TRAINED MODELS 

Pre-trained models are fundamental in contemporary machine learning, 

especially within deep learning applications. They provide considerable 

benefits by utilizing insights gained from extensive datasets and transferring 

that knowledge to similar tasks. The training of these models usually involves 

extensive datasets, including ImageNet or COCO, which allows for the 

extraction of generalizable features such as edges, textures, and object 

representations in images [48].  Models such as ResNet, and MobileNet, which 

have been trained on ImageNet, serve as effective feature extractors for various 

tasks, including image classification, object detection, and semantic 

segmentation [49]. The primary advantage of employing pre-trained models is 

that transfer learning allows for the adaptation of knowledge acquired from a 

source domain (such as generic object recognition) to be refined for a specific 

target domain (like defect detection in semiconductor wafers). This method 

effectively decreases the duration of the training and lessens the requirement 

for extensively annotated datasets within the target domain [50]. Another 

notable benefit of pre-trained models is their capacity to reduce overfitting, 

particularly in situations involving limited datasets. Pre-trained models 

inherently capture general patterns, resulting in a reduced need for task-specific 
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data points to attain satisfactory performance [51]. From the mathematical 

viewpoint, pre-trained models demonstrate superior performance attributed to 

their initialization process. The network initiates training with weights that 

have been optimized for general features, rather than commencing from 

arbitrary weights. The initialization facilitates a more rapid convergence of the 

optimization algorithm, frequently leading to improved generalization on 

previously unseen data [52]. Moreover, utilizing large-scale pre-training 

minimizes the necessity for costly training from the ground up, which proves 

particularly advantageous in environments with limited resources [53].  

2.4.1 MobileNet V1 

Howard et al. [46] developed the MobileNet V1 model. MobileNet is a 

lightweight CNN architecture. This architecture was introduced to meet the 

increasing need to implement deep learning models on devices with limited 

resources. The principal breakthrough of MobileNet V1 is the use of depthwise 

separable convolutions (DSC), which significantly decrease computing cost and 

parameter count while preserving competitive accuracy. The Structure of 

MobileNet V1 is illustrated in Fig. 2.15. 

                                              

   

                    Fig. 2.15: Architecture of MobileNet V1 [54] 
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2.4.2 MobileNet V2 

MobileNet V2 represents an advancement compared to MobileNet V1, as 

introduced by Mark Sandler et al. [55] This version presented two significant 

architectural advancements: inverted residual blocks and Linear Bottlenecks. 

Fig.2.16 represents the architecture of MobileNet V2. MobileNet V2 employs 

inverted residual blocks, initiating the process by expanding feature maps to 

higher dimensions through a 1×1 convolution. A depth-wise convolution for 

processing follows this, and the feature maps are compressed back to lower 

dimensions via another 1×1 convolution. Skip connections are incorporated 

between the input and output when the stride is 1, facilitating feature 

reutilization and effective gradient propagation. In contrast to conventional 

architecture, the final layer of each bottleneck block does not use ReLU 

activation. This aids in maintaining detailed information that is typically 

overlooked, improving the network's effectiveness for tasks that demand 

accuracy in results. 

 

                   Fig. 2.16: Architecture of MobileNet V2 [56] 
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Bottleneck blocks with a stride of 1 preserve spatial dimensions, whereas 

blocks with a stride of 2 reduce the size of the feature maps, enabling the 

network to capture hierarchical representations. 

2.4.3 ResNet-18 

ResNet-18 is a well-established convolutional neural network architecture 

developed by Kaiming He, Xiangyu Zhang, Shaoqing Ren and Jian Sun [57]. 

The ResNet family was created to tackle the challenges associated with 

vanishing gradients and the decline in performance observed in extremely deep 

networks. Fig. 2.17 represents the basic architecture of ResNet-18. The ResNet-

18 is composed of 18 layers, which include convolutional layers, batch 

normalization, ReLU activations, and shortcut connections that establish a 

direct link between the input and output of a layer. The implementation of 

these shortcuts allows the network to focus on learning residual mappings 

rather than directly correlating inputs with outputs, thereby enhancing the 

training process for deeper models. This design has had a profound impact on 

the fields of computer vision and deep learning research, evidenced by its 

attainment of leading results on benchmark datasets such as ImageNet. 

 

                                 Fig. 2.17: Architecture of ResNet-18 [58] 
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2.4.4 ResNet-50 

ResNet-50, an advanced version of the ResNet architecture, was 

developed by Kaiming He et al. [57]. ResNet-50 is composed of 50 layers and 

employs bottleneck residual blocks, distinguishing it from the simpler residual 

blocks utilized in ResNet-18. The structure of each bottleneck block is composed 

of three convolutional layers (1×1, 3×3, 1×1), facilitating a reduction in 

computational cost while preserving the ability to extract deep features 

effectively. The implementation of identity and projection shortcuts enhances 

gradient flow within the network, thereby improving optimization and 

accuracy on extensive datasets such as ImageNet. Fig. 2.18 represents the basic 

architecture of ResNet-50. The architecture initiates with a 7×7 convolutional 

layer comprising 64 filters and a stride of 2, subsequently incorporating batch 

normalization and an activation function (ReLU). This layer facilitates the 

extraction of fundamental features such as edges and textures from the input 

image. A 3×3 max pooling layer is then applied to decrease the spatial 

dimensions, effectively maintaining critical features. 

 

                            Fig.2.18: Architecture of ResNet-50 [59] 
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The architecture comprises two distinct types of residual blocks: the 

Identity Block and the convolutional block. A direct shortcut connection is used 

in the Identity Block. In scenarios where the input and output dimensions are 

consistent, a 1×1 convolution is used in the shortcut path of the Convolutional 

Block to ensure dimensional alignment. When there is a discrepancy between 

the input and output dimensions. Residual connections mitigate the issue of 

vanishing gradients and facilitate improved gradient flow, thereby simplifying 

the training process for deep networks. ResNet-50 consists of several stages, 

each characterized by progressively larger filter sizes. The stages systematically 

augment the quantity of feature maps, thereby improving feature 

representation. 

2.5 CLASSIFIERS 

A classifier serves as a crucial element in machine learning, systematically 

categorizing input data by leveraging identified patterns and relationships. 

Classifiers are essential in data science for automated decision-making, 

allowing systems to effectively analyze, interpret, and organize complex 

datasets. Models are generally trained on labelled datasets, allowing them to 

identify correlations between input features and their respective class labels via 

supervised learning methods.  In image recognition tasks, classifiers undergo 

training using datasets that consist of images marked with labels. Throughout 

the training process, the algorithm identifies and assimilates unique features, 

including edges, textures, and shapes, that define various object categories. 

After training, the model applies its acquired knowledge to categorize new 

images by determining the most likely classification [3] Classifiers utilize 

sophisticated mathematical and statistical methods, such as probability theory, 

feature extraction, and optimization algorithms, to improve their predictive 

accuracy. The application of these methodologies spans multiple domains, 

including computer vision, natural language processing, medical diagnostics, 
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and semiconductor defect classification. The capacity of classifiers to automate 

pattern recognition and generate precise predictions has played a crucial role in 

the progress of intelligent systems within industrial and scientific fields. 

In this section, we discuss the softmax classifier, k-nearest neighbors (k-

NN) classifier and support vector machine (SVM) classifier. 

2.5.1 Softmax Classifier 

The Softmax classifier serves as a prevalent algorithm for classification 

tasks, especially in scenarios involving multiple classes. This method expands 

upon logistic regression, allowing for the classification of multiple categories 

instead of being limited to binary outcomes. The Softmax function, recognized 

as the normalized exponential function, converts raw logits (unnormalized 

output scores) into a probability distribution across various class labels, 

guaranteeing that the total of probabilities sums to one [60].  Mathematically, 

using a set of input characteristics 𝑥 and a weight matrix 𝑊, the raw class scores 

(logits) for each class 𝑗 are calculated as: 

                                    𝑧𝑗  = 𝑊𝑗  . x + 𝑏𝑗                                                                          (2.8) 

Where, 𝑊𝑗 and 𝑏𝑗 denotes the weight and bias parameters for class j. The 

Softmax function subsequently transforms these scores into probabilities 

through the formula. 

                                       P (y = j|x) = 
𝑒

𝑧𝑗

∑ 𝑒𝑧𝑘𝐾
𝑘=1

                                                            (2.9) 

K denotes the aggregate count of classes. This formulation guarantees that 

every output probability is confined within the interval (0,1) and that the 

aggregate of all class probabilities totals one, thereby facilitating a robust 

probabilistic interpretation [61]. 

The Softmax classifier is the final activation function in neural network 

architectures, particularly in deep learning applications like image 
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classification, speech recognition, and natural language processing. In 

semiconductor defect classification, a convolutional neural network (CNN) 

systematically extracts hierarchical features, and the Softmax layer methodically 

assigns probabilities to various defect categories, including scratches, edge ring 

defects, and local defects.  Softmax exhibits certain limitations, including a 

heightened sensitivity to outliers and a tendency towards overconfidence in its 

predictions. To tackle this issue, methods such as temperature scaling or 

different loss functions, including cross-entropy loss, are employed to enhance 

generalization and robustness.The Softmax classifier, while facing certain 

challenges, continues to be a crucial element in contemporary classification 

models, offering a probabilistic framework that facilitates decision-making in 

high-dimensional data contexts. 

2.5.2  K-Nearest Neighbors (KNN) Classifier 

The K-Nearest Neighbors (kNN) algorithm represents a straightforward 

yet effective non-parametric, instance-based learning approach applicable to 

classification and regression tasks. The operation is grounded in the concept 

that analogous data points are located near each other within a specified feature 

space. In contrast to parametric models, k-NN operates without assuming any 

underlying distribution. It retains the complete training dataset and classifies 

new data points by examining their k-nearest neighbors, utilizing a selected 

distance metric, which is commonly the Euclidean distance [6].  Mathematically, 

the Euclidean distance between two points 𝑥1 and 𝑥2   in an n-dimensional 

space is given by: 

                     d (𝑥1, 𝑥2) = √∑ (𝑥1𝑖  −  𝑥2𝑖)²𝑛
𝑖=1                                                  (2.10) 

where, 𝑥1𝑖  and 𝑥2𝑖 represent the feature values of the two points in 

dimension i. The algorithm categorizes a new data point by identifying the 

most prevalent class among its k-nearest neighbors through a majority voting 
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process in classification tasks. In regression, the kNN method determines the 

target value by calculating the average of the k-nearest values. 

Although kNN is straightforward, it demonstrates significant effectiveness 

across a range of applications, such as image recognition, medical diagnosis, 

and semiconductor defect classification. In the context of wafer defect detection, 

kNN operates by classifying semiconductor defects through the comparison of 

feature vectors derived from defect patterns, subsequently identifying the 

nearest matches within a labelled dataset. Nonetheless, kNN presents certain 

constraints, including substantial computational demands when dealing with 

extensive datasets and a pronounced sensitivity to the selection of k and the 

distance metric, both of which can greatly influence classification outcomes [62]. 

Techniques such as KD-Trees and Ball Trees are employed to enhance efficiency 

in conducting rapid nearest-neighbor searches [63]. 

2.5.3 Support Vector Machine (SVM) Classifier 

The Support Vector Machine (SVM) is a robust supervised learning 

algorithm applicable to classification and regression tasks. This method 

demonstrates significant efficacy in handling high-dimensional datasets, 

especially in scenarios where a distinct margin of separation can be identified 

between various classes. SVM functions by identifying the optimal hyperplane 

that maximizes the margin between various class boundaries, which enhances 

generalization to previously unseen data [3]. In mathematical terms, 

considering a labelled training dataset {(𝑥𝑖, 𝑦𝑖)}𝑖=1
𝑛  where 𝑥𝑖 represents the 

feature vector and 𝑦𝑖 denotes the class label (𝑦𝑖ϵ{-1,1} for binary classification), 

the optimal hyperplane is defined as [3]: 

                                        w . x + b = 0                                                                          (2.11) 

Where w is the weight vector, x represents the input data, and b indicates 

the bias factor. The margin, defined as the distance between the closest support 
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vectors of each class, is maximized by addressing the subsequent optimization 

problem [3]: 

                    min 0.5 ‖𝑤‖², subject to 𝑦𝑖 (w. 𝑥𝑖  + b) ≥ 1                                   (2.12) 

The constraints guarantee that every data point is accurately classified, 

maintaining a margin of no less than 1 [64]. 

The extension of SVM to accommodate non-linearly separable data is 

achieved through the introduction of kernel functions. These include Radial 

Basis Function (RBF), polynomial, and sigmoid kernels, which facilitate the 

mapping of input features into a higher-dimensional space. In this transformed 

space, a linear hyperplane can be effectively applied [65]. SVMs demonstrate 

significant utility in various applications, including image classification, 

bioinformatics, and the detection of defects in semiconductor wafers.  

2.6 SUMMARY  

In this chapter, the significance of semiconductor wafers is discussed.  

Several types of wafer defects are illustrated with figures. Elaborately discussed 

convolution neural network (CNN) with depth-wise separable convolution. 

Different pre-trained models which are Mobile Net V1, MobileNet V2, ResNet-

18 and ResNet-50 are explained in detail. Widely used image pre-processing 

techniques: C-mean filtering, median filtering and RoD transform are briefly 

explained in this chapter. Also, the operation of well-known classifiers (soft-

max classifier, KNN classifier and SVM classifier) are described at the end of 

this chapter. 
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Chapter 3: MATERIALS AND METHODOLOGY 

 

This chapter discusses detail methodology and materials used in the research. 

Section 3.1 provides a general overview of the method, which will be briefly discussed in 

the parts that follow. Section 3.2 describes the datasets used in the study.  Section 3.3 

explains data pre-processing techniques in which the histogram equalization process is 

discussed briefly.  A brief explanation of the proposed modified MobileNet architecture 

is given in Section 3.4. Section 3.5 introduces the proposed hybrid system including the 

ECOC-SVM classifier.  

3.1 METHODOLOGY  

Numerous techniques have been developed to identify wafer defects in 

the semiconductor manufacturing sector. These approaches face difficulties in 

identifying minor faults and intricate patterns in semiconductor wafer maps.  

Furthermore, these methodologies struggle to capture long-range correlations 

in defective wafers. To solve these limitations this research work represents a 

hybrid system. 

The proposed method is depicted in Fig.3.1. The process begins with the 

raw wafer map images. In the pre-processing step, the histogram equalization 

technique is applied to these images to address tiny defect detection issues. This 

process improves the contrast in the defect wafer images. This step improves 

the visual clarity of both defect and non-defect wafer images, thereby increasing 

their appropriateness for feature extraction. The histogram-equalized wafer 

images are separated into two datasets: 80% training set and 20% testing set. 

The training and testing sets are processed through a multi-head attention-

based modified MobileNet feature extraction structure. The swish function is 

used within modified MobileNet architecture to identify intricate defect 

patterns in wafers and the multi-head attention mechanism integrates with 

modified MobileNet so that the proposed system can capture long-range 
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relationships in defective wafers. This combination extracts features from 

defective and non-defective wafers. For training and testing purposes, the 

extracted features are stored separately. 

                

                  Fig. 3.1: Methodology of the proposed hybrid system 

The ECOC-SVM approach is employed in this hybrid system for 

classification purposes. This approach uses several binary SVM classifiers to 

address multi-class classification problems. The features obtained from the 

training set are used to train the  ECOC-SVM classifier. The features obtained 

from the testing set are input into the trained ECOC-SVM classifier. The 

classifier model generates predictions that classify wafer maps into defect and 

non-defect categories. Finally, the analysis of the proposed method's 

performance is conducted to assess its effectiveness in accurately identifying 
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wafer defects, utilizing performance metrics which include accuracy, precision, 

recall, and AUC values.   

The SVM with non-linear kernels, like the radial basis function (RBF), are 

recognized for their effectiveness in classification tasks that require handling 

complex decision boundaries. However, their application to high-dimensional 

data, such as wafer maps, demonstrates notable limitations. SVMs depend 

significantly on manually designed feature extraction, which might not 

sufficiently represent the complex spatial patterns and variations found in 

semiconductor defect images. Conversely, deep learning models, especially 

CNNs, possess the capability to autonomously acquire hierarchical feature 

representations directly from unprocessed wafer map data. This removes the 

necessity for manual feature engineering and allows the model to identify both 

local and global defect characteristics effectively. Additionally, although SVMs 

demonstrate strong performance on smaller datasets, their effectiveness 

frequently declines or incurs significant computational costs as both the dataset 

size and input dimensionality expand. Deep learning models, particularly those 

augmented with attention mechanisms, demonstrate superior capability in 

managing extensive and intricate datasets, such as the 55,143 wafer samples 

utilized in this study. Their design facilitates comprehensive learning and 

enhanced scalability, which is essential for effective real-time defect detection in 

industrial settings. Consequently, deep learning presents a superior and more 

effective approach for the classification of semiconductor wafer defects 

compared with conventional SVM with non-linear kernels. 

3.2 DATASET 

A dataset for real-time wafer, WM811K [66], is used in this study. Many 

research studies use this data collection [11-12] [14-16][22][29]. The pie chart of 

Fig.3.2 represents the overall distribution of defect classes. 55,143 real wafer map 

images are used in this study, among them 6.27% are center defect class, 0.74% 
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are donut defect class, 4.38% are edge-local defect class, 15.51% are edge-ring 

defect class, 2.93% are local defect class, 1.10% random defect class, 0.27% are 

near-full defect class, 2.16% are scratch defect class, and 66.60% are non- defect 

classes.  

                          

                            Fig. 3.2: Distribution of Defect Classes in Dataset 

Although there are imbalanced classes of defects and non-defect wafer 

images, the ECOC-based SVM classifier solves this class imbalance problem. 

Fig.3.3 shows eight types of defect classes: center, donut, local, edge-local, edge 

ring, near full, random, scratch, and one non-defect class defined as none. All of 

them are non-histogram equalized wafer map images. 

                                                      

                        (i)                    (ii)                 (iii)                  (iv)                  (v) 

                                               

                        (vi)               (vii)                (viii)                  (ix) 

Fig. 3.3: Defect and non-defect wafer  patterns before HE: (i) Center (ii) Donut (iii) Edge 

local (iv) Edge ring (v) Local (vi) Near full (vii) Random (viii) Scratch (ix) None  
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3.3 DATA PRE-PROCESSING 

Non-equalized defect wafer images exhibit inconsistent contrast because 

pixel intensity values are confined to a limited range, which makes subtle 

features and tiny defects of wafer images difficult to identify. For this reason, 

defective wafer detection systems face difficulties in identifying tiny defects in 

wafers. To solve this problem, the proposed research method uses the 

histogram equalization technique in the image processing step applied to real 

defective wafer images. This technique distributes pixel intensity values to 

improve contrast in the wafer image. 

3.3.1 HISTOGRAM EQUALIZATION (HE) TECHNIQUE 

Pixel intensities in a defect wafer map usually indicate defect density; 

histogram equalization highlights the distinctions between defect and non-

defect regions. The pixel intensity value of the defect wafer map image is I(x,y) 

where x,y are the spatial coordinates on the wafer map. The number of pixels in 

the image with intensity i is represented by the histogram ℎ(𝑖). The total number 

of pixels in the wafer image is [67]: 

                                          𝑇𝑝 = M x N                                                                             (3.1) 

where M and N are the dimensions of the wafer map. The intensity levels 

are redistributed using the cumulative distribution function (CDF).  For a 

specific intensity level, the CDF is defined as [67]:  

                                 𝐶𝐷F(i) = ∑ ℎ(j) i
j=0                                                                   (3.2) 

where h(j) is the number of pixels with intensity j. The normalized CDF is 

given by [67]: 

                                                     𝐶𝐷F(i)𝑛𝑜𝑟𝑚  =  
𝐶𝐷F(i)

𝑇𝑝
                                                       (3.3)   

The total number of pixels is represented by 𝑇𝑝. The pixel values of 

the original image are then mapped to the new ones by transforming the pixel 
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intensity values using the normalized CDF. With an intensity of I(x,y), the 

transformation function for that pixel is [67]: 

              𝐼(x, y)𝑛𝑒𝑤 = 𝐼𝑚𝑖𝑛 + ( 𝐶𝐷F(i)𝑛𝑜𝑟𝑚(I(x,y)) x (L – 1))                                            (3.4)  

         Here, 𝐼𝑚𝑖𝑛 is the minimum pixel intensity of the image, L is the 

maximum possible intensity value. 𝐼(x, y)𝑛𝑒𝑤is the new intensity value after 

histogram equalization. The histogram equalized defective and non-defective 

wafer map images are illustrated in Fig 3.4. 

                                                   
                                 (I)                (II)                (III)             (IV)              (V) 

                                                                
                                                  (VI)            (VII)             (VIII)           (IX) 

Fig.3.4: Defect and non-defect wafer patterns after HE: (I) Center (II) Donut (III) Edge 

local (IV) Edge ring (V) Local (VI) Near full (VII) Random (VIII) Scratch (IX) None 

Fig. 3.5 shows the histogram of un-equalized and equalized wafer images 

in which the x-axis denotes the range of intensity values & the y-axis denotes 

the number of pixels with a specific intensity value of the images. Subtle 

differences are marked in histograms for both un-equalized and equalized 

wafer images. The histogram of non-equalized defect images indicates that 

most pixel intensities are concentrated within a specific range, with a fewer 

number of pixels at both lower and higher intensity levels. Because of this 

concentration of intensity levels, the image's brightness varies less, which adds 

to the low contrast. For this reason, the identification of tiny defects in wafer 

maps is challenging by using un-equalized defect images. Conversely, 

equalized image histograms exhibit a more consistent distribution throughout 

the whole intensity range. Previously underrepresented intensity levels are now 

enhanced due to this pixel intensity redistribution. As a result, subtle 

differences in image intensities are magnified and small defects in wafer maps 

are visible.  
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           (a): Unequalized center defect                               (b) Equalized center defect         

                

            (c) Uequalized donut defect                                 (d) Equalized donut defect          

             
            (e): Unequalized edge-local defect                        (f): Equalized edge-local defect  

               

          (g): Unequalized edge-ring defect                      (h): Equalized edge-ring defect  

                                                               

            (i): Unequalized local defect                                  (j): Equalized local defect 
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         (k): Unequalized near-full defect                             (l): Equalized near-full defect 

                   

              
           

             (m): Unequalized random defect                            (n): Equalized random defect 

                  

        (0): Unequalized scratch defect                                 (p): Equalized scratch defect   

       Fig.3.5: The histogram of Un-Equalized and equalized wafers  

  Fig. 3.5 (a), Fig. 3.5 (e), Fig. 3.5 (g), Fig. 3.5 (i) Fig. 3.5 (m) and Fig. 3.5 (o) 

represent the histogram of non-equalized images of center defect, edge local 

defect, edge ring defect, local defect, random defect and scratch defect 

respectively. The histograms indicate that the majority of pixel intensities are 

clustered in the mid-range, suggesting that a significant segment of the image 

exhibits similar intensities. This results in numerous intricate differences within 

the defect region being diminished or turned invisible. Following the 

equalization of these defect images, the pixel intensities are redistributed more 

uniformly across the entire range shown in Fig. 3.5 (b), Fig. 3.5 (f), Fig. 3.5 

(h), Fig. 3.5 (j), Fig. 3.5 (n) and Fig. 3.5 (p). The histogram of equalized defect 
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images demonstrates spikes that signify regions with a high concentration of 

defects, while an irregular distribution of intensity values points to the presence 

of defect areas. The resulting histograms exhibit numerous minor spikes and 

fluctuations. The histogram of equalized images exhibits minor spikes in the 

ranges of 0 to 50, 100 to 150, and so forth. The spikes align with areas in the 

image that exhibit slight differences in intensity. The small intensity variations 

emphasize additional details in the defect regions. The difference between 

defect areas and their surroundings becomes more apparent following the 

histogram equalization process. The subtle differences in pixel intensities 

remain undetectable in the histogram of non-equalized defect images. 

 The histogram of original images of donut defect and near-full defect are 

depicted in Fig.3.5 (c) and Fig. 3.5 (k) respectively. Despite the majority of pixel 

intensities not being concentrated at the center of the histogram, the subtle 

variations in pixel intensities remain invisible. After applying the histogram 

equalization process on these un-equalized donut defect and near full defect 

images, the small differences in pixel intensities detected effectively are shown 

in Fig. 3.5 (d) and Fig. 3.5 (l).   

Donut, edge local, edge ring and near full defects patterns exhibit complex 

patterns. Fig. 3.5 (d), Fig. 3.5 (f), Fig. 3.5 (h), and Fig. 3.5 (l) depict the histogram 

of equalized donut, edge local, edge ring and near full defect images, 

respectively. The histogram of the equalized images shows pixel intensities 

distributed across a wider range. Also, these histograms depict that spikes 

fluctuate between different heights, and pixel intensities vary from one region 

to another. These fluctuations reflect small variations in intensities of the donut, 

edge-local, edge ring and near-full defect images.  

3.4 PROPOSED MODIFIED MOBILENET ARCHITECTURE   

The basic MobileNet comprises the depth-wise separable convolution 

(DSC) block that uses the ReLU activation function. MobileNet is useful for 
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lower parameter counts, and lower computation costs are required. However, 

in detecting wafer defects, the MobileNet architecture confronts challenges to 

recognize complex defective wafers precisely. This thesis presents a modified 

version of MobileNet that modifies the DSC block by implementing the swish 

function in place of the ReLU function to detect complex defective patterns. 

Additionally, the integration of the multi-head attention mechanism with 

MobileNet architecture facilitates the capturing of long-range dependencies in 

wafer defects.  

3.4.1 Basic structure of MobileNet 

Fig.3.6 shows the basic architecture of MobileNet [46]. This structure comprises 

depth-wise separable convolution (DSC) blocks, global average pooling, a fully 

connected layer, and a classification layer using a softmax classifier. The DSC 

blocks are repeated numerous times (from DSC 1 to DSC 13), each possibly 

incorporating an increasing number of filters and periodically utilizing a stride 

of 2 to diminish the spatial dimensions further. Each DSC block consists of a 3x3 

depth-wise convolution followed by batch normalization and ReLU, as well as a 

1x1 pointwise convolution accompanied by batch normalization and ReLU. 

However, the MobileNet confronts problems in detecting complex defect 

patterns. The MobileNet architecture used the 𝑅𝑒𝐿𝑈 activation function in the 

DSC block. the ReLU activation function is expressed as:               

                                                   ReLU (x) = max (0,x)                                             (3.5) 

For positive values of x, ReLU outputs x (linear activation). For negative 

values of x, ReLU outputs 0 (non-linear, effectively deactivating the neuron). 

The derivative of ReLU activation function is: 

                                             for x < 0,    
𝑑

𝑑𝑥
 ReLU (x) = 0                                           (3.6) 

                                             for x > 0,    
𝑑

𝑑𝑥
 ReLU (x) = 1                                           (3.7) 
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ReLU passes the gradient unchanged for positive inputs on the other hand 

for x< 0 the gradient of ReLU is zero, which means that during 

backpropagation, the weights connected to these neurons do not get updated. 

                               

                   Fig. 3.6: Structure of original MobileNet  [44] 

This can lead to the "dying ReLU" problem, where a significant portion 

of neurons might stop learning, especially when defects are complex and 

involve subtle negative activations 

3.4.2 Modified MobileNet Architecture 

The basic Mobile Net comprises the depth-wise separable convolution 

(DSC) block that uses the ReLU activation function.  In detecting wafer defects 

the MobileNet architecture fails to identify complex defective wafer preciously. 

We propose a modified version of MobileNet that changes the DSC block by 

using the swish function instead of the ReLU activation function to detect 
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intricate defective patterns. Fig.3.7 illustrates the modified structure of 

MobileNet.  

                           

                              Fig. 3.7 : Architecture  of Modified MobileNet 

The proposed Modified MobileNet architecture encompasses four MDSC 

blocks. Except for the swish activation function, other elements of the MDSC 

block are identical to those of the DSC block of the original version of 

MobileNet. The max-pooling layers are strategically positioned following each 

MDSC, for minimizing spatial dimensions. Also, in modified MobileNet 

architecture global average pooling is used to reduce the overall parameter 

count and computational complexity of the developed hybrid model.   

On the other hand, the swish function is defined as: 

                       Swish (x) = x. σ(x) = 
x

1+𝑒−𝑥                                        (3.8)  

Swish is a smooth, non-linear function that outputs values in the range (−∞, ∞). 

For large positive x, swish is approximately linear, similar to ReLU. For large 

negative x, swish outputs a small negative value close to zero, but not exactly 

zero. For values of x around zero, swish behaves non-linearly, with a smooth 
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transition from negative to positive values This can lead to better convergence 

during training and allow the proposed modified version of MobileNet 

architecture to capture more complex and subtle defect patterns. The derivative 

of the swish function is: 

                    
𝑑

𝑑𝑥
 Swish(x) =  σ(x) + x. σ(x). (1-σ(x))                           (3.9) 

Where σ(x) is the sigmoid function. This smooth derivative varies with 

input x, allowing for more nuanced weight updates during backpropagation. 

The term x. σ(x). (1-σ(x)) introduces non-linearities, which help the proposed 

model to capture complex patterns. These analyses indicate that for capturing 

complex defect wafers the swish activation function performs better than the 

ReLU activation function because of its smoother transitions and capacity to 

permit small negative outputs for improved gradient propagation 

However, this modified MobileNet architecture is not capable of capturing 

long-range dependencies in defective wafers. This modified MobileNet exhibits 

limitations in its ability to concentrate on distinct defect patterns within the 

wafers, resulting in challenges at the time of dealing with prioritizing critical 

areas of the image over less relevant or redundant regions of the wafers. 

Consequently, this architecture fails to capture the global context and the 

relationships among different parts of the defective wafer image. that reduces 

the overall effectiveness of identifying wafer defects. 

3.4.3 Multi-Head Attention Mechanism 

The Modified MobileNet architecture encounters challenges in correctly 

capturing long-range dependencies. This method incorporates a multi-head 

attention mechanism into the modified MobileNet architecture to solve this 

problem. The implementation of multi-head attention makes the modified 

MobileNet’s capable of identifying long-range dependencies by enabling the 

modified MobileNet to concentrate on various areas of the wafer image 
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simultaneously. This mechanism allows the modified architecture to focus on 

relevant defect regions of the wafers and measures the interactions between 

distant regions on the defective wafer. A small defect on one side of the wafer 

potentially affects the features observed on the opposite side. This attention 

mechanism effectively identifies this relationship, which is challenging to 

determine through convolution operations alone. In multi-head attention 

mechanisms, the input feature maps of wafers are segmented into several 

smaller regions, referred to as "heads." Each attention head functions 

autonomously, enabling the proposed MobileNet to simultaneously identify 

various relationships and patterns present in defect wafer feature maps.  

Each attention head comprises three distinct sets of parameter matrices: 

Query (Q), Key (K), and Value (V). Query, Key, and Value Vectors are given 

values [68]. 

                                                    𝑄 = 𝑋𝑊𝑄                                                               (3.10) 

                                                     𝐾 = 𝑋𝑊𝐾                                                               (3.11)     
                                                     𝑉 = 𝑋𝑊𝑉                                                                (3.12) 

 

In this context, 𝑊𝑄, 𝑊𝐾 and 𝑊𝑉represent the weight matrices that are 

learned, while X denotes the input. The Q denotes the feature representation of 

a specific region of the wafer map that the model emphasizes (current area), K 

indicates the feature representations of all regions (including the current and 

surrounding areas), and V encompasses the actual information to be aggregated 

according to the attention scores. The dimensionality of these matrices dictates 

the size of the vectors utilized for computing attention scores. Fig.3.8 depicts the 

process of the multi-head attention mechanism. This illustration depicts the 

structure of a multi-head attention mechanism utilized in transformer models, 

featuring 8 heads. The input consists of three distinct components Query (Q), 

Key (K), and Value (V). All these components undergo a linear transformation. 

The dimensions of the query and key are specified as 𝑑𝑘 while the dimension of 

the value is defined as 𝑑𝑣 [68]. 
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                                  Fig.3.8: The multi-head attention process  

 

Each component (Q, K, and V) is replicated 8 times, one for each attention 

Each component, namely Q, K, and V, undergoes replication 8 times, 

corresponding to each attention head. After the linear transformations, the 

model systematically calculates the scaled dot-product attention for each head 

separately. This operation entails comparing the queries and the keys, utilizing 

the outcome to assign weights to the values, thereby enabling the model to 

concentrate on various areas of the defect wafers. The presence of 8 distinct 

attention heads arises from the advantage of employing multiple attention 

functions rather than relying on a singular attention mechanism with 

𝑑𝑚𝑜𝑑𝑒𝑙 dimensional keys, values, and queries. This approach involves linearly 

projecting the queries, keys, and values n times using various learned linear 

projections to dimensions 𝑑𝑘, 𝑑𝑘, and 𝑑𝑣, respectively [68]. Each head 

independently calculates its attention weights, allowing the model to gather 

contextual information from diverse representations of defect wafers across 

multiple positions. The outputs from all 8 attention heads are concatenated, 

effectively integrating the information derived from each head. Subsequently, 

an additional linear layer processes the combined outputs to generate the 
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ultimate multi-head attention output. The multi-head attention mechanism 

calculates the attention score for each region in the wafer map corresponding to 

every defect pattern which given below [68]. 

                       𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥  (
𝑄𝐾𝑇

√𝑑𝑘
)V                                     (3.13) 

The softmax operation serves to normalize the attention weights in this 

context. This scaled dot product attention emphasizes the relevant parts of the 

wafer map while diminishing the impact of irrelevant regions. Once the 

attention is calculated for each head, the outputs from all heads are combined 

through concatenation [68]. 

              𝑂𝑢𝑡𝑝𝑢𝑡 = 𝐶𝑜𝑛𝑐𝑎𝑡 (ℎ𝑒𝑎𝑑1  , … , ℎ𝑒𝑎𝑑8 )𝑊𝑂                                           (3.14) 

Where,  

                         ℎ𝑒𝑎𝑑𝑖   = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (Q𝑊𝑖
𝑄 , K𝑊𝑖

𝐾  ,V𝑊𝑖
𝑉), 𝑖 = 1 … 8                           (3.15) 

 

and                                            

                                                    𝑊𝑖
𝑄ϵ 𝑅𝑑𝑚𝑜𝑑𝑒𝑙 𝑥 𝑑𝑘                                                                    (3.16) 

                                                     𝑊𝑖
𝐾ϵ 𝑅𝑑𝑚𝑜𝑑𝑒𝑙 𝑥 𝑑𝑘                                                                   (3.17)         

                                                     𝑊𝑖
𝑉ϵ 𝑅𝑑𝑚𝑜𝑑𝑒𝑙 𝑥 𝑑𝑣                                                                    (3.18) 

                                                     𝑊𝑂ϵ 𝑅𝑑𝑚𝑜𝑑𝑒𝑙 𝑥 𝑛𝑑𝑣                                                                  (3.19)  
 

Where 𝑊𝑂 is the final transformation weight matrix. In this proposed 

model, the 𝑑𝑚𝑜𝑑𝑒𝑙  is 512 and the multi-head attention mechanism has 8 heads. 

Now, 𝑑𝑘  and 𝑑𝑣  are computed as:  

                                       𝑑𝑘 =  𝑑𝑣 =  
𝑑𝑚𝑜𝑑𝑒𝑙

𝑛
  =     

512

8
  =   64      

The overall computational cost is similar to single-head attention with full 

dimensionality because each head has a smaller dimension [68].  

To implement the multi-head attention mechanism, the wafer map of the 

center defect is segmented into n regions, where the number of regions 

corresponds to the number of heads, specifically n = 8. The attention mechanism 

generates a new representation for each region by taking into account all other 

regions through the following process:  
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Firstly, for each input 𝑥𝑖, the multi-head attention mechanism computes 

three vectors  

                                                       𝑞𝑖 = 𝑥𝑖𝑊
𝑄                                                          (3.20) 

                                                       𝑘𝑖 = 𝑥𝑖𝑊
𝑘                                                          (3.21)     

                                                       𝑣𝑖 = 𝑥𝑖𝑊𝑣                                                           (3.22) 

 

Afterwards, the attention mechanism evaluates the attention scores for 

each region i concerning every other region j, irrespective of their spatial 

proximity within the wafer of the central defect. The calculation of the attention 

score for region i to region j is performed as follows: 

                                                                   𝑎𝑖𝑗 =
𝑒𝑥𝑝(

𝑞𝑖 𝑘𝑗

√𝑑𝑘
)

∑ 𝑒𝑥𝑝(
𝑞𝑖 𝑘𝑗

√𝑑𝑘
)𝑛

𝑗=1

                                           (3.23) 

New representation for region i                            

                                      

                                                    𝑂𝑢𝑡𝑝𝑢𝑡𝑖   =   ∑ 𝑎𝑖𝑗𝑣𝑗
𝑛
𝑗=1                                             (3.24) 

Here, 𝑎𝑖𝑗 Assess the impact of region j on region i within the wafer map 

demonstrating the central defect pattern. By determining Output𝑖,the multi-

head attention mechanism enables the modified MobileNet model to effectively 

capture long-range dependencies in center wafer defect patterns. This 

mechanism assesses the impact of surrounding non-defective regions on the 

defective central region of the wafer map, without regard of their spatial 

distance. The attention mechanism effectively identifies long-range 

dependencies in donut, edge local, edge ring, and near-full defects, which 

exhibit intricate patterns. The donut defect exhibits a circular configuration, 

characterized by an absence or clear area at its center. Multi-head attention 

effectively identifies dependencies between the outer and inner boundaries of 

the ring, demonstrating the relationships between edge pixels and the 

remaining parts of the wafer, spite of their spatial distance. The defect pattern is 

nearly comprehensive, covering almost the entire wafer, with only minor 
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regions of non-defective areas present. The multi-head attention effectively 

identifies correlations between small defect-free areas and the larger 

surrounding defect regions, thereby ensuring that the relationships across the 

entire wafer are fully considered. The localized defects are primarily 

concentrated along the edges of the wafer. Multi-head attention enables the 

allocation of distinct heads to concentrate on various segments of the edge, 

facilitating the model's ability to combine information from distant regions of 

the edge that are not near one another. The edge ring, similar to the donut 

defect, forms a circular pattern, but restricted to the perimeter of the wafer. The 

multi-head attention mechanism systematically analyzes the relationships 

between points along the ring by employing multiple heads that concentrate on 

distinct angular positions. This approach enables the proposed 

MobileNet structure to effectively capture interactions among various segments 

of the ring, irrespective of their spatial separation. Furthermore, this attention 

mechanism captures long-range dependencies related to local, scratch, and 

random defective wafers. In each instance, numerous attention heads enable the 

model to recognize a variety of positional relationships across different scales, 

making it suitable for identifying both local features and extensive patterns 

typical of intricate defect maps. 

3.4.3 Proposed Hybrid System 

The proposed hybrid architecture is illustrated in Fig.3.9. In this 

architecture, the multi-head attention mechanism integrates with modified 

MobileNet that extracts features from defects in wafers efficiently. The multi-

head attention in the proposed mobile net allows the model to investigate 

interactions between distant wafer regions. The proposed method replaces the 

modified MobileNet architecture classification layer with the ECOC-SVM 

classifier to build a hybrid system. 
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 Four modified depth-wise separable (MDSC) blocks are used in this 

architecture. Every MDSC block consists of a depth-wise convolution followed 

by a pointwise convolution. The depth-wise convolution utilizes an individual 

filter for each input channel, thereby minimizing computational requirements. 

Point-wise convolution employs 1x1 convolutions to integrate channel-wise 

features, thereby enhancing the model's depth. All the depth-wise convolution 

and point-wise convolution contain batch normalization and swish activation 

functions.  The Max-pooling (2x2) is implemented following each MDSC block 

to halve the spatial dimensions, thereby enhancing the receptive field. 

At first, the input images with dimensions 32x32 pixels of 3 color channels 

are fed to the initial convolution layer with 32 filters of size 3x3. This layer 

identifies fundamental features of the image and produces feature maps 

measuring 32x32x32. 

  

                Fig. 3.9: Details Architecture of proposed Hybrid System 

Then, in the MDSC1 block, spatial filtering and channel combination are 

separated by a depth-wise convolution with 32 filters of size 3x3, further 

lowering the computational cost. Outputs of depth-wise convolution 1 are fed 

to pointwise convolution 1. This 1x1 convolution combines the outputs from the 

depth-wise convolution by mixing information across channels using 64 filters 

and producing feature maps with dimensions 32x32x64. This feature maps 

dimension reduced to 16x16x64 through max pooling operation.   After that, the 

depth-wise convolution 2 of the MDSC2 block, uses 64 filters to refine each 
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channel's spatial feature and the pointwise convolution 2 of the same block, 

mixes the 64-channel output to produce 128 feature maps of 16x16 dimension 

by using 128 filters. Again, the max pooling operation is executed following the 

MDSC 2 block, resulting in a downsampling of the feature maps by a factor of 2, 

transforming the feature maps into dimensions of 8x8x128. 

Identically, MDSC 3 generates 256 feature maps measuring 4×4, utilizing 

128 filters in depth-wise convolution and 256 filters in pointwise convolution. 

Also, MDSC4 blocks produce a total of 512 feature maps with dimensions of 2x2 

after the max pooling operation. The MDSC4 consists of depth-wise 

convolution utilizing 256 filters, along with pointwise convolution employing 

512 filters. This architecture employs global average pooling, which condenses 

the spatial dimension of 2x2x512 into a single vector of size 1x1x512 by 

averaging the spatial features across each channel. This guarantees a concise 

representation that maintains information on a channel-by-channel basis. 

 The flatten layer flattens the output from the global pooling layer into 

a one-dimensional vector with 512 features. It significantly lowers the total 

number of parameters. The output of flatten layer is then passed into the multi-

head attention layer. This layer applies attention mechanisms using 8 attention 

heads and an output dimension of 64. This layer is used for capturing long-

range dependencies across the defect wafers. Two fully connected (FC) layers 

are used in this proposed architecture. The multi-head attention layer's output 

is linked to the fully connected layer, which has 9 neurons and demonstrates 

the total number of defect and non-defect wafer map classes. From this fully 

connected layer, the features of the histogram equalized defective and non-

defect wafers of both the training set and testing set are extracted. Features from 

the training set are used to train the ECOC-SVM classifier, then it uses the 

features from the testing set to classify wafer maps as either defect or non-

defect. 



 

Chapter 3: MATERIALS AND METHODOLOGY 57 

3.5 ECOC TECHNIQUE-BASED SVM CLASSIFIER 

SVM act as a supervised machine learning algorithm specifically designed 

for binary classification tasks. The method involves directly identifying a 

hyperplane to separate two classes. The primary goal of SVM is to optimize the 

distance between each class's closest data points (support vectors) and the 

hyperplane. However, the multiclass classification problems cannot be handled 

using SVM. To solve this issue, the proposed method is using the ECOC-based 

SVM classifier. The implementation of the ECOC-SVM classifier in the hybrid 

model is shown in Fig.3.9. This classifier classifies eight defect classes and one 

non-defect class and also solves the class imbalance problem. The SVM is 

primarily employed as a binary classifier. The ECOC method integrates binary 

SVM classifiers to address multiclass issues [69]. A multi-class classification 

problem is transformed into several binary classification problems by ECOC. 

This decomposition addresses class imbalance by directing each binary 

classifier's attention towards specific class pairs, thereby redistributing focus 

and mitigating the effects of imbalance within the framework of each binary 

problem. The ECOC–SVM technique comprises the ECOC encoding and the 

ECOC decoding stages. A coding strategy is necessary to train SVM binary 

learners during the encoding stage. In this study, one vs one coding design [70] 

is employed for the categorization of defect classes. Instead of learning the 

entire multi-class issue, each binary classifier learns to determine whether a 

wafer image belongs to a subset of defect classes during training. These codes 

error-correcting features add redundancy, improving the classifier's ability to 

overcome class imbalance problems. The final classification of defect and non-

defect classes is conducted during the decoding stage by combining the outputs 

of all binary SVM classifiers.  

The total number of binary SVM classifiers for a one-vs-one structure with 

nine classes is calculated as follows: 
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                                Total no. of binary classifiers =  
𝑛(𝑛−1)

2
 = 

9(9−1)

2
 = 36 

where n (n = 9) is the number of classes. To differentiate between the two 

classes, a total of 36 binary SVM classifiers are trained. Nine rows, one for each 

class, and thirty-six columns, one for each binary classifier, make up the ECOC 

code matrix. Fig.3.10 shows the block diagram of the ECOC code matrix. With 

+1 denoting that the class is the positive class for that binary classifier, -1 

denoting that the class is the negative class for that binary classifier, and 0 

denoting that the class is excluded from this binary classification task, each 

entry in the code matrix is set to  +1, -1, or 0.  

           

                                Fig. 3.10: The block diagram of the ECOC coding matrix  

 

A binary SVM classifier is trained for every column in the code matrix to 

distinguish between the two classes with non-zero values. The training process 

for each SVM is as follows: For a given classifier, given a feature vector x and 

binary labels y ϵ {+1, −1}, the SVM maximizes the margin between the two 

classes to choose the best hyperplane separating them. Each SVM classifier 

solves the following optimization problem to determine the best separation 

hyperplane between the two classes [3]. 

                min
𝑤,𝑏,𝜉

0.5 ‖𝑤‖²  + 𝐶 ∑ 𝜉𝑖
𝑁
𝑖=0                   (3.25) 
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subject to:  

𝑦𝑖 (w. 𝑥𝑖  + b) ≥ 1 − 𝜉𝑖   ,  𝜉𝑖 ≥ 0                (3.26) 

Where w is the weight vector, b is the bias, 𝜉𝑖are slack variables, C is the 

regularization parameter, and 𝑦𝑖  are the labels derived for each binary 

classifier. The SVM assigns a label of +1 or −1 to each test sample, determined 

by its position relative to the hyperplane. 

To classify a new instance x, each of the 36 binary SVM classifiers 

produces a binary output of either +1 or -1, which is determined by the position 

of x relative to the hyperplane. This output is compiled as a 36-bit code for the 

specific instance. The output code undergoes a comparison with each codeword 

in the coding matrix, and the class corresponding to the codeword that exhibits 

the closest distance to the output code is identified as the predicted class. 

  To determine the nearest distance, the decoding stage uses the hamming 

distance D. For each class 𝐶𝑘  (where k ranges from 1 to 9), Calculate the 

Hamming distance (D) between the output code and the binary code of the 

class. The predicted class is determined by selecting the class that exhibits the 

lowest Hamming distance to the output code [68]. 

𝐶𝑝𝑟𝑒𝑑 =  𝑎𝑟𝑔 min
𝑘

ℎ𝑎𝑚𝑚𝑖𝑛𝑔 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝑏𝑘 , 𝑜𝑢𝑡𝑝𝑢𝑡 𝑐𝑜𝑑𝑒)  (3.27) 

Where,  𝑏𝑘 represents binary code for class 𝐶𝑘 . 

3.5 SUMMARY 

This chapter mainly focused on the methodology of the proposed model. 

Related to the methods, the effects of histogram equalization techniques on raw 

wafers are discussed in this chapter. The overall view of the distribution of 

wafer defect classes is illustrated by using the pie chart in this chapter. The 

proposed OPDCNet (modified MobileNet) is explained with the impact of the 

swish activation function. The multi-head attention mechanism is illustrated 

elaborately in this chapter. Finally, the ECOC- SVM classifier with the encoding 

and decoding strategy of ECOC technique are explained with block diagram. 
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Chapter 4: RESULT AND ANALYSIS 

 

The performance of the proposed system is investigated in this chapter. Section 4.1 

explains the experimental configuration. Section 4.2 describes the performance of the 

proposed system with several optimizers. Section 4.3 provides a comparative study of 

the original MobileNet and modified MobileNet.  The effects of histogram equalization 

on proposed model analyses in the Section 4.4. Section 4.5 discusses the confusion chart 

matrix of the proposed model. The performance analysis of the proposed model through 

using various classifiers are briefly discussed in Section 4.6. Section 4.7 introduces a 

comparison of the proposed model and pre-trained models in terms of testing accuracy, 

total learning parameters and FLOPs. Finally, Section 4.8 compares the outcomes of the 

proposed system with other developed systems of the same research field.  

4.1 EXPERIMENTAL CONFIGURATION 

The experiment is performed using a laptop equipped with the 11th 

Generation Intel Core i5-1135G7 Processor. The hardware resource involves a 

single CPU. The MATLAB R2023a version is selected for this experiment. The 

proposed model and other pretrained models are implemented in this platform. 

The mini-batch size is set to 512, and the initial learning rate is established at 

0.001. Five performance indicators—accuracy, precision, recall, AUC, and F1 

score—are designed to evaluate the model's effectiveness. 

                            𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁 
                        (4.1) 

                                𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                 (4.2) 

     𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                       (4.3) 

    𝐹1 −  𝑆𝑐𝑜𝑟𝑒 =
2∗(𝑅𝑒𝑐𝑎𝑙𝑙∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)

𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
                            (4.4) 
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4.2 PERFORMANCE ANALYSIS WITH DIFFERENT OPTIMIZERS 

Three optimizers are employed for functioning the proposed model: ' 

SGDM’, ‘ADAM’ and ‘RMSProp’ optimizers. The Stochastic Gradient Descent 

with Momentum (SGDM) optimizer minimizes computational redundancy [71]. 

The momentum parameter of this optimizer facilitates the acceleration of the 

optimization process. The Root Mean Square Propagation (RMSProp) optimizer 

employs the concept of a moving average of the squared gradients across 

consecutive mini batches for each weight [72]. The Adaptive Moment Estimation 

(ADAM) optimizer integrates the properties of AdaGrad and RMSProp and 

requires lower memory [73]. The line graph in Fig.4.1 illustrates the comparison 

of the performance of the proposed hybrid system based on three different types 

of optimizers. The proposed system achieved the highest testing accuracy 

(98.55%) with the SGDM optimizer. The line graph indicates that using SGDM, 

the testing accuracy of the suggested hybrid technique is close in level to the 

training accuracy, suggesting that the system effectively resolves overfitting 

issues. Batch normalization is employed in the modified MobileNet architecture, 

assisting the proposed hybrid framework in mitigating overfitting problems. 

                      

                          Fig. 4.1: Analysis of the proposed model with several optimizers  
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4.3 COMPARATIVE STUDY  

In this thesis work, the performance between modified MobileNet and 

basic Mobile Net architecture is compared by using five performance indicators:  

accuracy, precision, recall, AUC, and F1 score, and provides a comparative 

analysis with the original Mobile Net.  The area under the receiver operating 

characteristic (ROC) curve is known as the AUC. 

The model's capacity to recognize intricate patterns in semiconductor 

wafer maps is demonstrated by the AUC values. The ablation study of the 

proposed model is included in Table 4.1. The original MobileNet model is the 

first model, and the suggested hybrid model with a modified MobileNet 

architecture is the second. In Table 4.1, the best results are shown in bold. The 

F1-score, precision, recall, and AUC values for eight defects and one non-

defect wafer are shown in this table. This table's data shows that the suggested 

hybrid system attains an excellent average precision value of 0.9564. This 

suggests that the hybrid approach outperforms the original MobileNet in 

precisely locating defective areas in the semiconductor wafers compared to the 

original Mobile Net model, the suggested hybrid framework has a better 

average recall value of 0.9442, indicating that the suggested system is capable of 

detecting a small percentage of defects in defective wafers. 

The suggested hybrid model produces a higher average F1 score of 0.9334, as 

indicated in Table 4.1, guaranteeing precise defect class detection and lowering 

the probability of missed detections. Additionally, Table 4.1 shows that the 

suggested hybrid model outperforms the original Mobile Net version with an 

average AUC value of 0.9974. This indicates the suggested method is better at 

recognizing intricate patterns and capturing distant relationships in wafer maps. 

The suggested hybrid system achieves the maximum precision value (1) for 

near-full defects in Table 4.1, demonstrating that the model appropriately avoids 

false positives for defects with significant spatial distribution. 
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The proposed framework appears to accurately capture the distributed 

dependencies of the ring, as indicated by the precision value (0.9971) for edge 

ring defect patterns. The model successfully captures almost all true positives, 

indicating that the suggested model accurately covers the long-range 

dependencies on the defective wafer. This is demonstrated by the highest recall 

value (0.9959) obtained for the edge-ring defect class. High precision, recall, and 

AUC across these classes illustrate the suggested model's great capacity to 

 

 

 

Table 4.1:   Performance Analysis of Proposed Model 

Models Measure Center Donut Edge -

Local 

Edge -

Ring 

Local Near 

Full 

None Random Scratch Avg. 

Original 

MobileNet + 

Histogram 

Equalization + 

Softmax 

Precision 0.9310 
 

0.9362 0.8910 

 

0.9889 

 

0.7007 

 

0.9857 0.9801 

 

0.9583 0.4321 

 

0.8671 

F1-Score 0.9527 
 

0.6822 0.8403 0.9895 

 

0.6783 

 

0.9857 0.9839 

 

0.8440 

 

0.4663 0.8248 

Recall 0.9754 0.5366 

 

0.7950 

 

0.9901 

 

0.6574 

 

0.9857 0.9877 

 

0.7541 

 

0.5063 0.7987 

AUC 0.9970 0.8758 0.9938 0.9998 0.9712 0.9857 0.9958 0.9497 0.9457 0.9683 

Modified 

MobileNet 

with Swish +   

Histogram 

Equalization 

+ECOC-SVM  

Precision 0.9587 0.9076 0.9432 0.8801 0.8828 0.9237 0.9653 0.9128 0.6300 0.8893 

F1-Score 0.9554 0.9152 0.9297 0.9042 0.8487 0.9146 0.9620 0.9226 0.6051  0.8842 

Recall 0.9522 0.9231 0.9167 0.9297 0.8358 0.9058 0.9589 0.9328 0.5821 0.8819 

AUC 0.9437 0.9558 0.9351 0.9647 0.9587 0.9583 0.9482 0.9439 0.9033 0.9457 

Modified 

MobileNet 

with Swish + 

Histogram 

equalization 

+Multi-head 

Attention + 

Softmax 

Precision 0.9656 

 

0.8324 0.8747 

 

0.9854 0.7754 

 

0.8600 0.9791 0.8239 0.5970 0.8548 

F1-Score 0.9698 0.7846 0.8409 0.9869 0.7133 0.8091 0.9803 

 

0.8864 0.4290 0.8222 

Recall 0.9740 0.7415 0.8095 0.9883 0.6605 0.7333 0.9917 0.9590 0.3347 0.7991 

AUC 0.9623 0.8445 0.9567 0.9342 0.9432 0.7945 0.9864 0.9798 0.8841 0.9206 

 

Modified 

MobileNet 

with  ReLU  + 

Histogram 

equalization 

+Multi-head 

Attention +   

ECOC-SVM 

 

Precision 0.9766 

 

0.9044 0.8997 

 

0.9148 0.8994 

 

0.9780 0.9712 0.8819 0.6922 0.9020 

F1-Score 0.9699 0.9062 0.8974 0.9109 0.8374 0.9252 0.9741 

 

0.8949 0.6386 0.8838 

Recall 0.9605 0.9082 0.8952 0.9072 0.7834 0.8779 0.9772 0.9083 0.5928 0.8689 

AUC 0.9439 0.9081 0.9497 

 

0.9363 0.9262 0.9085 0.9694 0.9587 0.8611 0.9291 

Modified 

MobileNet 

with  Swish  + 

Histogram 

equalization 

+Multi-head 

Attention +   

ECOC-SVM 

( Proposed 

hybrid  model ) 

Precision 0.9857 0.9512 

 

0.9665 0.9971 0.9159 1.0000 0.9917 

 

0.9440 0.8551 0.9564 

F1-Score 0.9907 

 

0.9512 0.9604 0.9965 0.8942 

 

0.9474 0.9945 

 

0.9555 0.8079 0.9442 

Recall 0.9957 

 

0.9512 

 

0.9545 0.9959 0.8735 0.9900 0.9073 

 

0.9672 

 

0.7657 0.9334 

AUC 0.9999 0.9999 

 

0.9984 0.9998 0.9948 1.0000 

 

0.9967 0.9998 

 

0.9876 

 

0.9974 
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capture long-range dependencies employing multi-head attention for defects 

with scattered spatial patterns, as the findings above show.  

The highest AUC value (1) is obtained while detecting the near-full defect 

class in wafer maps using the suggested model. The model's capacity to reliably 

differentiate between these complex defects and normal wafers is demonstrated 

by the near-perfect AUC values for the donut defect class (0.9999) and edge-ring 

defect class (0.9998). These AUC values for defect classes show that, throughout 

complicated and irregular spatial arrangements, the swish activation function 

aids the suggested model in detecting complex defect patterns. This table 

indicates that the proposed hybrid model with the multi-head attention 

mechanism outperforms the hybrid model without using this mechanism in 

terms of capturing long-range dependencies in donut, scratch and edge-ring 

defects classes. The outcomes demonstrated that the hybrid model with ECOC-

SVM classifier solves the class imbalance problem by focusing on the small-sized 

dataset of defect classes, such as donut and near-full defect classes, unlike the 

softmax classifier, which focuses on majority samples defect classes, such as the 

non-defect class.  The hybrid model with Relu activation function fails to detect 

intricate patterns in donut, scratch and edge ring defect classes. On the other 

hand, the inclusion of swish activation function enables the hybrid model to 

identify these complex patterns, which is proven by the results of proposed 

hybrid model in Table 4.1.   

4.4 EFFECTS OF HISTOGRAM EQUALIZATION ON PROPOSED MODEL 

The histogram equalization (HE) plays an important role in recognizing 

tiny defects in defective wafers, which are discussed in this section. Among of 

eight defect wafer types of center, edge-ring and scratch wafer defects exhibit 

small defects mostly. The bar chart of Fig.4.2 illustrates that the histogram 

equalization markedly improves the model's performance in identifying the 

center defect class. The results indicate an enhancement in precision from 96.86% 
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to 98.57%, an increase in F1-Score from 97.49% to 99.07%, and an improvement 

in recall from 98.12% to 99.57%. Additionally, there is a slight rise in AUC from  

Fig. 4.2: Impact of HE on center defect class 

99.94% to 99.99%. This bar chart in Fig. 4.3 demonstrates the effect of 

histogram equalization on the model's ability to identify the edge ring defect 

class in wafer maps.  

   

Fig. 4.3: Impact of HE on edge-ring defect class 

The Precision value improved from 98.87% (without histogram 

equalization) to 99.71% (with histogram equalization), demonstrating enhanced 

accuracy in predicting true positivesThe F1-Score increased from 98.06% to 

99.65%, indicating a better balance between precision and recall. The Recall 

value rose from 97.25% to 99.59%, indicating an improved rate of accurately 
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identified edge ring defects. The AUC value showed a marginal improvement 

from 99.94% to 99.98%. 

Fig. 4.4 depicts that the proposed model can effectively identify difficult, 

thin defect lines of scratch defect class using the histogram equalization 

technique. The precision rises from 52.27% without histogram equalization to 

85.51% with it, demonstrating a greater percentage of accurately identified 

scratch defect class. The F1-score increases from 16.25% to 80.79%, indicating an 

enhancement in overall performance. 

                       

 
             

Fig. 4.4: Impact of HE on scratch defect class 

The recall value markedly rises from 9.62% to 76.57%, indicating that the 

model can identify a greater proportion of actual scratch defect types. The AUC 

value demonstrates a rise from 87.68% to 98.76%, reflecting an improved ability 

to differentiate between scratch and non-scratch defect wafers. These analyses 

prove that the suggested model detects tiny defects in defective wafers by 

employing histogram equalization correctly. In this thesis work, the overall 

impact of the histogram equalization technique on the performance of the 

proposed model is also analysed. The bar chart in Fig.4.5 analyses the effects of 

incorporating the histogram equalization technique on the overall performance 

of the proposed hybrid model. The findings demonstrate that the integration of 
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histogram equalization markedly improves model performance. The proposed 

model utilizing histogram equalization demonstrates an average precision of 

95.64%, an average F1-Score of 94.42%, an average recall of 93.93%, and an 

exceptionally high average AUC of 99.74%. 

               
Fig. 4.5: Overall performance evaluation of the proposed model based on the HE 

The proposed model without histogram equalization exhibits 

substantially lower performance, attaining an average precision of 86.01%, an 

average F1-Score of 80.85%, an average recall of 79.12%, and an average AUC of 

97.97%. The findings indicate the significant impact of histogram equalization on 

enhancing the classification accuracy of the proposed model. 

4.5 THE CONFUSION MATRIX CHART OF THE PROPOSED MODEL  

The effectiveness of the proposed system is demonstrated by using the 

confusion chart matrix in this thesis work. Fig.4.6 illustrates the confusion matrix 

chart of the proposed hybrid system. This confusion chart presents the count of 

accurately classified defect wafer map classes along with details regarding 

misclassification by the proposed hybrid system. The confusion chart matrix 

demonstrates diagonal entries that indicate the count of accurately classified 

images for each defect class, whereas the off-diagonal entries reflect the 

misclassifications among defect classes. In the confusion chart, 689 in the starting 

row and the first column signifies that 689 images of the defect wafer map class 

0.00%

20.00%

40.00%

60.00%

80.00%

100.00%

Average
Precision Average F1-

Score
Average

Recall Average
AUC

86.01%

80.85%
79.12%

97.97%

95.64%
94.42% 93.93%

99.74%

Without Histogram  equalization With Histogram equalization



 

Chapter 4: RESULT AND ANALYSIS 68 

center are accurately categorized as the center defect class. This chart shows that 

the value 1 in the first row and the 8th column represents 1 image from the 

defect class center misclassified as the defect class random (false positives) 

                                  

                            Fig. 4.6: Confusion matrix chart of the proposed hybrid model  

Conversely, the 9th row and the 3rd column indicate that 1 image 

belonging to the edge-local class has been misclassified as part of the defect class 

center (false negatives). A total of 1704 samples have been accurately classified 

as edge-ring. The proposed model demonstrates strong performance on edge 

ring defects, as evidenced by the limited number of images classified as edge-

local and local defect classes. In the same way, the counts of accurately identified 

defect classes are as follows: donut - 78, edge-local - 461, local - 283, near full - 27, 

none - 7326, random - 118, and scratch - 183. The confusion matrix chart 

illustrates a significantly higher rate of accurately classified defect classes 

compared to the misclassification rate. This suggests that the proposed hybrid 

system effectively identifies various types of wafer defects, including those with 

intricate patterns and tiny defects, with a notable level of precision. 

4.6 PERFORMANCE EVALUATION USING DIFFERENT CLASSIFIERS 

We use different classifiers for the classification of defective wafers.  Table 

4.2 shows the effectiveness of the proposed hybrid models with classifiers. The 
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hybrid model with an ECOC-SVM classifier attains the best overall precision at 

95.64%, surpassing the Softmax classifier model at 88.04% and the KNN 

classifier model at 76.32%. 

                           Table 4.2: Performance analysis with different classifiers  
 

 

 

 

 

 

 

 

 

 

 

This signifies that the ECOC-SVM classifier model improves at reducing 

false positives, making it more dependable in cases where accurate classification 

is critical. The ECOC-SVM classifier demonstrates superior overall recall at 

93.34%, with the softmax classifier following at 82.14%, and the KNN classifier at 

74.52%. The higher recall in the ECOC-SVM classifier-based model indicates its 

enhanced capability to identify all positive instances, a vital aspect in defect 

detection in cases where missing defects can lead to severe consequences. The 

ECOC-SVM classifier model demonstrates superior performance, with an F1 

score of 94.42%, outpacing the Softmax classier model, with an F1 score of 

84.45%, and the KNN classifier model, with an F1 score of 75.33%. The superior 

accuracy of the ECOC-SVM model highlights its reliability and effectiveness in 

accurately classifying defect wafer maps. 

4.7 COMPARATIVE ANALYSIS OF THE PROPOSED MODEL WITH PRE-

TRAINED MODELS 

Comparisons among the proposed model with various pre-trained models 

are analysed in this thesis work. The testing accuracy of many deep learning 

Model with 

Classifiers 

Overall 

Precision 

Overall 

Recall 

Overall 

F1-

Score 

Testing 

Accuracy 

Hybrid 

model with 

Softmax 

88.04% 82.14% 84.45% 95.62% 

Hybrid 

model with 

KNN 

76.32% 74.52% 75.33% 93.23% 

Hybrid 

model with 

ECOC-SVM 

95.64% 93.34% 94.42% 98.55% 
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models, including two Mobile Net variations, two ResNet variants, and a 

proposed hybrid model, is displayed in the bar chart in Fig.4.7. The suggested 

model outperforms MobileNet V1 (95.31%), MobileNet V2 (94.01%), ResNet-18 

(96.34%), and ResNet-50 (95.04%) with the highest testing accuracy of 98.55%. 

The usefulness of the hybrid method in capturing intricate defect patterns and 

long-range dependencies is demonstrated by the fact that the suggested hybrid 

model performs better than all other pre-trained models included in this bar 

chart. 

                   

Fig. 4.7: Comparative analysis based on testing accuracy 

Fig. 4.8 illustrates a bar chart that compares the total parameters (in 

millions) of several models. The suggested hybrid model has 1 million 

parameters, considerably less than the other models. The ResNet-18 and ResNet-

50 models comprise 23.5 million and 11.1 million parameters, respectively.  

                   

                          Fig. 4.8: Comparative analysis based on total parameters 
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MobileNet V1 possesses the greatest amount of parameters (28.5 million) 

compared to the other models illustrated in this bar chart. The MobileNet V2 

model has the second-largest parameter count in this bar chart.  

Fig.4.9 illustrates a line graph that compares the computational complexity, 

quantified in FLOPs (Floating Point Operations per Second), of the Proposed 

Hybrid Model with several pre-trained models. 

                    

                                   Fig. 4.9: Comparative analysis based on FLOPs 

FLOPs measure the operations necessary for a single forward pass, 

indicating the model's computational cost. The Proposed Hybrid Model has a 

minimal computational complexity at 22,800 million FLOPs. ResNet-50 exhibits 

a considerably higher computing requirement of 948,000 FLOPs (million). 

ResNet-18 necessitates 194,000 million FLOPs, significantly above the proposed 

model albeit lower to ResNet-50. MobileNet V2 constitutes one of the most 

computationally demanding models, requiring 2,320,000 FLOPs (million), which 

indicates the expense of its operations despite optimized parameters. MobileNet 

V1: The model with the greatest computing need, totalling 2,840,000 FLOPs 

(million). This result demonstrates that the proposed hybrid model provides 

superior outcoms with less computational complexity and outperforms other 

pre-trained models in terms of measuring Flops. 
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4.8 COMPARATIVE ANALYSIS OF THE PROPOSED HYBRID SYSTEM 

WITH SEVERAL DEVELOPED SYSTEMS 

We use several research works for comparative studies with the proposed 

system. Table 4.3 compares several defect wafer map categorization methods. 

All the methods presented in this Table utilize the real wafer map dataset 

WM811K [66]. 

         Table 4.3: Comparison of the proposed hybrid approach with other methods based 

                          on accuracy.   

                                                                                                                                    

Methods Accuracy (%) 
 

[11] 93.75 % 

[14] 95.46 % 

[16] 98.34% 

[29] 96.96 % 

              Proposed method 98.55% 

 

The results in this table demonstrate that the proposed hybrid approach 

achieves superior accuracy (98.55%) compared to the other methods listed. The 

accuracy of the lightweight network-based defective wafer classification system 

[16] is nearest to the proposed system's accuracy, 98.34%.  An accuracy of 96.96% 

is attained by the system [29] that used a modified attention mechanism. Table 

4.4 compares the performance of the proposed model with other developed 

models based on average values of precision, recall and F1-score. The proposed 

hybrid model outperforms the listed models in terms of all performance matrics. 

         Table 4.4: Comparison of the proposed hybrid approach with other methods 

                           based on average values of performance metrics.      

Methods Avg. Precision (%) Avg. Recall (%) 

 

Avg. F1-score (%) 

[11] 93.81  93.79 93.76 

[16] 93.30 89.10 90.71 

Proposed 

method 

95.64 93.34 94.42 
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Table 4.5 represents the comparison of performance metrics for defect 

classes between the proposed hybrid model and the developed method in [16]. 

This table demonstrates that the proposed model performs better than the other 

mentioned model [16], in the context of detecting complex patterns and 

capturing long-range dependencies in the scratch defect class, donut defect class, 

and the edge ring defect class.  

Table 4.5: Comparison of the proposed hybrid approach with other system-based 

        on classifications of different defect classes.  

Methods Measure Center 

(%) 

Donut 

(%) 

Edge-

Local (%) 

Edge-

Ring (%) 

Local 

(%) 

Near-

Full 

(%) 

None 

(%) 

Random 

(%) 

Scratch 

(%) 

[16] Precision 98.85 94.02 92.22 99.57 89.80 93.57 96.40 98.99 76.31 

Recall 98.96 93.88 89.88 99.32 81.91 92.33 95.23 100 50.40 

F1-score 98.90 93.91 90.99 99.44 85.53 92.13 95.80 99.49 60.17 

Proposed 

method 

Precision 

 

98.57 95.12 96.65 99.71 91.59 100 99.17 

 

94.40 85.51 

Recall 99.57 95.12 

 

95.45 99.59 87.35 99.00 90.73 

 

96.72 

 

76.57 

F1-score 99.07 

 

95.12 96.04 99.65 89.42 

 

94.74 99.45 

 

95.55 80.79 

 

Table 4.6 shows the comparison between the proposed methods with other 

wafer defect detection method [29] based on the total parameters count in 

million. The proposed hybrid model requires only 1 million parameters to 

correctly detect eight defect classes and one non-defect class. The overall 

performance studies indicate that the proposed model detects the different types 

of defect patterns efficiently with lower learning parameters. 

Table 4.6: Comparison of the proposed hybrid approach with another method based 

                   on total parameters.   

                                                                                                                                    

Methods Total parameters 

(Million) 

[29] 28.03 

              Proposed method 1 

 

  The effectiveness of the proposed hybrid model is evaluated for handling 

imbalanced data by conducting a comparison with MobileNet, which was 
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trained on a balanced dataset. The proposed hybrid model surpassed MobileNet 

in recall and F1-score metrics. The increased recall of the hybrid model suggests 

that it effectively detects a larger percentage of minority defects, which are 

typically more challenging to identify in imbalanced datasets. The enhanced F1-

score indicates that the hybrid model effectively balances the identification of 

defects while reducing the occurrence of false positives. This suggests that, even 

without dataset balancing, the proposed hybrid model with ECOC-SVM 

classifier exhibits superior effectiveness in identifying donut, near-full, scratch 

and random defects, which are a small percentage of the total wafer image 

dataset.  

Table 4.7: Comparison of the proposed hybrid model and the base MobileNet model  

                  based on dataset balancing.  

Models Measure Center 

(%) 

Donut 

(%) 

Edge-

Local (%) 

Edge-

Ring (%) 

Local 

(%) 

Near-

Full 

(%) 

None 

(%) 

Random 

(%) 

Scratch 

(%) 

Original 

MobileNet 

Model with 

the balanced 

dataset 

Precision 94.15 94.12 90.13 

 

97.88 

 

76.72 

 

97.37 97.11 

 

93.73 70.22 

 

Recall 96.77 

 

83.37 92.48 96.25 

 

74.02 

 

93.67 96.19 

 

90.40 

 

60.63 

F1-score 95.44 88.42 

 

91.23 

 

97.06 

 

75.34 

 

95.48 96.65 

 

92.03 

 

65.07 

Proposed 

model 

with the 

imbalanced 

dataset 

Precision 

 

98.57 95.12 96.65 99.71 91.59 100 99.17 

 

94.40 85.51 

Recall 99.57 95.12 

 

95.45 99.59 87.35 99.00 90.73 

 

96.72 

 

76.57 

F1-score 99.07 

 

95.12 96.04 99.65 89.42 

 

94.74 99.45 

 

95.55 80.79 

 

4.8 SUMMARY 

The outcomes of the proposed model and comparative studies are given in 

this chapter. The proposed hybrid model analyses using different optimizers. 

Based on recall, precision, F1-score and AUC, the proposed model is compared 

with the original MobileNet version. The effects of applying the histogram 

equalization technique in identifying wafer defects are depicted by bar charts. 

The correct classification rate of the proposed model is represented by the 

confusion chart matrix. The performance of several pre-trained models 
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(MobileNet V1, MobileNet V2, ResNet-18 and ResNet-50) are compared with the 

proposed model in terms of accuracy, learning parameters and Flops. At the end 

of the chapter, the comparative analysis of the proposed model with other 

related developed models is given. 
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Chapter 5: CONCLUSIONS 

 

This chapter analyse the findings and offers ideas for future study possibilities. A 

summary of the thesis and an interpretation of the findings leading to a broad 

conclusion are given in Section 5.1. The limitations and challenges involved in 

developing a detection system for semiconductor wafer defects are highlighted in Section 

5.2. Finally, suggestions for further study in this area are given in Section 5.3. 

5.1 CONCLUSION 

Due to the numerous variances and sophisticated geometries of 

semiconductor defective wafer maps, noise and unpredictability in the 

production process make it difficult to identify small defects and complex 

patterns. Furthermore, as defects frequently interact intricately across several 

spatial regions, it is critical to capture long-range dependencies inside defective 

wafers for accurate defect identification. This research develops a modified 

MobileNet-based hybrid system to classify wafer defects using an ECOC-SVM 

classifier, that effectively addresses the identified issues. The modified 

MobileNet architecture uses the swish activation function for detecting complex 

defect patterns. Also, the modified MobileNet incorporates a multi-head 

attention mechanism, enabling the model to effectively comprehend spatial 

relationships across considerable distances in defective wafers.  The higher 

average AUC value (0.9974) attained by the proposed MobileNet compared to 

the original MobileNet and the model attains an impeccable AUC of 1 for 

identifying the near-full defect class that is 1.43% higher than the AUC value 

achieved by the original MobileNet. These investigations indicate that the 

proposed Modified version of MobileNet effectively detects intricate defective 

wafers. 
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The case of detection of the edge ring defect class shows a notable 

improvement using the modified MobileNet instead of using the original 

MobileNet with the F1 score rising from 0.9895 to 0.9965 and the recall value 

increasing from 0.9901 to 0.9959. Furthermore, the proposed model achieves the 

highest average F1 score and recall value, demonstrating that integrating the 

multi-head attention mechanism within the modified MobileNet architecture 

significantly enhances the ability to capture long-range relationships in 

defective wafers.  

In proposed method, the histogram equalization technique is employed on 

defective wafer images to ensure precise identification of small defects. The 

model that includes the histogram equalization process indicated an 

improvement of 9.63% in average precision, 13.57% in F1 score, 14.81% in recall, 

and 1.77% in AUC compared to the model without the histogram equalization 

process. These outcomes indicate that the inclusion of the histogram 

equalization technique improves the ability of the proposed system to identify 

tiny defects.  

The ECOC-SVM classifier is employed in the proposed hybrid system for 

classification tasks. The ECOC strategy is used in the SVM classifier model 

which enhances the binary classification capabilities of SVMs to deal with 

multiple classes efficiently. The hybrid model using ECOC-SVM classifiers 

surpassed the softmax and KNN classifiers-based models in every evaluation 

metric, attaining the highest precision, recall, F1-score, and testing accuracy. 

This indicates the ECOC-SVM classifier is the most robust and reliable for 

different defective wafer classification challenges.  

The proposed hybrid model performs better than the state-of-the-art 

models, including MobileNet V1, MobileNet V2, ResNet-18, and ResNet-50, 

particularly regarding accuracy, learning parameters, and computational 

complexity. The suggested hybrid model requires a very small percentage of 
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the FLOPs in comparison to the MobileNet V1 (over 120 times less) and the 

MobileNet V2 (over 100 times less). The hybrid model attains a significant 

decrease in learning parameter count, with reductions of roughly 96.5% and 

96.1% less parameters compared to MobileNet V1 and MobileNet V2, 

respectively. The Proposed Hybrid Model is well-optimized for computational 

efficiency while reducing resource consumption. Notwithstanding the 

significant reduction in learning parameters, it retains competitive performance 

(accuracy) relative to pre-trained models, demonstrating its design efficiency 

and suitability for environments with limited resources. Various optimizers are 

used to function in the proposed hybrid model, among which SGDM optimizer 

provides the best results.  The proposed hybrid system with SGDM optimizer 

attains an accuracy of 98.55%, surpassing the accuracy of the technique in [11] 

by 4.80%, the accuracy of the method in [14] by 3.09%, the defect wafer 

recognition system’s accuracy in [16] by 0.21%, and the wafer map defect 

pattern detection system’s accuracy in [29] by 1.59%.  The performance study 

and comparative analysis above demonstrated that this hybrid system 

efficiently handled defective wafer map identification challenges and 

recognized wafer defects more accurately. In addition, the proposed model 

outperforms the pre-trained models discussed in this study regarding 

classification accuracy, parameter size and computational cost.  

5.2 LIMITATIONS AND CHALLENGES 

Although the combination of the ML approach and DL approach provides 

significant improvements in identifying defective wafers, there are some 

limitations and challenges to applying the hybrid method to defect wafer 

recognition  and classification which are described below: 

➢ Limited Dataset Diversity: The evaluation of the proposed hybrid 

system was conducted using a specific dataset of semiconductor 

defective wafer maps. This dataset may not comprehensively capture the 
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diversity and complexities of defect patterns found in wafer maps across 

various production environments. The model's ability to generalize 

across multiple datasets from different semiconductor fabrication 

processes or industries is still questioned. A comprehensive assessment 

across various datasets could strengthen the system's robustness and 

adaptability. 

➢ Time Consumption:  The training process is notably time-consuming. 

Although the proposed system shows considerable performance 

enhancements, the training of the modified MobileNet, which 

incorporates multi-head attention, histogram equalization, and ECOC-

SVM classifiers, requires substantial computational resources. The 

training process, particularly when dealing with large-scale datasets, 

demands significant computational resources and extended processing 

durations. This could impede the implementation of real-time or large-

scale industrial applications, highlighting the need for additional 

optimization to accelerate training processes. 

➢ Limited Preprocessing Technique: The study utilizes histogram 

equalization as a fixed preprocessing technique for enhancing small 

defects; however, it does not investigate alternative methods or adaptive 

thresholding, which could potentially yield further performance 

enhancements. 

➢ Hyperparameter Sensitivity: The performance of the model could be 

influenced by the selection of hyperparameters, such as attention heads, 

SVM parameters, and optimizer settings. Conducting a more thorough 

hyperparameter optimization may lead to additional improvements in 

performance. 
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5.3 FUTURE STUDY 

To improve the effectiveness, generalizability, and efficiency of the 

system, future investigations should concentrate on the following aspects: 

➢ Enhancement of Dataset Variety: Future investigations should focus on 

gathering and synthesizing diverse datasets from a range of 

semiconductor fabrication processes, encompassing various wafer sizes, 

materials, and types of defects. An expanded and more varied dataset 

would enhance the system's resilience and ability to generalize across 

various production environments. 

 

➢ Optimizing Training Time: Future investigations should delve into 

methods for enhancing training duration, including model pruning, 

quantization, knowledge distillation, and effective parallel processing 

techniques. Furthermore, exploring hardware acceleration alternatives, 

such as specialized GPUs, TPUs, or edge computing solutions, may 

enhance the capability for real-time deployment in industrial 

applications. 

 

➢ Analysis of Alternative and Adaptive Preprocessing Techniques: 

Future research may explore adaptive preprocessing methods, including 

Contrast Limited Adaptive Histogram Equalization (CLAHE), wavelet-

based denoising, or preprocessing techniques grounded in deep 

learning. These methods could enhance adaptability to diverse defect 

patterns and increase classification precision. 

 

➢ Improved Hyperparameter Optimization Approaches: The effectiveness 

of the hybrid model is significantly influenced by the selection of 

hyperparameters, such as the number of attention heads, SVM kernel 

parameters, learning rate, and optimizer configurations. Future research 
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ought to integrate sophisticated hyperparameter optimization methods, 

including Bayesian optimization, genetic algorithms, or grid and random 

search, to refine the model for peak performance. Automated 

hyperparameter tuning frameworks can be utilized to methodically 

investigate various configurations. 

➢ Integration of Explainability and Interpretability Mechanisms: 

Grasping and demonstrating the decision-making processes of deep 

learning models in defect classification is vital for their acceptance in 

industrial applications. Future work may incorporate explainability 

techniques like SHAP (Shapley Additive Explanations), Grad-CAM, or 

attention heatmaps to elucidate the model's processes for detecting and 

classifying defects. This would improve confidence and integration of 

the hybrid system in manufacturing environments.  
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