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Abstract 

Wafer defect inspection is one of the crucial semiconductor processing technologies because it can help 
to identify the surface defects in the process and eventually improve the yield. Manual inspection using 
human eye is subjective and long-term fatigue can lead to erroneous classification. Deep learning 
technology such as convolutional neural network (CNN) is a promising way to achieve automated wafer 
defect classification. The training of CNN is time consuming and it is nontrivial to fine tune its 
hyperparameters to achieve good classification performance. In this study, Arithmetic Optimization 
Algorithm (AOA) is proposed to optimize the CNN hyperparameters, such as momentum, initial learn 
rate, maximum epochs, L2 regularization, to reduce the burden brought by trial-and-error methods. The 
hyperparameters of a well-known pretrained model, i.e., GoogleNet, are optimized using AOA to perform 
wafer defects classification task. Simulation studies report that the AOA-optimized GoogleNet achieves 
promising accuracy of 91.32% in classifying wafer defects. 

Keywords: Arithmetic optimization algorithms, wafer defects classification, convolutional neural networks, 

hyperparameters optimization. 

1. Introduction 

Emergence of Industrial Revolution 4.0 (IR4.0) era has 

led to the growing demands in semiconductor industries 

to produce sophisticated integrated circuit chips. More 

integrated circuit components are patterned and etched 

onto semiconductor wafers to meet various requirements 

of chips in terms of its accessing speed, lifespan, memory 

storage, size and etc. Likelihood of having manufacturing 

process-based defects on the wafer surface tends increase 

with the pressures of satisfying the growing demands of 

customer sides and this undesirable scenario can reduce 

the yields. One of the important steps used to address the 

manufacturing yield issue is to identify and classify the 

wafer defect patterns that can be associated with different 

steps of manufacturing process. Some typical issues of 

chip fabrication process include flow leakages, robot 

handoffs, contamination and etc. Engineers can improve 

the yield by locating the manufacturing problems of chips 

based on wafer defect patterns observed[1]. For most 

semiconductor industries, the wafer defect identification 

is still performed through human visual inspection. This 

manual process has undesirable drawbacks such as lack 

of objectivity and the high tendency of making false 

classifications due to long term fatigue issue.  

To address the drawbacks of human inspection, an 

automated machine vision system incorporated with 

optimized deep learning model is designed for wafer 

defects classification in reliable manners. Convolutional 

neural network (CNN) is a popular deep learning method 

used to solve real-world problems[2],[3],[4],[5],[6],[7], 

including wafer defect classification[8],[9], motivated by 

its promising ability to learn the nonlinear relationships 

of input and output based on useful information extracted 
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from raw data. Tremendous success of deep learning has 

driven the designs of various popular CNN architectures 

(e.g., AlexNet[10], ResNet-50[11], GoogleNet[12], 

VGG-16[13], etc.). Transfer learning is used to train 

these CNN networks to solve new tasks with lesser 

datasets and time. A crucial factor that governs the 

performance of pretrained network to solve new tasks is 

hyperparameter settings used during the training process.  

Conventionally, CNN hyperparameters are manually 

tuned in trial-and-error basis but it is time-consuming. 

Given their strong global search ability, metaheuristic 

search algorithms (MSAs) inspired by various natural 

phenomena[15] (e.g., evolution theory, animal behaviors, 

physics principles and human activities) are used to solve 

many complex optimization 

problems[16],[17],[18],[19],[20],[21], including the 

hyperparameter tuning of CNN. Arithmetic optimization 

algorithm (AOA)[14] is an emerging MSA inspired by 

the distribution behaviors of four major arithmetic 

operators (i.e., addition, subtraction, multiplication and 

division). In this study, GoogleNet is selected as a 

pretrained network and trained with new datasets via 

transfer learning for solving wafer defect classification 

task. AOA is used to optimize four hyperparameters if 

CNN, i.e., momentum, initial learn rate, maximum 

epochs and L2 regularization. Performance of optimized 

CNN model in classifying wafer defects is investigated.  

2. Related Works 

2.1. Conventional CNN and GoogleNet 

A typical CNN model consists of three different layers, 

i.e., convolutional layer, pooling layer and fully 

connected layer[22]. Convolution layer is mainly used to 

extract desired features from input images. Pooling layer 

is applied to reduce the size of the feature maps produced 

by the convolution layer. Subsequently, a fully connected 

layer acts as the classification module of a CNN model. 

Table 1 presents an example of a typical CNN model.  

GoogleNet was proposed by Szegedy et al.12 and it 

has 7 million parameters. The network architecture of 

GoogleNet consists of nine inception modules, four 

convolutional layers, four max-pooling layers, three 

average pooling layers, five full-connected layers, and 

three SoftMax layers for the main auxiliary classifiers in 

network. GoogleNet also has the dropout regularization 

and ReLU activation functions in its fully connected 

layers and convolutional layers.   

 

Table 1. Architecture of a typical CNN.  

Layer Type of Layer 
#Feature 

maps 

Feature 

map size 

Filter 

size  

1 Input 1 14  14 - 

2 Convolutional 1 6 7  7 5  5 

3 Pooling 1 6 4  4 2  2 

4 Convolutional 2 16 4  4 5  5 

5 Pooling 2 16 2  2 2  2 

6 Fully connected 1 1 120 - 

7 Fully connected 2 1 84 - 

2.2. Basic AOA 

AOA was proposed by Abualigah, et al.[14] in year 2020 

and its search mechanism was inspired by the distribution 

behaviors of four popular arithmetic operators, known as 

Addition (A), Subtraction (S), Multiplication (M) and 

Division (D). The search process AOA is implemented 

with three main phases, i.e., initialization, exploration 

and exploitation phases to solve an optimization problem. 

During initialization phase, a set of possible solutions 

are generated randomly within the predefined boundaries 

of each dimensional component. A Math Optimizer 

Accelerated (MOA) that controls the search behavior of 

algorithm in either exploration phase or exploitation 

phase, is then calculated as follow:  

𝑀𝑂𝐴(𝐶𝐼𝑡𝑒𝑟) = 𝑀𝑖𝑛 + 𝐶𝐼𝑡𝑒𝑟  (
𝑀𝑎𝑥−𝑀𝑖𝑛

𝑀𝐼𝑡𝑒𝑟
)       (1) 

where MOA(CIter) is the function value at t-th iteration; 

CIter is current iteration number; MIter is the predefined 

maximum number of iterations; Min and Max indicate the 

minimum and maximum values of accelerated function, 

respectively. If MOA is smaller than a random number 

with value between 0 to 1 that are produced by a uniform, 

the AOA population is assigned with exploration phase. 

Otherwise, exploitation phase is performed.   

During exploration phase, both M and D operators are 

applied to increase the coverage of AOA population in 

search space with good solution diversity given their 

high-distributed values with high dispersion. The d-th 

dimension for the new position of each i-th AOA solution 

is updated in exploration phase as:  

𝑥𝑖,𝑗(𝐶𝐼𝑡𝑒𝑟 + 1)

=

{
 
 

 
 𝑏𝑒𝑠𝑡𝑗 ÷ (𝑀𝑂𝑃+∈) × ((𝑈𝐵𝑗 − 𝐿𝐵𝑗) × 𝜇 + 𝐿𝐵𝑗) ,

 𝑟1 < 0.5

𝑏𝑒𝑠𝑡𝑗 ×𝑀𝑂𝑃 × ((𝑈𝐵𝑗 − 𝐿𝐵𝑗) × 𝜇 + 𝐿𝐵𝑗) ,

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(2) 
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where 𝑥𝑖,𝑗(𝐶𝐼𝑡𝑒𝑟 + 1) refers to the j-th dimension of i-th 

solution in next iteration of 𝐶𝐼𝑡𝑒𝑟 + 1, where 𝑗 = 1,… , 𝐷, 

𝑖 = 1,… , 𝐼  with I refers to population size, 𝐶𝐼𝑡𝑒𝑟 =

1,… ,𝑀𝐼𝑡𝑒𝑟  with 𝑀𝐼𝑡𝑒𝑟  refers to maximum iteration 

number of algorithm; 𝑏𝑒𝑠𝑡𝑗 is the j-th dimension of the 

best solution; 𝑈𝐵𝑗  and 𝐿𝐵𝑗  are the upper and lower 

boundary limits in the j-th dimension, respectively; r1 is 

a random number within 0 to 1 generated by uniform 

distribution; μ is a parameter used to adjust the range of 

search process. Given the values of 𝐶𝐼𝑡𝑒𝑟  and 𝑀𝐼𝑡𝑒𝑟 , a 

Math Optimizer Probability (MOP) can be formulated as: 

𝑀𝑂𝑃(𝐶𝐼𝑡𝑒𝑟) = 1 −
𝐶𝐼𝑡𝑒𝑟

1
𝛼

𝑀𝐼𝑡𝑒𝑟

1
𝛼

  (3) 

where 𝑀𝑂𝑃(𝐶𝐼𝑡𝑒𝑟)is a function value at t-th iteration; 

𝐶𝐼𝑡𝑒𝑟  is the current number iteration; α is a sensitive 

parameter that used to define exploitation accuracy. 

For exploitation phase, S and A operators are applied 

to fine tune the promising solution regions around global 

optimum by leveraging its high-dense results with low 

dispersion. The d-th dimension for the new position of 

each i-th solution is updated in exploitation phase as: 

𝑥𝑖,𝑗(𝐶𝐼𝑡𝑒𝑟 + 1) =

{
 
 

 
 𝑏𝑒𝑠𝑡𝑗 −𝑀𝑂𝑃 × ((𝑈𝐵𝑗 − 𝐿𝐵𝑗) × 𝜇 + 𝐿𝐵𝑗) ,

 𝑟2 < 0.5

𝑏𝑒𝑠𝑡𝑗 +𝑀𝑂𝑃 × ((𝑈𝐵𝑗 − 𝐿𝐵𝑗) × 𝜇 + 𝐿𝐵𝑗) ,

 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

           (4) 

where r2 is a random number within 0 to 1 generated by 

uniform distribution. The exploration and exploitation 

processes of AOA are repeated iteratively until the 

stopping criteria are satisfied. The best solution produced 

by AOA at the end of the optimization process is returned 

to solve the given problem.  

3. Optimization of CNN Models Using AOA 

3.1. Dataset Preprocessing 

In this study, the WM-811K dataset is used to perform 

the training and evaluation processes of the optimized 

deep learning model. It is notable that the data distributed 

across all classes are heavily unbalanced. A total of 

30,000 None defect images is extracted from the WM-

811K dataset and compiled with all other defect images7. 

Table 2 summarizes the number of all defect and non-

defect images observed in the newly formed dataset. 

Table 2. Number of defect and non-defect images  

Types of Defects # Labeled Images 

Center 4,294 

Donut 555 

Edge-Loc 5,189 

Edge-Ring 9,680 

Loc 3,593 

Near-full 149 

Random 866 

Scratch 1,193 

None 30,000 

3.2. AOA-Optimized GoogleNet 

Transfer learning used to train GoogleNet with updated 

WM-811K datasets presented in Table 2, enabling this 

pretrained network to solve wafer defects classification 

problems. In order to perform the new classification task 

effectively, several modifications are made on the 

hyperparamters of GoogleNet. Particularly, the size of its 

input layer is modified from the original value of 224  

224  3 to 64  64  1. Besides that, the padding size of 

first convolution layer is changed from its original value 

of 3  3  3  3 to be same as the input size. Finally, the 

output size of fully connected layer is changed from its 

original value of 1000 to be 9 (i.e., defect types). 

To further enhance the performance of GoogleNet in 

wafer defect classification task, AOA is implemented to 

optimize the hyperparameters of GoogleNet during the 

transfer learning process. Each i-th AOA solution vector 

of AOA is encoded with four decision variables known 

as momentum, initial learn rate, maximum epochs and L2 

regularization, where their boundary limits are presented 

in Table 3. Fitness function used to evaluate the quality 

of each AOA solution can be defined based on the 

classification accuracy obtained. The overall framework 

of the proposed AOA-optimized GoogleNet used for 

wafer defect classification is described in Fig 1.  

 
Table 3. Search range of four hyperparameters. 

4. Performance Evaluations 

4.1. Simulation settings 

The pre-processed WM-811K dataset is randomly split 

for training, validating and testing purposes with the ratio 

of 70%, 10% and 20%, respectively. All the input images  

Hyperparameters 
Lower 

Boundary 

Upper 

Boundary 

Momentum 0.5 0.9 

Initial Learn Rate 0.01 0.1 

Maximum Epochs 5 10 

L2 Regularization 110-4 510-4 
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Algorithm 1: AOA-Optimized GoogleNet 

Input: N, D, UBj, LBj 

01: Initialize 𝐶𝐼𝑡𝑒𝑟 = 0; 

02: for i =1 to I do 

03:  Randomly generate solution 𝑥𝑖; 
04:  𝐶𝐼𝑡𝑒𝑟 = 𝐶𝐼𝑡𝑒𝑟 + 1; 

05: end for 

06: while 𝐶𝐼𝑡𝑒𝑟 ≤ 𝑀𝐼𝑡𝑒𝑟 do 

07:  Decode the hyperparameters from 𝑥𝑖; 
08:  Evaluate the accuracy 𝑓(𝑥𝑖) of GoogleNet; 

09:  Calculate MOP using Eq. (3); 

10:  Calculate MOA using Eq. (1); 

11:  for i =1 to I do 

12:   for j =1 to D do 

13:    if rand > MOA then  

14:     Update 𝑥𝑖,𝑗(𝐶𝐼𝑡𝑒𝑟 + 1) with 

Eq. (2);  

15:    else 

16:     Update 𝑥𝑖,𝑗(𝐶𝐼𝑡𝑒𝑟 + 1) with 

Eq. (4) 

17:    end if 

18:   end for 

19:   Decode the hyperparameters from 𝑥𝑖; 
20:   Evaluate the accuracy 𝑓(𝑥𝑖) of 

GoogleNet; 

21:   Update 𝑥𝑖, 𝑓(𝑥𝑖), 𝑏𝑒𝑠𝑡, 𝑓(𝑏𝑒𝑠𝑡) 
22:   𝐶𝐼𝑡𝑒𝑟 ← 𝐶𝐼𝑡𝑒𝑟 + 1; 

23:  end for 

24: end while 

Output: 𝑏𝑒𝑠𝑡  

Fig.1 Pseudocode of optimizing GoogleNet using AOA. 

 

are resized into 64  64  1. Besides that, the minimum 

batch size is set as 32.  

4.2.  Performance Comparisons  

The performance of unoptimized GoogleNet and AOA-

Optimized GoogleNet used to classify the wafer defects 

are evaluated and compared based on the values of recall, 

accuracy, precision, F1 score and area under curve 

(AUC). Recall measures the model’s ability to detect 

positive samples. Accuracy reports the numbers of data 

are predicted correctly to the class it supposed to be. 

Precision refers to the accuracy of CNN in classifying a 

sample as positive. F1 score is the harmonic mean of 

CNN’s precision and recall. AUC represents the area 

under receiver operating characteristic curve. Table 4 

compares the classification performance of GoogleNet 

and AOA-Optimized GoogleNet in quantitative manner 

based on five performance metrics described. Qualitative 

performance analyses are also conducted based on the 

confusion matrices produced by unoptimized GoogleNet 

and AOA-Optimized GoogleNet as shown in Fig 2 and 

Fig 3, respectively.  

Table 4 reports that the proposed AOA-optimized 

GoogleNet shows significantly better performance over 

the unoptimized GoogleNet, in terms of recall, accuracy, 

precision, F1 score and AUC, when solving the wafer 

defects classification problems. According to Fig 2 and 

Fig 3, GoogleNet without hyperparameters optimization 

is reported to suffer severe issue by misclassifying the 

scratch defect to be Loc defects (34.3%) and non-

defected (50.2%). This misclassification behavior has 

been rectified by optimizing the hyperparameters of 

GoogleNet using AOA as illustrated in Fig 3.  

 
Table 4. Quantitative performance comparison. 

Performance 
Unoptimized-

GoogleNet 

AOA-Optimized 

GoogleNet 

Recall 0.7300 0.8676 

Accuracy 0.8936 0.9132 

Precision 0.8185 0.8523 

F1 Score 0.7000 0.8566 

AUC 0.7735 0.8151 

 

 
Fig.2 Confusion matrix of unoptimized GoogleNet. 

 

 
Fig.3 Confusion matrix of AOA-Optimized GoogleNet. 
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5. Conclusions 

An optimized deep learning model is proposed to solve 

wafer defect classification problems more effectively. In 

particularly, transfer learning process is performed on the 

GoogleNet based on the wafer defects datasets and its 

hypermeter settings are optimized by AOA. Simulation 

results show that AOA-optimized GoogleNet has better 

performance than unoptimized GoogleNet to solve wafer 

defects classification by producing more competitive 

values of recall, accuracy, precision, F1 score and AUC. 
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