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Abstract: In the rapidly evolving field of printed circuit board (PCB) manufacturing, automated
optical inspection (AOI) systems play a critical role but often face challenges such as computational
inefficiencies, high costs, and limited defect data. To address these issues, we propose an ensemble
methodology that combines lightweight models with custom data augmentation techniques to en-
hance defect classification accuracy in real-time production environments. Our approach mitigates
overfitting in small datasets by generating diverse models through advanced data augmentation
and employing feature-specific validation strategies. These models are integrated into an ensemble
framework, achieving complementary results that improve classification accuracy while reducing
computational overhead. We validate the proposed method using two datasets: the general classi-
fication dataset CIFAR-10 and an on-site real-world PCB dataset. With our approach, the average
accuracy on CIFAR-10 improved from 97.6% to 98.2%, and the accuracy on the PCB dataset increased
from 81% to 89%. These results demonstrate the method’s effectiveness in addressing data scarcity
and computational challenges in real-world manufacturing scenarios. By improving quality control
and reducing waste, our method optimizes production processes and contributes to sustainability
through cost savings and environmental benefits. The proposed methodology is versatile, scalable,
and applicable to a range of defect classification tasks beyond PCB manufacturing, making it a robust
solution for modern production systems.

Keywords: deep learning; ensemble; augmentation; printed circuit board; automated optical
inspection; manufacturing

1. Introduction

In the rapidly evolving field of printed circuit board (PCB) manufacturing, ensuring
product quality while minimizing production errors is crucial for maintaining competi-
tiveness in an increasingly demanding market. The complexity of modern PCB designs,
coupled with the need for high production volumes, presents significant challenges for
manufacturers striving to meet strict quality standards while maintaining operational
efficiency [1,2]. Additionally, there is growing pressure to adopt sustainable practices that
optimize resource use, reduce operational costs, and minimize environmental impact.

Traditionally, PCB inspection has relied heavily on human intervention due to fre-
quently changing inspection standards [3,4]. However, manual inspection has inher-
ent drawbacks:

1. Difficulty of Inspection: The small size and intricate details of PCBs make human
inspection challenging and error-prone.

2. Human Fatigue: Inspectors are susceptible to fatigue, leading to reduced accuracy
over time.
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3. Labor Intensity: High production volumes necessitate a large workforce, increasing
labor costs.

4. Inconsistency: Variability in classification criteria among workers results in inconsis-
tent defect categorization.

These limitations highlight the need for automated systems that can enhance consis-
tency and accuracy in defect classification.

Automated Optical Inspection (AOI) systems have been introduced to address some
of these challenges, leveraging computer vision techniques to identify defects [5-8]. While
effective in improving detection and quality control, these systems still require substantial
manual intervention, especially for edge cases or highly complex boards. Developing
new algorithms for novel cases can be time-consuming, and reliance on human oversight
increases labor costs and slows production, limiting scalability.

As the industry increasingly focuses on sustainability [9,10], integrating advanced
technologies into AOI systems offers potential solutions to both operational and environ-
mental challenges. Deep learning technologies in particular hold promise for enabling
intelligent, real-time decision-making. By facilitating faster and more accurate inspec-
tions, deep learning models can enhance production efficiency while reducing the need
for energy-intensive rework and material wastage. This aligns the manufacturing process
with global sustainability goals, making it more resource-efficient and environmentally
friendly [11,12].

However, several challenges remain in achieving fully automated defect detection [3,6,13,14]:

1. Accuracy and Reliability: Ensuring the automation system accurately detects and
classifies defects.

2. Data Scarcity: Insufficient defect data hamper the development of models with high
precision, especially for rare defect types.

3.  Defect Diversity: The need to identify and classify a wide variety of defect types for
complete automation.

Addressing these challenges requires a focus on accurate classification of specific
defect types, which is essential for effective quality control within the production process.
Effective quality control within the production process depends on understanding that
different defects have varying tolerances based on characteristics such as size and shape.
For example, minor surface scratches might be acceptable if they are within certain limits
(e.g., less than 1 micron), whereas critical defects are unacceptable even at sizes as small as
0.1 microns [13,15,16]. Therefore, the ability to not only detect but also classify defects with
high precision is essential.

Despite advances in automated inspection systems that can rapidly determine whether
PCBs are acceptable or defective, identifying and classifying specific types of defects with
high accuracy remains a significant challenge. This complexity arises from the wide
variety of defect types, the scarcity of data for some defects, and the necessity for real-
time processing. Moreover, deep learning models commonly used for defect classifica-
tion face limitations such as extended inference times and the requirement for extensive
datasets [17,18]. Large models may not be practical for real-time applications due to compu-
tational constraints, and collecting sufficient data for training can be difficult, particularly
for rare defects.

To address these issues, we propose an ensemble methodology that employs models
with fewer parameters while achieving performance comparable to or surpassing that
of more complex models. Our approach leverages data augmentation techniques to sup-
plement insufficient datasets, enhancing the model’s ability to generalize from limited
data. By generating additional training examples through augmentation, we effectively
expand the diversity of the dataset. Additionally, when predicting real-time defective data,
augmentation techniques can improve classification accuracy by simulating various defect
scenarios. This methodology is particularly advantageous in scenarios where defective
data are limited for training or where there is a high volume of real-time data produc-
tion. By utilizing lightweight models and effectively augmenting the data, our approach
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provides a practical solution for efficient and accurate defect classification in real-world
manufacturing environments.
The main contributions of this paper are as follows:

1.  An Ensemble Methodology: We introduce an ensemble approach using lightweight
models to achieve high accuracy in defect classification, suitable for real-time applica-
tions with computational constraints.

2. An Data Augmentation Techniques: We develop tailored data augmentation meth-
ods for PCB defect datasets to enhance the diversity and quantity of training data,
improving model generalization.

3. Reduced GPU usage cost for same performance: Since multiple lightweight models
are used and predicted in parallel using the GPU threading method, there is a great
advantage in GPU usage cost compared to using general heavy models. This can act
as a factor in reducing environmental costs.

4. Performance Improvement and Real-world Validation: Our methodology demon-
strates performance comparable to or better than more complex models, addressing
challenges related to insufficient defect data and extended inference times. We validate
our approach through experiments in real-world manufacturing scenarios, showing
its effectiveness in environments with limited data and high production volumes.

5. Easy to expand to all models and all fields: This methodology is applicable to various
models and shows high performance improvement depending on the type of dataset.

The paper is structured to provide a clear progression from foundational concepts
through to experimental validation and future implications. Section 2 introduces the pro-
posed methodology to address these issues, after discussing the evolution and limitations
of PCB inspection over time. Section 3 briefly describes the overall methodology and
then describes the techniques we used to optimize performance. Section 4 then applies
this methodology to both the CIFAR-10 public dataset and actual PCB production data,
comparing the results with those from existing models to assess improvements in classifica-
tion accuracy and efficiency. Section 5 discusses the experimental results, analyzing the
performance in both the CIFAR-10 and PCB cases and examining the strengths and areas
for improvement in our approach. Finally, Section 6 addresses the broader contributions,
scalability, and potential applications of this technology, discussing directions for future
research to further enhance the methodology and extend its applicability across different
fields and production scenarios. This structure ensures a logical flow, taking the reader
from background and methodology to empirical findings and forward-looking insights.

2. Related Work

The inspection process for Printed Circuit Boards (PCBs) can be broadly categorized
into two stages: Bare PCB (BPCB) inspection [3,5-7] and PCB Assembly (PCBA) [2] in-
spection [1]. BPCB involves evaluating a plain insulated material board that contains
conductive tracks, pinholes, vias, and so on. BPCB inspection is crucial as defects at this
stage can significantly impact the assembly and functionality of the PCB in later stages.
PCBA focuses on inspecting the assembly process where components such as resistors,
capacitors, inductors, and integrated circuits are soldered onto the board.

This paper focuses specifically on BPCB defect inspection, which plays a pivotal role in
ensuring the quality and reliability of PCBs before they proceed to the assembly stage. This
section provides a comprehensive review of BPCB inspection methods, categorized into two
main approaches: traditional methods [3,5,7,13,14,19,20] and Al-based methods [21-24].

Automated Optical Inspection (AOI) systems have been widely studied and imple-
mented for detecting and classifying PCB defects. Over the years, the research community
has developed and refined various techniques to enhance both the detection accuracy and
speed of AQOI systems.
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2.1. Traditional Methods

Traditional methods [3,5,14,19,20] for BPCB inspection rely primarily on image pro-
cessing techniques, with template matching [19] being the most widely adopted approach.
These methods aim to detect discrepancies between a reference (“golden”) image and the
test image. Template matching involves pixel-wise comparison of the test image with
a reference image to identify defects. Binary image subtraction and XOR-based image
comparison [20] were early methods employed in this domain. However, these techniques
face challenges in cases where slight mis-alignments in orientation, scale, or position occur
between the images. Such issues often lead to inaccuracies, as minor deviations in PCB
layout or lighting conditions can result in false positives or missed defects. To address
the limitations of basic template matching, more advanced traditional methods have been
developed, incorporating techniques like morphological processing and feature extraction.
Morphological operations, such as dilation and erosion, enhance critical features like solder
pads, conductive traces, and vias, thereby improving defect detection accuracy [14].

Additionally, Statistical Geometric Features (SGFs) [13] have been utilized to analyze
the texture and geometric properties of PCB components. These approaches are particularly
effective in detecting specific defect types, such as missing solder pads or track interruptions.

Despite their contributions, traditional methods face inherent limitations. (1) Sensitiv-
ity to Variations: Small differences in PCB layout or lighting can lead to inconsistent results.
(2) Manual Fine-Tuning: Many methods require extensive manual tuning of parameters,
which is time-consuming and reduces scalability.

Overall, while traditional methods laid the foundation for PCB inspection, their
inability to handle complex designs and real-world variability limits their applicability
in modern manufacturing environments. These challenges have driven the adoption of
Al-based approaches, which are explored in the next section.

2.2. Deep Learning Approaches

The advent of machine learning [21-24], particularly deep learning, has significantly
advanced the field of AOI for PCB defect detection. Unlike traditional methods, deep learn-
ing approaches eliminate the need for handcrafted feature extraction, offering a more robust
and adaptable framework for handling complex PCB designs and noisy environments.

Convolutional Neural Networks (CNNs) [25] have emerged as the dominant architec-
ture for PCB defect classification due to their ability to automatically extract hierarchical
features from images. These models are designed to preprocess and denoise PCB images,
improving the accuracy of defect detection in environments with significant noise [21,23].
By learning robust feature representations, these autoencoders address challenges related to
lighting inconsistencies, image noise, and subtle defect patterns. Some approaches employ
multi-input CNN architectures to combine information from different image modalities or
views of the PCB. This has been shown to significantly improve the recognition of subtle
defects, such as hairline cracks or microscopic mouse bites, which are difficult to identify
using traditional techniques [22,24]. Deep learning approaches serve two adavantages:
(1) Noise Robustness: Denoising techniques incorporated into CNNs help mitigate the
impact of noisy manufacturing environments. (2) Automation: The ability to learn from
raw image data reduces the reliance on manual feature engineering, making the process
more efficient and scalable. These two adavantages lead the deep learning method to
consistently outperforming traditional methods.

Despite their contributions, three challenges still remain. (1) Data Scarcity: The PCB
industry frequently encounters limited labeled datasets for specific defect types. Deep
learning models require large amounts of high-quality training data to achieve optimal
performance, making data scarcity a major bottleneck [18]. This issue necessitates the
development of data augmentation techniques or synthetic data generation to compensate
for the lack of diverse training samples. (2) Model Deployment in Industry: Translating
state-of-the-art deep learning methods into practical industrial applications often requires
balancing accuracy with inference speed and hardware constraints. Efforts to compress
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models or employ lightweight architectures are essential for real-world adoption. (3) High
Computational Requirements: The complex architectures of deep learning models, such as
CNNes, often require significant computational power. This poses a challenge for achieving
real-time defect detection in fast-paced manufacturing environments, where throughput is
critical [17].

2.3. The Ensemble Approach and Its Importance

Ensemble techniques are said to be a very efficient idea in various papers [26,27]. The
main advantage is that it can balance computational efficiency and accuracy. It is suitable
for fast-moving production environments because it can detect defects in real time without
requiring high-end hardware by utilizing lightweight models [28]. Despite the low accuracy
of individual models, the ensemble method combines the outputs to improve the overall
performance and achieves detection accuracy similar to sophisticated deep learning models
at a lower computational cost. In addition, the method is scalable and adaptable, and more
powerful models can be integrated in the future to improve classification accuracy and
maintain robustness against overfitting, especially in unbalanced datasets or rare defects.
In addition, it has already been applied in various fields and its effectiveness has been
proven [29].

In view of these points, the application of ensembles in the PCB field can be sufficiently
utilized as a method to solve the limitations of imbalanced datasets and performance.
However, in order to use the ensemble method efficiently, it is necessary to create models
with various features.

2.4. Ensemble Approach with Augmented Data

Regarding image augmentation technology;, it is said that various augmentation tech-
nologies can improve the performance of image classification models [30,31].

In addition, it is said that simple augmentation technologies have led to many perfor-
mance improvements in models such as AlexNex [32]. In particular, it is said that there
are many costs and difficulties in collecting image data, and augmented data can solve
this [33].

In other words, PCB manufacturers are also collecting data based on images, and
since it is very difficult to collect bad data in particular, by utilizing the augmentation
technique, it is possible to efficiently generate less data and at the same time, expecting
improved performance.

2.5. Our Approach

We attempted in various ways to solve the limitations of the past PCB prediction method.

In general, augmentation techniques are applied only to the train dataset and undergo
the validation and test processes, but from a new perspective, we thought that if augmen-
tation techniques are applied to the validation and test datasets, but each augmentation
technique is applied once to the validation and test datasets, and each is used to optimize
training, we can create multiple weak learners.

Through this, we propose a method of utilizing ensemble techniques together so
that the results of models trained through data from various perspectives (datasets with
different augmentations applied) can complement each other.

The expected effect is that by utilizing the augmentation technique, a small amount
of data can be used more efficiently, and at the same time overfitting and generalization
will be prevented. In addition, by utilizing the ensemble technique, it is possible to create a
model with higher performance than the existing model by identifying the features from
each learner and reinforcing the results.

In particular, this methodology seems to be applicable to most base models and
is a method that can further improve the performance of the base model. Therefore,
if the method is applied to a weak learner, it can show a significant advantage in the
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existing prediction time part even with a similar result to that of a strong learner or with
high accuracy.

3. Method

This section describes, step by step, how to apply the methodology and describes the
application algorithms that make up the method.

3.1. Overall Step

The flowchart for creating augmentation technology-specific models from an existing
dataset is illustrated in Figure 1.

Data Splitting for Ensemble Learning: The original dataset was divided into three
subsets: training, validation, and test datasets. The training dataset was used to train the
model, while the validation and test datasets were used to evaluate performance.

Augmentation [30] of Training Dataset: To enhance the generalization capability of the
model, we applied a variety of data augmentation techniques to the training dataset. These
augmentation techniques included methods such as flipping, rotation, scaling, and color
adjustments. The augmented data were then combined with the original training data to
create an enriched train dataset that captures a wider variety of patterns.

Augmentation of Validation and Test Datasets: The validation and test datasets were
augmented by applying the same set of augmentation techniques used for the training
dataset. This process resulted in multiple versions of both the validation and test datasets,
each corresponding to a specific augmentation technique. This allowed us to evaluate
model performance not only on the original data but also on augmented versions of the
validation and test sets.

Model Training with Augmented Datasets: The augmented training dataset was used
to train the model while the validation dataset was used to evaluate and optimize the per-
formance of the model trained in real time. During this step, the training dataset was kept
constant while the validation dataset changed depending on whether the original version
or the augmented version was being evaluated. This allowed us to create an optimized
model using the original data, and also create augmented versions of the optimized model
for Horizontal Flip, Zoom, WidthShift, and shear. In other words, we created optimized
models for each of the four augmented datasets, including the original data (a total of
five models).

Image Classification Modeling

Train
Dataset

Augmented

Train Dataset

Modelgrigina

Modelyaensnige

Original Valid -
Data set Model .y,
Widthshift Valid
Horizontal
Flip Valid

Trajh Valid Test Split

Model,

200m

Dataset Valid Dataset

Model gy pqp

Zoom Valid
Shear Valid

Test Dataset

Figure 1. Flow chart for creating augmentation technology-specific models from existing datasets.

The flowchart for building a probability dataset using the created models is shown
in Figure 2.

Probability Prediction on Validation and Test Datasets: Using the trained models, we
predicted the probabilities on the original and augmented versions of the validation and
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test datasets. This produced a set of probability distributions that were later used to inform
the next steps in the model development process.

For each of the five types of validation datasets, an appropriate model was selected,
and the probability results for each dataset were generated and merged into one dataset.

Retraining Using Validation Probabilities: The probability outputs from the validation
datasets were used to create a new dataset. This newly constructed validation probability
dataset was then split again into training and validation subsets and used for further model
training. This step enabled us to incorporate the model’s predictions directly into the
training process, refining its predictive capability.

Merging

Valid Probability dataset

Vali s
Model, igina: — valid Dataset

Modelwiachoni:

Modelyyy, Modlel predict
probability

Modelz,m

Model ..
E— Test Dataset

Figure 2. Flow chart for building a probability dataset using the created models.

Merging

Test Probability dataset

The flowchart for the final ensemble model training and test results is shown in Figure 3.

Metalearner Model Optimization with Optuna: We employed Optuna, a state-of-the-
art hyperparameter optimization framework, to create and tune a metalearner model. This
metalearner was designed to aggregate the outputs from multiple base models, combining
their predictions into a final, more accurate prediction. The metalearner model was trained
on the split datasets created from the validation probability dataset.

Evaluation on Final Test Dataset: Finally, the trained metalearner model was evaluated
on the test dataset using the probability predictions of the base model. For the test dataset,
the test dataset was augmented into five test sets using the augmentation method from
the initially divided test dataset, and the final test set was constructed using the validation
dataset to obtain the predicted results for each of the five trained models. The performance
of the metalearner was evaluated by calculating the accuracy on the test dataset that went
through a series of processes, which provided the final measure of model performance.

) . Test Probability dataset
Valid Train Probability

=
Dataset

Valid Probability dataset

Modelopruna Total Result

Train Valid split Valid Valid Probability Optuna
Dataset Hyper Parameter
Tuning

Figure 3. Flow chart for final ensemble model training and test results output.

3.2. Application Algorithm

The existing algorithms used in this method can be broadly divided into two categories:
augmentation technique and Optuna technique.

3.2.1. Augmentation Method

In general, for PCB data, image data are collected in a precisely controlled environ-
ment [34]. Therefore, since the number of data on defects themselves is small, rather than
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techniques such as noise and restoration, the following augmentation methodology was
utilized for greater efficiency.

1.

Horizontal Flip:

Mathematical Representation: A horizontal flip reflects an image across the vertical
axis. In mathematical terms, for an image with pixel coordinates (x,y), the flip
transforms the horizontal coordinate x into —x, effectively reflecting the image.
Transformation Matrix: A horizontal flip can be expressed as

-1 0
Ty = {0 1

w i i
0,(x,y)=(w-xy) (1)
0 0 1

where w is the width of the image. This matrix reflects the image across the vertical
axis and translates it to maintain the image’s position within the frame.

Zoom:

Mathematical Representation: Zooming is essentially a scaling operation on the image.
When zooming in, the image is enlarged, and when zooming out, it is shrunk. The
transformation for zoom is represented by a scaling factor.

*  Zoom In: Increases the apparent size of objects by scaling the coordinates inward.
e  Zoom Out: Decreases the size of objects by scaling the coordinates outward.

Transformation Matrix: For scaling by a factor of s (where s > 1 for zoom in and
0 < s < 1 for zoom out), the transformation matrix is

s 0 (1—s)-w/2) o
Tzoom = |0 s (1—=s)-h/2)|,(x,y) = (sx,sy) )
0 0 1

Shear:

Mathematical Representation: Shearing shifts each pixel in a direction parallel to one
of the axes, producing a slanted or skewed effect. Shearing can occur along the x-axis
(horizontal shear) or the y-axis (vertical shear). The amount of shear is controlled by a
shear factor mx( (for x-axis shear) or my (for y-axis shear).

Transformation Matrix: For shear along the x-axis by a factor of mx, the transformation
matrix is

1 my O
Tshear,y: 0 1 0 rx/:x+mx'y/y/:y (3)
0 0 1

For shear along the y-axis by a factor of my, the transformation matrix is

1 0 0
Tsheary = |my 1 0 A =xy =y +my-x (4)
0 01

Width Shift (Translation):

Mathematical Representation: Width shift moves the image horizontally by a fixed
amount, either to the left or the right, without altering its vertical coordinates. This is
a translation operation.

A shift by a factor of Ty (usually in terms of pixels or a percentage of the image width)
displaces all pixel coordinates along the x-axis.

Transformation Matrix: The transformation matrix for shifting the image along the
x-axis by Ty units is
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~
=

1 0
Tshear = |0 1 /x/ =X+t yl =Y )
0

(@)
- O

3.2.2. Optuna (Ensemble Meta Learner Modeling)

Optuna’s [35] efficiency comes from combining Bayesian optimization with the TPE
algorithm, which allows for a structured and probabilistic search of hyperparameters,
leading to better performance in less time.

The goal of hyperparameter optimization is to find the optimal set of hyperparameters
6 that minimize or maximize a certain objective function f (), which typically represents
the model’s performance (e.g., loss, accuracy).

These are the four key point of hyperparamter tuning of Optuna as below:

e Objective Function: Minimizes or maximizesf (6) to find the best hyperparameters.

e TPE Algorithm: Models I(6) and g(6) to direct the search toward promising regions.
e Expected Improvement: Maximizes I(0)/g(6) to balance exploration and exploitation.
*  Pruning: Terminates trials that are unlikely to lead to improvement, saving.

Optuna mathematically combines probability modeling, density estimation, and
Bayesian optimization principles to efficiently find optimal hyperparameters, leveraging
TPE and pruning to reduce computational time and improve search efficiency.

*  Good Hyperparameter Likelihood: set of observed hyperparameteres as
Dygood = {0i|f6;}. TPE splits D into two parts:
Dgood = {91|f91} < Ypest and Dygg = {91|f91} > Ybest-

*  Density Estimation: Estimates the probability distributions /() and g(f) using kernel
density estimation (parzen windows).

- [(9): Probability density of hyperparameters that produce good results.
- g(0): Probability density of hyperparameters that produce worse results.

*  Maximizaing Expected Improvement: Optuna chooses the next set of hyperparameters

by maximizing the ratio %. This directs the search toward regions of the search

space that are likely to improve the objective function.

3.2.3. Ensemble with Optuna

Ensemble algorithms in machine learning combine multiple models to produce a single
predictive outcome, generally resulting in better performance than individual models.

Using multiple models’ multi-class probabilities as input variables for an ensemble
optimized with Optuna involves treating each model’s prediction probabilities as new
feature variables, then learning an optimal combination of these features to produce the
final prediction. Here is how to define this approach mathematically.

*  Define Probabilities as Feature Matrix X: Suppose there are M models (models
made by each augmentation method), each of which produces a probability vector
hi(x) = [pi1(x), pia(x),..., pix(x)] for K classes on input x. These probability vectors
form a new feature matrix X, defined as follows:

poriginal,l (x) poriginul,Z(x) e poriginal,[((x)
Pzoom,1 (x) Pzoom,2 (x) s Pzoom,K (x)
X(x) = . . . :
pm(x) pma(x) - pmk(x)

Here, each column represents the predicted probabilities for class j, and each row
corresponds to the probability vector of model k;.

e Define Weights W to Optimize: Next, define a weight vector W = [wy, wy, ..., wpm],
where each weight w; is associated with model /;. These weights, optimized with
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Optuna, reflect the contribution of each model to the ensemble. To ensure the weights
sum to 1, set the constraints

M
Zwizl and wl‘ZO (6)
i=1
*  Calculate Final Class Probabilities: The ensemble probability for each class j, denoted
pj(x), is calculated as a weighted average of the individual model probabilities:

M
pi(x) =Y w;-pij(x) ()
i=

e  Final Prediction Decision: The final ensemble prediction H(x) is the class with the
highest weighted probability:

M
H(x) = argmjax f)]-(x) = argm]ax Z w; - p,-,]-(x) (8)
i=1
Using the optimized weights W* found by Optuna, the final class prediction for each
class j is given by

M
H(x) = arg m]ax Z w; - p,«/j(x) 9)
i=1

4. Experimental Setup

Although the number of experimental data in each experiment is different, the number
of data per class within each experiment is the same, and the purpose of the experiment
is to show overall performance improvement. Therefore, accuracy, which reflects the
probability of correctly predicting the outcomes across the entire dataset, was chosen as the
evaluation metric.

Number of Correct Predictions TP+ TN
Total Number of Predictions = TP+ TN +FP+ FN

Accuracy =

The meaning of each acronym is as follows: True Positives (TPs) are cases where the
model correctly predicts a positive outcome, while True Negatives (TNs) are cases where it
correctly predicts a negative outcome. False Positives (FPs) occur when the model wrongly
predicts a positive outcome for a negative case, and False Negatives (FNs) happen when it
fails to predict a positive outcome for a positive case.

4.1. CIFAR Data Application

In this paper, we observed changes in scores before and after applying an ensem-
ble model using EfficientNetV2B0 [36] and the ResNet series (50, 101, 152) [37] on the
CIFAR10 dataset.

Table 1 shows the callback method used was ReduceLROnPlateau, which reduces the
learning rate based on the number of epochs. For the optimizer, we employed SGD [38]
with a learning rate of 0.1 and momentum set to 0.9.

Table 1. Setting of parameter on cifar10 modeling.

Use Optimizer Learning Rate Momentum

SGD 0.1 0.9

After splitting the training and test datasets, we further divided the training set into
training and validation sets for image modeling. After training, the validation dataset
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was split again into training and validation subsets, which were used for ensemble model
training and verification.

Table 2 shows the total number of training data points is 50,000, with 10,000 for
the test set. The number of data is the same for each class, and the classes represent a
total of 10 different everyday objects and animals. The training dataset was initially split
into 40,000 training samples and 10,000 validation samples. The 40,000 training samples
were augmented using the proposed augmentation methods, doubling the dataset to
80,000 samples.

Table 2. Definition on CIFAR10 dataset.

Train Data Test Data Class Data Each Class
50,000 10,000 10 train—>5000, test—1000

For the validation dataset, the 10,000 samples were augmented into five folders (in-
cluding the original data) using each augmentation technique, maintaining the original
10,000 samples. The loss was measured for each augmented validation dataset, and models
were created accordingly.

The test dataset was similarly augmented into five folders of 10,000 samples each, and
the performance of the generated models was evaluated on these augmented test sets.

The augmentation techniques used included horizontal flip, width shift, shear and
zoom (from the image generator), creating five models (including the original dataset).
These models were then used to create an ensemble model, which was used to predict the
test set.

The following table summarizes the classification accuracy of the augmented models
and the ensemble models including lgbm, xgb, random forest, and explainable boosting
machine (EBM) [39-42].

Table 3 shows the accuracy of each original model and augmented model for the
applied EfficientV2B0, ResNet Series (50,101,152) models.

Table 4 shows the ensemble results improved accuracy by at least 0.7%, with most
models seeing an increase of over 1% compared to the original models.

Table 3. Comparison of accuracy between the original model and each augmentation technique
applied model on CIFAR10 dataset.

Orignal Horizontal Shear (0.2) Zoom (0.2) WidthShift (0.2)

efficientNetV2B0 0.976 0.974 0.969 0.973 0.961
ResNet50 0.955 0.95 0.956 0.953 0.952
ResNet101 0.956 0.963 0.963 0.964 0.958
ResNet152 0.967 0.959 0.959 0.963 0.961

Table 4. Comparison of accuracy between single best model and final ensemble model on CI-
FARI10 dataset.

Original Ensemble Ensemble Ensemble Ensemble
(Igbm) (xgb) (ebm) (rf)
efficientNetV2B0 0.976 0.98 0.980 0.981 0.982
ResNet50 0.955 0.967 0.967 0.967 0.966
ResNet101 0.956 0.973 0.974 0.972 0.975
ResNet152 0.967 0.975 0.975 0.974 0.976

All test datasets were also augmented to match the augmented features of each model
and the results were predicted. As shown in Figure 4, the original model and most
augmented models predicted Frog, the Zoom model predicted Deer, and the ensemble
model trained based on Probability rather than simple Prediction values was able to predict
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Deer well. This part could also have a great impact on improving the performance of
the data.

The following is a diagram showing the confusion matrix. The results show of the best
model among single models on Figure 5 and the results of the ensemble model on Figure 6.
Both comparison groups used EfficientNetV2B0 as the base model.

widthShift: Frog
0

Model(Ensemble) opruna Ensemble Prediction : Deer Real target : Deer

Figure 4. Comparison of results for each model and comparison of results for ensemble models on
CIFARI10 dataset.

0.001 0.001 0.001 0.001
0.001 0 0 0 C 0 0 0.009
0.006 . 0.006 0.005 0.001
0.001 0.001 0.006 . 0.007 .032 0.004
0.006 0.004 . 0.002 0.005
0.001
0.001 0.001
0.004 0.001 0.002 0.006 .003 0.001
0.007 0.001 0.001 0.001

0.022 0.001

0.00099 0.002 0.001 0.001 0.005 0.002
0.001 0.001 0.00099 0.018
0.007 0.98 0.007 0.003 0.001 0.002 0.001
0.001 0.004 “ 0.0069 0.003 0.001
0.001 0.006 0.003 0.98 0.003 0.001 0.008
0.007 0.00099 3 0.002
0.002 0.003
0.003 0.00099 0.002

0.008 0.001 0.002

0.001 0.0079

Figure 6. Confusion matrix efficientNetV2B0 of ensemble (rf) model (ours) on CIFAR10 dataset.
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There has actually been a significant performance improvement in the confusion
matrix of the original model and the confusion matrix of the ensemble model. We applied
this ensemble method to PCB data as mentioned earlier in Section 3.

Table 5 shows the performance of the EfficientNetV2B0 model, indicated by the
confusion matrix, is shown in terms of accuracy for each class. Since this work has the
same number of data for each class and checks the overall model performance rather than
improving the performance for a specific classification, the accuracy index is referred to
more. Most of the class accuracies improved, and the overall average accuracy increased
from 0.976 percent to 0.982 percent.

Table 5. Comparison accuracy of efficientNetV2B0 model of class-specific performance results
between single and ensemble models to the CIFAR10 dataset.

cl c2 c3 c4 c5 c6 c7 c8 c9 c10

single best  0.98 0.99 0.97 0.93 0.98 0.97 0.99 0.98 0.99 0.97
ensemble 0.99 0.98 0.98 0.96 0.96 0.98 0.97 0.99 0.99 0.99

4.2. PCB Data Application

PCB boards are very small, so it is very difficult to detect fine defects among small
boards. Therefore, we use a high-spec microscope or magnifying glass to image the product
in high specs, and then use the image to determine the defects.

Due to the nature of PCB boards, a defect detection method with a defect rate close to
0 is required, and tic-time is very important for real-time prediction. However, there is a
limit to achieving this tic-time while using a model with high accuracy.

That is why we do not use models with many parameters in practice, and we use
models with small parameters and high performance such as efficientNet.

In addition, defects are rare in PCB manufacturing, and even if they occur, it is difficult
to distinguish different types of defects. In reality, different operators often classify the
same defect image into different defect categories. The lack of defect data and unreliability
of such data result in low overall defect classification accuracy.

We applied image classification models to categorize these defects and used the
ensemble method proposed in this paper to further improve classification accuracy.

Additionally, as discussed in many papers, the role of a lamp is very important in PCB
prediction [43,44]. Therefore, in order to solve the problem of PCB defect detection related
to light refraction and groove depth, PCB suppliers such as Company S use three lamps
including metal illumination, SR illumination, and detection illumination, and utilize the
results by utilizing the ensemble model as a whole.

Table 6 presents results from training the model on 1200 training samples and 400 vali-
dation samples across 8 labels. The model’s accuracy was evaluated using 400 test samples.
The number of data per class in train and test is the same. The meaning of each class is data
that classify the type of defect.

Table 6. Definition on PCB dataset.

Type Train Data Test Data Class Data Each Class
lamp1 1200 400 8 train—150, test—50
lamp2 1200 400 8 train—150, test—50
lamp3 1200 400 8 train—150, test—50

Table 7 shows adamW [45] was used as the optimization function, and training was
performed by starting with a learning rate of 0.1 and gradually reducing the learning rate
using weight decay.
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Table 7. Setting of parameter on PCB modeling.
Use Optimizer Learning Rate Weight Decay
AdamW 0.1 learning rate x 0.01

Table 8 presents results including both the performance of a single model (Efficient-
NetV2L [46]) under each lighting condition and the outcomes from the ensemble technique
introduced in this paper. As a evaluation metric, we simply used accuracy.

Table 8. Comparison of augmented modeling each lamp results and final ensemble results applied to
the PCB dataset.

Type Test_TYPE Accuracy Ensemble (LGBM) Total Ensemble
original 0.795
horizontal 0.8075
lamp1 shear 0.8 0.84
widthShift 0.83
zoom 0.8175
original 0.7975
horizontal 0.8125
lamp2 shear 0.805 0.83 0.89
widthShift 0.815
zoom 0.82
original 0.81
horizontal 0.8275
lamp3 shear 0.825 0.8475
widthShift 0.83
zoom 0.8225

In the table, there are three types of types, which refer to lighting. The data were
collected from three types of lighting, and the results for the augmentation technique model
for each lighting, the ensemble results for each lighting (Ensemble(LGBM)), and the total
ensemble results using all lighting are organized (Total Ensemble in the table).

We applied Optuna to the LGBM model, creating ensemble results for each lighting
condition. We then ensembled the results from each lighting condition to generate a final
prediction. In this final ensemble approach, we used LGBM once more to obtain prediction
by using each class’s probability for the three lighting conditions.

In fact, the accuracy of the models was around 80% based on the quality of the dataset,
but when the ensemble model was applied, it can be seen that the accuracy was improved
by about 4% compared to the accuracy of the highest single model.

The following is a diagram showing the confusion matrix. The results show of the best
model among single models on Figure 7 and the results of the ensemble model on Figure 8.
Both comparison groups used EfficientNetV2L as the base model.

As shown in the results of the corresponding confusion matrx, the detection accuracy
increased for all classes. In fact, for the first and last classes, the detection accuracy increased
significantly from 38 percent to 45 percent and from 37 percent to 43 percent.

Table 9 compares the accuracy of a single model and an ensemble model for the
efficientNetV2L model for each class. As can be seen in the table, the classification accuracy
improved for all classes except Class4, and the detection accuracy for Class4 was the same.

Table 9. Comparison of class-specific performance results between single and ensemble models to
the PCB dataset.

Classl Class2 Class3 Class4 Class5 Class6 Class7 Class8

single_best 0.76 0.94 0.82 0.96 0.8 0.8 0.66 0.74
ensemble 0.9 0.98 0.88 0.96 0.96 0.82 0.76 0.86
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Figure 8. Confusion matrix efficientNetV2L of ensemble model (ours) on PCB dataset.

5. Discussion

This method presents a methodology that enhances the performance of image classifi-
cation models by utilizing various augmentation techniques. The proposed approach not
only improves performance on traditional training datasets, but also extends this improve-
ment to test and validation sets. By tailoring datasets to specific augmentation methods,
we achieved better classification accuracy, even with limited training data.

The results show that when the number of trained datasets per label was not large,
the performance was improved by augmentation, and when a defect occurred due to the
characteristics of the PCB board, the pattern of the defect was similar, but the location of
occurrence, the background of the pattern, etc., were different, so the accuracy was greatly
improved when the ensemble technique was applied.

In our experiments, we confirmed that applying various augmentation techniques
significantly improved image classification performance. Specifically, it was revealed that
each augmentation method enhanced the model’s ability to distinguish different types
of images. When these techniques were extended to the validation and test datasets, the
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performance surpassed that of models using only the original data and even outperformed
existing models with a single augmentation technique.

Our approach allows the creation of test and validation datasets optimized for each
augmentation method, showcasing the unique strengths of each. The results were adjusted
accordingly, leading to notable improvements. This demonstrates the versatility of the
methodology, as it can be applied to different types of models, such as the ResNet Series
(50, 101, 152) and EfficientNet-related models (B20—CIFAR, V2L—PCB), with consistent
performance improvements.

In particular, when training data are limited, increasing the test set as well as the
training dataset improves accuracy. This effect is most noticeable in environments where
defect data are very scarce but defect detection accuracy is important, such as printed circuit
board (PCB) manufacturing. For balanced datasets such as the CIFAR dataset, the accuracy
increased by 1 percent on average, but for cases where the amount of data is insufficient,
such as PCB data, the accuracy increased by as much as 5 percent. In addition, the PCB field
has very high product quality inspection costs, especially because the defect rate of shipped
products must be achieved close to zero. In this regard, applying the methodology can
bring about many positive aspects by improving classification accuracy even in situations
where data are limited.

Our research has strong implications for sustainable and smart manufacturing. Pre-
vious studies have focused on how the advent of deep learning and machine learning
methods enhanced the sustainability of injection molding industry [47] and heat staking
process [48]. In this regard, our study well highlights the importance of ensemble-based
augmentation methods. The findings contribute to the PCB inspection industry by suggest-
ing a method that significantly increases the inspection accuracy which, in the end, leads to
sustainable growth of the industry.

6. Conclusions

The methodology has broad applicability and can be integrated into high-performance
models for further improvement. As GPU technologies advance, enabling faster com-
putations, the ensemble methodology discussed in this paper could unlock even higher
performance levels. Particularly in industries such as PCB manufacturing, where defect de-
tection is critical, this approach opens the door to more accurate, cost-effective inspections.

Despite the substantial benefits of our approach, several potential limitations remain.
The effectiveness of this method may vary depending on the data type and specific in-
dustrial applications, and the use of more complex models could significantly increase
computational costs. Although GPU threading techniques helped reduce prediction times,
these techniques may not always be feasible in resource-constrained environments.

Nevertheless, this methodology is not only widely applicable to various industries,
but can also be easily addressed by adjusting the number of ensemble model components
to alleviate the limitations of resource constraints. Especially in fields such as PCB manu-
facturing, this approach has promising potential, and further improvement can contribute
to the development of more efficient and autonomous smart manufacturing systems.

In addition, these computational cost reductions and proper quality control can also
improve environmental impacts in terms of cost. In fact, the strength of this methodology
is that it can be applied to most models and can bring many benefits. Therefore, if this
methodology is applied to all fields, not just the simple PCB field, even small reductions
can collectively bring significant environmental benefits. This change can establish a new
paradigm where small but meaningful actions collectively solve the important problem of
environmental waste.

Looking ahead, future research could focus on expanding the application of this
methodology to different industries and further exploring its potential in data-scarce
environments. Moreover, improving the quality of defect data and continuously refining
the pipeline will contribute to the realization of autonomous factories with greater precision.
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