Optimized Convolutional Neural Network Towards Effective Wafer Defects Classification
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Abstract

Semiconductor defect inspection is crucial for yield improvement but is hindered by manual inspection’s subjectivity
and error. This paper employs Convolutional Neural Networks (CNNs) for automated wafer defect classification,
addressing the challenges of time-intensive training and complex hyperparameter tuning. We propose the Arithmetic
Optimization Algorithm (AOA) to efficiently optimize CNN hyperparameters like momentum, initial learning rate,
maximum epochs, and L2 regularization. Our method reduces the trial-and-error in hyperparameter tuning. Using the
AOA-optimized ResNet-18 model, our simulations show superior performance in defect classification compared to
the unoptimized model, demonstrating its effectiveness and practical potential.

Keywords: Arithmetic optimization algorithm, Convolutional neural networks, Hyperparameter optimization, Wafer

defect classification

1. Introduction

The advent of the fourth industrial revolution (IR4.0)
has escalated the need for semiconductor industries to
produce increasingly complex integrated circuit chips.
This complexity arises from the need to pattern and etch
more components on semiconductor wafers, catering to
diverse chip specifications like lifespan, size, memory
storage, and access speed. Consequently, this escalation
in production demands heightens the likelihood of
process-induced defects on wafer surfaces, adversely
affecting the manufacturing yield. A key step in
mitigating this yield reduction involves the identification
and classification of wafer defect patterns, which often
correlate with various manufacturing stages, including
contamination, robot handoff, and flow leakages.
Accurate identification of these defects enables engineers
to pinpoint and rectify the underlying issues, thereby
enhancing chip production yield [1].

Most semiconductor industries currently depend on
manual visual inspection for detecting wafer defects, a
method plagued by subjectivity and a high risk of
erroneous classifications due to long-term fatigue. To
address these limitations, there is a growing need for an
automated machine vision system, integrated with an
optimized deep learning model, for reliable wafer defect
classification. Convolutional Neural Networks (CNNSs)
are a widely used deep learning technique [2], [3], [4], [5],
[6], [7]. particularly effective in wafer defect

classification [8], [9], owing to their capability to learn
the nonlinearity between inputs and outputs by
automatically extracting relevant information from raw
data. Pre-trained CNN architectures like GoogleNet [10].
AlexNet [11], VGG [12], and ResNet [13] have been
successfully adapted using transfer learning to tackle new
tasks, benefiting from reduced data and training time
requirements. The efficacy of these pre-trained networks
in addressing new tasks through transfer learning process
is heavily influenced by the hyperparameter settings
employed during their training phase.

In conventional practice, the fine-tuning of CNN
hyperparameters relies on a labor-intensive and time-
consuming trial-and-error approach. To streamline this
process, metaheuristic search algorithms (MSAS),
drawing inspiration from various natural phenomena
[14]—including swarm intelligence, natural evolution,
physics, mathematical principles, and human activities—
have been developed. These algorithms are effective in
addressing complex problems [15], [16], [17], [18], [19],
[20], [21], [22] and are particularly adept at
hyperparameter tuning in CNNs [23], thanks to their
robust global search capabilities. One such algorithm is
the Arithmetic Optimization Algorithm (AQOA) [24],
which derives its strategy from the distribution behaviors
of basic arithmetic operations such as addition,
subtraction, multiplication, and division.

In this study, we employ a pre-trained network, ResNet-
18, retrained on new datasets using transfer learning for
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the purpose of wafer defect classification. The AOA is
utilized to optimize four critical hyperparameters of the
CNN: momentum, initial learning rate, maximum epochs,
and L2 regularization. The efficacy of this optimized
CNN model in classifying wafer defects is then assessed
and benchmarked against the performance of a
corresponding unoptimized CNN model.

2. Related Works
2.1. Conventional CNN and ResNet-18

A typical CNN architecture comprises three
fundamental components: convolutional layers (Conv)
for feature extraction, pooling (Pool) layers for reducing
the size of feature maps, and fully connected (FC) layers
for classification. Table 1 illustrates an example of a
standard CNN model.

Table 1. Architecture of a typical CNN.

Layer Layer #Feature  Feature Map  Filter
Type Maps Size Size
1 Input 1 14x14
2 Conv 1 6 7 x7 5x5
3 Pool 1 6 4x4 2 X2
4 Conv 2 16 4x4 5x5
5 Pool 2 16 2X2 2 X2
6 FC1 1 120
7 FC2 1 84

He et al. [13] introduced ResNet models, known for
their deep architectures, which have exhibited
remarkable convergence and high accuracy. In 2015,
ResNet models achieved first place in the ImageNet
Large Scale Visual Recognition Challenge (ILSVRC)
and the Common Objects in Context (COCO)
classification challenge. ResNet is characterized by
multiple stacked residual units and comes in various
configurations, including 18, 34, 50, 101, 152, and 1202
layers, each with specific operations tailored to its
architecture. ResNet-18, a model offering an optimal
balance between depth and performance, comprises five
convolutional layers, one average pooling layer, and a
fully connected layer with SoftMax activation. ResNet-
50 includes 49 convolutional layers, culminating in a
fully connected layer. Considering the balance between
computational efficiency and performance, ResNet-18 is
chosen for this study.

2.2. Arithmetic optimization algorithm (AOA)

In 2021, Abualigah et al. [24] introduced the AOA, a
MSA inspired by the characteristics of the four basic
arithmetic operations: addition, subtraction,
multiplication, and division. The AOA operates through
three primary phases: initialization, exploration, and
exploitation, strategically navigating the solution space to
address optimization challenges effectively.

In the initialization phase of the AOA, a set of potential
solutions is generated, each falling within predefined
dimensional boundaries, to address specific optimization
problems. Subsequently, the algorithm calculates the
Math Optimizer Accelerated (MOA) value, which
dictates the search strategy between exploration and

exploitation  phases. The MOA function is
mathematically expressed as:
. Max — Min
MOA(Cieer) = Min + Crper x(———— 1)

Mlter

where C.-denotes the current iteration number, My, is
the maximum number of iterations, and Min and Max are
the lower and upper limits of the accelerated function,
respectively. The AOA enters the exploration phase if the
MOA value is lower than a randomly generated number
between O and 1; otherwise, it proceeds to the
exploitation phase.

During the exploration phase of the AOA, both
Multiplication and Division operators are employed to
enhance the search space coverage and introduce a
diverse array of solutions. This approach leverages their
potential for high dispersion and distributed values. The
position of each i-th AOA solution in the d-th dimension
is updated as follows:

xi,j(Clter + 1)
xpest = (MOP + &) x ((UB; — LB;) x pu+ LB;),
rl1 < 0.5
xet x MOP x ((UB; — LB;) x pu+ LB;),
otherwise
)
where x; ;(Cer + 1) denotes the j-th dimension of the i-
th solution in the next iteration (C;;, + 1), with j ranging
from 1 to D, i ranging from 1 to I, and | is the population

size; Cjer ranges from 1 to My, , the latter is the

algorithm's maximum iteration number; x}’e“ is the j-th

dimension of the best solution; UB; and LB; are the upper

and lower boundaries in the j-th dimension; r1 is a

random number between 0 and 1; u adjusts the search

range. Define the Math Optimizer Probability (MOP) as:
1

Iter®

C
MOP(CIter) =1 Y
Mltera
where MOP(Cy.,) represents the function value at
iteration C,.,, and a controls the exploitation accuracy.
In the exploitation phase of the AOA, Subtraction and
Addition operators are utilized to precisely target the
search regions identified by the most promising AOA
solution. This step leverages the operator's characteristic
of being densely concentrated yet having low dispersion.
The position of each i-th AOA solution in the d-th
dimension is updated as follows during this phase:

©)
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Xi,j(Creer +1)
(xPest — MOP x ((UB; — LB;) x u + LB;),
r2 < 0.5
xpest + MOP x ((UB; — LB})  u + LB;),

otherwise

(4)
Here, r2 represents a randomly generated number
between 0 and 1, following a uniform distribution.

The AOA algorithm iteratively executes these
exploration and exploitation processes until predefined
stopping criteria are met. The optimal solution generated
by AOA at the end of the optimization process is adopted
as the best set of hyperparameters for training the ResNet-
18 network to classify wafer defects.

3. Proposed Optimized Deep Learning Model
3.1. Preprocessing of dataset with wafer defects

The optimized ResNet-18 architecture undergoes
training and evaluation for wafer defect classification
utilizing the WM-811K dataset [25]. This particular
dataset is noted for its significantly imbalanced
distribution across various classes. To mitigate potential
biases and overfitting stemming from this imbalance, we
formed a new dataset using an under-sampling method.
This approach involved compiling 30,000 images
classified as 'None defect' from the WM-811K dataset,
along with all other images categorized as defects. The
resultant dataset, balanced in terms of defect and non-
defect images, is detailed in Table 2, providing a
comprehensive breakdown of the image categories.

Table 2. Number of defect and non-defect wafer
images after preprocessing stage

Layer Defect Type #Labeled Images

1 Center 4,294
2 Donut 555

3 Edge-Loc 5,189
4 Edge-Ring 9,680
5 Loc 3,593
6 Near-Full 149

7 Random 866

8 Scratch 1,193
9 None 30,000

3.2. Hyperparameter tuning of ResNet-18 with AOA

The revised WM-811K dataset, detailed in Table 2, is
used to train the chosen deep learning model, ResNet-18,
for wafer defect classification via transfer learning. To
tailor the pre-trained network for this specific
classification task, several modifications are made to both
the input datasets and the configuration of ResNet-18.
The size of each input image is increased from 48x48x1
t0 224x224x 3, the padding size of the initial convolution
layer is adjusted to align with the new input size, and the
output size of the fully connected layer is altered to 9 to
reflect the nine defect types identified in this study.

Optimized Convolutional Neural Network

Additionally, to enhance ResNet-18's performance in
classifying wafer defects, the AOA is implemented to
optimize the network’s training hyperparameters during
the transfer learning process. The AOA generates
solution vectors representing four key decision variables:
momentum, initial learning rate, maximum epochs, and
L2 regularization. The ranges for these variables are
specified in Table 3. The effectiveness of each AOA
solution is assessed based on the classification accuracy
achieved. Fig. 1 illustrates the AOA-optimized ResNet-
18 framework developed for wafer defect classification.

Table 3. Lower and upper bounds of training
hyperparameters to be optimized.

Hyperparameter Lower Limits  Upper Limits
Momentum 0.5 0.9
Initial Learning Rate 0.01 0.1
Maximum Epochs 5 10

L2 Regularization 1x10* 5x10~*

AOA-Optimized ResNet-18 for Wafer Defect Classification

Input: N, D, UB;j, LB;j
01: Initialize Cjper = 0;
02: fori=1toldo

03: Randomly generate solution x;;

04: Citer = Crter +1;

05:  end for

06:  while Cigor < Mjer do

07: Decode the hyperparameters from x;;

08: Train the ResNet-18 using transfer learning based on

hyperparameters decoded from x;;

09: Evaluate the accuracy f(x;) of ResNet-18;

10: Calculate MOP using Eq. (3);

11: Calculate MOA using Eq. (1);

12: fori=1toldo

13: forj=1to Ddo

14: if rand > MOA then

15: Update x; ; (Cyter + 1) with Eq. (2);

16: Else

17: Update x; ;(Cyeer + 1) with Eq. (4)

18: end if

19: end for

20: Decode the hyperparameters from x;;

21 Train the ResNet-18 using transfer learning
based on hyperparameters decoded from x;;

22: Evaluate the accuracy f(x;) of ResNet-18;

21: Update x;, f(x;), xPet, f(xPest)

22: CIter « Clte'r + 1;

23: end for

24 end while

Output: Optimal values of momentum, initial learning rate,
maximum epochs and L2 regularization decoded from the best

AOA solution represented as x?est,

Fig.1 Pseudocode of optimizing the hyperparameters of
ResNet-18 using AOA for wafer defect classification.

4. Performance Studies
4.1. Simulation settings

The pre-processed WM-811K dataset is randomly
partitioned into three subsets for the purposes of training,
validation, and testing. Specifically, the dataset allocation
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comprises 70% for training, 10% for validation, and 20%
for testing. Additionally, all input images are uniformly
resized to a dimension of 224x224x3, and the minimum
batch size for processing is set as 32.

4.2. Performance comparisons

The classification effectiveness of both unoptimized
ResNet-18 and AOA-Optimized ResNet-18 in
identifying wafer defects is evaluated using several key
metrics: recall, accuracy, precision, F1 score, and AUC.
Consider TP, TN, FP, and FN as the true positive, true
negative, false positive, and false negative counts,
respectively, generated by the deep learning model
during the classification process. Recall, reflecting the
model's capability to detect positive samples, is
calculated as:

TP
R =— 5
ecall = 75T FN ®)
Accuracy, indicating the proportion of correctly
predicted data, is defined as:
TP+TN
Accuracy = (6)

TP+TN+ FP+FN

Precision, measuring the model’s accuracy in predicting
a sample as positive, is expressed as:

TP
T )
TP + FP

The F1 score, the harmonic mean of precision and recall,
is calculated by:

Precision =

Precision X Recall)

®)

Lastly, AUC, representing the area under the receiver
operating characteristic curve, provides an overall
effectiveness measure. The quantitative performance of
both the unoptimized and AOA-Optimized ResNet-18
models is detailed in Table 4. Additionally, their
qualitative performance is analyzed based on the
confusion matrices depicted in Fig. 2.

F1S§ =2 X
core (Precision + Recall

Table 4. Quantitative performance comparison
between optimized and unoptimized ResNet-18

Metrics Unoptimized AOA-Optimized
ResNet-18 ResNet-18
Validation Accuracy 0.8560 0.8983
Testing Accuracy 0.8388 0.8923
Recall 0.8482 0.8956
Precision 0.8751 0.9059
F1 Score 0.8523 0.8972
AUC 0.9002 0.9397

Table 4 illustrates that the AOA-optimized ResNet-18
surpasses the unoptimized model in all assessed metrics.
It shows a higher validation accuracy of 0.8983 compared
to the unoptimized model's 0.8560, and a testing accuracy
of 0.8923 versus 0.8388. Additionally, the recall score of
the AOA-optimized model stands at 0.8956,
outperforming the unoptimized model's 0.8420. In terms

of precision, the AOA-optimized model achieves a score
of 0.9059, exceeding the unoptimized model's 0.8751.
The F1 score and AUC for the optimized model are
0.8972 and 0.9397, respectively, both higher than the
unoptimized model's scores of 0.8523 and 0.9002. The
enhanced validation accuracy of the AOA-optimized
ResNet-18 indicates its superior performance in
predicting classes of unseen samples during training,
while its greater testing accuracy suggests a more
accurate prediction of new, unseen data classes. The
improved recall and precision scores signify the model's
heightened ability to correctly identify more true positive
samples and effectively reduce false positives.

Test Data Confusion Matrix
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Fig.2 Confusion matrices produced by: (a) Unoptimized
ResNet-18 and (b) AOA-Optimized ResNet-18 when
classfying wafer defects.

Qualitative results, derived from confusion matrices of
both the AOA-optimized and unoptimized ResNet-18
models as depicted in Fig. 2, align with the quantitative
findings in Table 4. The AOA-optimized model
demonstrates superior accuracy in classifying various
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wafer defects, including Center, Edge-Loc, Near-Full,
Random, and Scratch, compared to the unoptimized
version. Notably, the unoptimized model frequently
misclassifies Edge-Loc defects as Edge-Ring, leading to
significant errors, and incorrectly labels 14.5% of 'No
defect' cases as Edge-Ring defects. Both the quantitative
and qualitative analyses suggest that optimizing ResNet-
18's hyperparameters through AOA effectively corrects
the misclassification issues observed in the unoptimized
model, resulting in a marked enhancement in the model's
ability to classify wafer defects accurately and efficiently.

5. Conclusion

This study is designed to demonstrate the effectiveness
of optimizing hyperparameters in deep learning models
for wafer defect classification. In our approach, the
Arithmetic Optimization Algorithm (AOA) is employed
to fine-tune four key hyperparameters—momentum,
initial learning rate, maximum epoch, and L2
regularization rate—of the ResNet-18 model. This model,
initially pre-trained on ImageNet, was further refined on
a wafer defect dataset via transfer learning. Our extensive
simulation studies indicate that the AOA-optimized
ResNet-18 model surpasses the unoptimized version in
recall, accuracy, precision, F1 score, and AUC,
showcasing enhanced capabilities in accurately
identifying and classifying wafer defects.

The findings reveal the significance of hyperparameter
optimization in developing deep learning models for
wafer defect classification. Future research could
investigate the applicability of AOA in fine-tuning other
deep learning models within this domain. Additionally,
exploring AOA for identifying optimal deep learning
network architectures offers promising avenues for
robust wafer defect classification. Incorporating more
features and diverse data sources could further refine the
proposed method's efficacy. Finally, subsequent studies
should assess the practicality of implementing these
optimized deep learning models in industrial settings for
real-world wafer defect classification applications.
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