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Abstract: With increasing interest in smart factories, considerable attention has been paid to the
development of deep-learning-based quality inspection systems. Deep-learning-based quality in-
spection helps productivity improvements by solving the limitations of existing quality inspection
methods (e.g., an inspector’s human errors, various defects, and so on). In this study, we propose
an optimized YOLO (You Only Look Once) v5-based model for inspecting small coils. Performance
improvement techniques (model structure modification, model scaling, pruning) are applied for
model optimization. Furthermore, the model is prepared by adding data applied with histogram
equalization to improve model performance. Compared with the base model, the proposed YOLOv5
model takes nearly half the time for coil inspection and improves the accuracy of inspection by up to
approximately 1.6%, thereby enhancing the reliability and productivity of the final products.

Keywords: quality inspection system; deep learning; model optimization

1. Introduction

A quality inspection system is used for obtaining consistent quality results at man-
ufacturing sites. Quality inspection systems afford advantages such as product quality
improvements and solutions to labor shortages to companies. However, existing quality in-
spection systems may differ in inspection performance because of the fatigue and different
skill levels of human inspectors due to a rule- or visual-based inspection. In the present
study, one surface of a coil—an inspection target—is inspected as shown in Figure 1A.
Approximately 1–1.5 s are required for an inspector to inspect around 10 coils (Figure 1B).
According to Figure 1B, the inspector inspects only one side during the inspection time. In
addition, Taiwan’s inspectors must take a certain amount of time off during working hours.

To consistently maintain the performance of quality inspection systems and reduce
human errors, deep-learning-based machine vision technology has been applied in quality
inspection, and related studies have been actively conducted. With the Fourth Industrial
Revolution, considerable attention has been paid to artificial intelligence (AI) and recognition
technologies based on AI have greatly advanced. As significant attention has been paid to
AI technology even at manufacturing sites, several studies on the application of intelligent
machine vision technologies to quality inspection systems have been conducted [1,2].

Machine vision technology using deep learning shows a performance of about 95%
when evaluated by mAP, and is used in various fields [3–5]. The machine vision market
is also projected to witness tremendous growth in the future. As depicted in Figure 2A,
the global machine vision market will grow at approximately 7% annually, resulting in a
market of around USD 15.5 billion by 2026. In particular, hardware and software markets
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in machine vision will grow at approximately 6% and 10.3%, which will be worth around
USD 11.3 billion and 4 billion, respectively, as shown in Figure 2B.
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In this study, a quality inspection system based on deep learning technology is pro-
posed. YOLOv5 is a model of the YOLO family, a real-time object detection model, that
can find desired objects in a short time [7]. In this study, model optimization for defect
detection of small objects is carried out using the YOLO family of models. Various model
performance improvement techniques are used to analyze the impact on model perfor-
mance, and model optimization is carried out based on the results. In addition, additional
model optimization is carried out by adding data that has undergone image preprocessing
to effectively extract the features of the image.

Related works associated with this can be found in Section 2. In Section 3, the pro-
posed quality inspection system is explained and a model using the system and various
performance improvement techniques for the model (algorithm structure optimization,
model scaling, and light weight) are analyzed. In Section 4, the results of the performance
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improvement techniques, which are applied to the model, are comparatively analyzed to
propose the optimum model of the intelligent machine vision inspection system.

2. Related Research

Studies have been conducted on methods to improve model performance, such as mod-
ifying a model structure or combining a model with other models to reduce computation
and improve inference speed. Using the YOLO family model, we analyzed performance
improvement studies with model and dataset modifications.

In order to improve model performance, the main method is to modify the existing
model using other models. This can be confirmed through the following studies. Alivek
et al. [8] used the EfficientNet model to classify defects in advance, and based on this
result the YOLOv5 model was used to indicate the location of defects. Kim et al. [9]
used two YOLO algorithm versions to detect microscopic images of defects that were
discovered in the process and conducted a comparative analysis of their performance. In
their study, YOLOv3 and YOLOv5s models were used. They found that the YOLOv5s
model exhibited better inference speed with a relatively small weight capacity than that
of the YOLOv3 model, and the mean average precision was around 1% higher as well.
Zhao et al. [10] applied the GhostBottlenet module instead of using the backbone’s Conv
module in the existing YOLOv5 model to reduce the network computation by compressing
the parameters in the YOLOv5 model and increase the model’s inference speed. The
GhostBottlenet module reduced the computation by approximately 36% compared with
that of the YOLOv5s model and improved performance by approximately 2%. Usamentiaga
et al. [11] applied a deep-learning-based machine vision inspection system to detect surface
defects in steel. Here, YOLOv5 and U-Net, representative computer vision algorithms, were
applied to the study. The applicability of a deep-learning-based machine vision inspection
system was demonstrated by showing high-level defect detection results.

In addition, methods are being studied to improve model performance by solving
problems arising from unbalanced or small amounts of data. To resolve these problems, a
study using data augmentation, feature extraction, and noise removal was conducted as
follows: Yun et al. [12] augmented an amount of data using an autoencoder to solve the data
imbalance that occurred in defect detection and verified the performance improvement
through experiments. In addition, Feng et al. [13] also described the performance differences
according to various versions of YOLOv5 and data augmentation. The larger the size of
the model and the more datasets used for learning, the longer the learning time was, but
the performance tended to improve. The unique characteristics vary according to the
inspection target. Thus, techniques that can well extract the characteristics of the target
should be applied. Wang et al. [14] aimed to easily extract defects of the inspection target
using the region of interest and Hough transform techniques.

Analyzing the above research trends, there are various methods of using the model
according to the purpose and direction of the study. This process depends on the purpose
and direction of each study, and the performance of the model also varies. Therefore, it is
important to implement an appropriate model by utilizing high-quality datasets. Based
on the preceding studies, the present study attempted to improve the model performance
from the data and the model viewpoint to enhance the performance of the existing YOLOv5
model. To improve the model performance, image data upgraded through the histogram
equalization of datasets and performance-enhancement techniques such as structure modi-
fication, model scaling, and a lightweight model design are used. Unlike previous studies,
this study does not present only differences from existing models. Various techniques for
improving performance are applied and the results are analyzed. Trends are analyzed
through result analysis, and the impact on performance is analyzed. Based on this, we
present a model optimized for small object detection.
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3. Methodology

This section describes the system to which the model proposed in this study is applied.
In addition, we describe the YOLOv5 model and the techniques and datasets applied in
this study to improve the performance of the model. The proposed YOLOv5 model utilizes
an image dataset collected through a prototype to conduct model training. Thereafter,
in order to apply the performance improvement technique and the image preprocessing
technique, the optimal parameter value suitable for this study is found, and model training
is conducted by applying it to the YOLOv5 model.

The following Figure 3 is a diagram of the system to which the model proposed in
this study is applied. The coil is photographed using a camera and defect detection is
carried out through a model that suggests it. The detection results are visualized through
the bounding box and the results of the detection are expressed as probabilities.
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3.1. System Overview

The inspection target of the proposed system is a small part that uses a reel as shown
in Figure 4C. Condensers, resistors, diodes, and power coils are some examples of such
targets. In this study, a coil is selected as the inspection target.
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Figure 4. Experimental equipment for data acquisition and quality inspection.

Figure 4A shows the overall structure of the trial product that performs inspections as
the system is applied, and Figure 4B shows the detailed images of the main components
in the trial product such as the camera, lens, and light. The overall process of the coil
defect detection system is as follows: A coil, which is an inspection target, is inserted into
the equipment, in which the camera and light are installed through the rail. The inserted
coil is photographed through the camera equipment, and the system determines whether
the photographed coil is normal or defective through the trained model. The dataset for
training the deep learning model used in this study is also created using the trial product.
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3.2. YOLOv5 Model and Performance Improvement Techniques

This section describes the deep learning model used in the study and the techniques
applied to the YOLO model for model optimization. In addition, the image pre-processing
technique applied to the dataset of this study and the image quality evaluation technique
utilized for the application of appropriate hyperparameters are also described.

3.2.1. YOLO

YOLO is a universal object detection algorithm focusing on fast inference speed,
as the localization and classification of the object in the image or video are conducted
simultaneously in the object detection process. To date, various versions of YOLO models
have been released through continuous performance improvements. Figure 5 shows the
structure of YOLOv5 [15], which is used in the present study.
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The backbone of YOLOv5 is mainly composed of a single block called Conv, which
includes three components (convolution, batch normalization, and leaky ReLu), a C3 block
that employs CSPNet [16], and the spatial pyramid pooling (SPP) algorithm. Conv blocks
consist of convolution, batch normalization, and activation functions, and in this study,
Conv blocks are added for performance analysis through structural modifications. This
structural modification is intended to analyze the effect of more feature map extraction
on the performance of the model. The purpose of CSPNet is to reduce the computation
increase due to the duplication of the weight information created during the learning
process. In a partial dense block, the feature maps are split into two parts: one part goes
through a dense block and the other part is directly linked to the end of the stage as shown
in Figure 6. In a partial transition layer, the concatenation of the output through the dense
block and the output that is directly linked to the end of the stage is used as the input value.
This process can be effective in reducing duplicate weights as well as computation.
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Existing CNN models have input size limitations due to fully connected layers. How-
ever, SPPNet [17] tried to solve the problems that could arise by removing the input size
limit. The feature map extracted through the convolution layer is divided into a predeter-
mined bin. After that, max pooling is applied to the bin, and then the results are connected.
Through this, it is possible to extract an output value of a certain size regardless of the
image size.

In the Neck, a block used in the backbone is applied to a path aggregation network
(PAN) [18] to improve the performance. PAN allows improved performance by further
adding a bottom-up path to the feature pyramid network [19]. It aims to transfer a feature
in the bottom hierarchy to the top hierarchy because the feature from the bottom hierarchy
is less influential up to the last hierarchy.

Finally, the Head extracts the results for three different sizes, the same as in YOLOv3 [20],
and aims to detect objects with various sizes in an image or video.

To improve the model performance, model scaling that generally adjusts the model’s
depth and width as well as the input image size can be performed. Further, five different
YOLOv5 models are proposed through model scaling as shown in Figure 7. Table 1 presents
the model scale ratio in five different versions, which are categorized as “XLarge,” “Large,”
“Medium,” “Small,” and “Nano.”
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Table 1. Scale ratios of YOLOv5 models.

Name Depth Width

YOLOv5x 1.33 1.25

YOLOv5l 1.00 1.00

YOLOv5m 0.67 0.75

YOLOv5s 0.33 0.50

YOLOv5n 0.33 0.25



Appl. Sci. 2023, 13, 5200 7 of 18

The model scaling value becomes large from Nano to XLarge. As verified in Figure 8,
mAP values improve as the model scaling value becomes larger; however, the inference time
is slower and the capacity of the final model also increases. The present study aims to improve
the model performance by changing the model scaling value to find the optimum model.
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3.2.2. Performance Improvement Techniques

A lightweight model is an important element in a deep-learning-based system. Gen-
eral deep learning systems require high-performance computing capabilities. However,
implementing high-performance computing using equipment and robots used on sites is
difficult. Thus, a lightweight model that exhibits comparable performance is required, and
numerous related studies have been conducted accordingly. A lightweight model is also
required in the proposed system. Accordingly, we explain some of the typical techniques for
a lightweight model, such as knowledge distillation and quantization, as well as pruning,
which is used in this study.

Knowledge distillation [21] is a technique devised to create a smaller model from
ensembles of many models that are already trained. This technique reduces the storage
space where the model is stored and execution memory usage by obtaining a smaller model
with fewer training parameters and a smaller bit width based on previously trained models
considering the performance limitation in embedded devices.

Quantization [22] is a technique to represent 32-bit floating point (FP32)-based learning
parameters with a 1K-bit size, which is a smaller-bit-width integer than that of FP32-based
learning parameters. In many cases, deep learning models mainly use the FP32 type to store
parameters generated after training, which affords the advantage that the model size could
be theoretically reduced by 32/K times without discarding some parameters. However,
it may cause accuracy loss because the range of numbers that could be represented is
significantly limited owing to smaller-bit-width integers.

Finally, pruning [23] (Figure 8) is a technique based on the viewpoint that “not all
parameters have the same effect on inference.” It is a lightweight technique that removes
neurons and layers that do not significantly influence the inference process while learning
iteratively, thereby obtaining a model whose parameters are considerably reduced. Pruning
is used in the present study to optimize the model. We attempted to lighten the model by
spinning the Conv block, which occupies the most parameters in the model of YOLOv5.

3.3. Dataset

The dataset created through the trial product contained around 13,000 images, which
are divided into 9500 images in the dataset for learning, 2500 images for validation, and
finally 1000 images for the dataset for testing. The classes in the datasets for classification
are divided into four groups: ‘T-OK’, ‘T-NG’, ‘OK’, and ‘NG’. The reason for creating four
classes is because the left and right sides had the same appearance except for the top side
when we shot the coil from three directions (top, left, and right) as shown in Figure 9.
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Thus, four classes are set to distinguish normal and defective cases in the top, normal, and
defective cases in the left and right.

Appl. Sci. 2023, 13, x FOR PEER REVIEW 8 of 18 
 

3.3. Dataset 
The dataset created through the trial product contained around 13,000 images, which 

are divided into 9500 images in the dataset for learning, 2500 images for validation, and 
finally 1000 images for the dataset for testing. The classes in the datasets for classification 
are divided into four groups: ‘T-OK’, ‘T-NG’, ‘OK’, and ‘NG’. The reason for creating four 
classes is because the left and right sides had the same appearance except for the top side 
when we shot the coil from three directions (top, left, and right) as shown in Figure 9. 
Thus, four classes are set to distinguish normal and defective cases in the top, normal, and 
defective cases in the left and right. 

 
Figure 9. Example of coil datasets. 

Figure 10 shows the defective cases on the top, left, and right sides. The defect in the 
top is defined as the coil wire being broken or deformed in the area indicated in the image. 
The defect in the left and right is defined as the upper and lower plates being misaligned 
as shown in the two boxes in the image. 

 
Figure 10. Defective coil image data. 

3.4. Preprocessing of Images 
This section describes the preprocessing technique applied to the dataset of this study 

and describes the quality evaluation technique used to find appropriate parameter values. 

Figure 9. Example of coil datasets.

Figure 10 shows the defective cases on the top, left, and right sides. The defect in the
top is defined as the coil wire being broken or deformed in the area indicated in the image.
The defect in the left and right is defined as the upper and lower plates being misaligned as
shown in the two boxes in the image.
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3.4. Preprocessing of Images

This section describes the preprocessing technique applied to the dataset of this study
and describes the quality evaluation technique used to find appropriate parameter values.

3.4.1. Contrast-Limited Adaptive Histogram Equalization

We attempted effective feature extraction through the contrast change because coil data
are black-and-white images and we aimed to enhance contrast changes through histogram
equalization (HE). However, HE has a drawback of noise increase when a part of the image
to be applied has a distribution different from that of other parts. The Contrast-Limited
Adaptive Histogram Equalization (CLAHE) used in this study is a method proposed to
overcome the drawback of HE. It is an equalization method to prevent excessive ampli-
fication of contrast during the equalization process of an image or video and maintains
characteristics similar to those of the original.

The input image is divided into grids of the same size and CLAHE is conducted in
each divided grid as shown in Figure 11. The applied result is shown in Figure 12A,B.
Figure 13 shows HE- and CLAHE-applied histograms to coil images, which verifies that
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the histogram of CLAHE is more similar to the original histogram than that of HE when
equalization is conducted. Since the coil image is a single-channel black-and-white image,
the bin size of the histogram is 256, and the histogram is expressed as a line graph to
determine the tendency of the image.
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In addition, suitable parameter values are applied through the change in CLAHE
parameters. The grid size in the CLAHE parameters is modified to analyze changed images
with three different grid sizes (8, 16, and 32). Subsequently, the most suitable parameter is
applied to add CLAHE data to the original coil dataset.
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3.4.2. Structural Similarity Index Measure

For the image evaluation technique, the SSIM (Structural Similarity Index Mea-
sure) [24], which compares the similarity of images, is used because we aimed to enhance
contrasts while maintaining characteristics similar to those of the original.

SSIM evaluates the similarity of two images in terms of luminance, contrast, and
structure. These elements can be expressed using the following equations:

l(x, y) =
2µxµy + C1

µ2
x + µ2

y + C1
, c(x, y) =

2σxσy + C2

σ2
x + σ2

y + C2
, s(x, y) =

σxy + C3

σxσy + C3
(1)

The SSIM values of these elements are calculated using the final equation:

SSIM(x, y) = [l(x, y)]α·[c(x, y)]β·[s(x, y)]γ (2)

These equations verify that SSIM evaluates image quality using the main elements in
an image instead of a simple comparison between pixels.

4. Case Study and Analysis

The initial model selected to be applied to the system is YOLOv5s (hereafter, defined as
‘basic’). Hyperparameters set up for model learning are shown in Table 2. Epoch, Batch size,
Image size, and Learning rate are set to 300, 16, 640 × 640, and 0.01. The hyperparameter
value is not changed to identify the tendency of the technique used in this study, and
model training is conducted by applying the basic value. Afterwards, performance analysis
according to changes in hyperparameters is conducted for further model optimization. The
model learning environment is presented in Table 3.

Table 2. Model learning environment (hyperparameters).

Hyperparameters

Epoch 300

Batch size 16

Image size 640 × 640

Learning rate 0.01

Table 3. Model learning environment (hardware).

Hardware

Graphic GeForce RTX 3090

CPU i9-10900X

Memory 64 GB

The initial model of the system refers to a model without any technique applied. Its
mAP and inference time are approximately 95.3 and 1.6 ms, respectively. We set the initial
model as a performance comparison criterion for future performance-enhanced models.
We aimed to improve the performance using three performance enhancement techniques
(structure modification, model scaling, and lightweight design) to find the optimized
model for the system. In Section 3, learning conditions and comparative analysis of results
obtained by applying three techniques are presented. Conditions for each technique are
set up directly, and the reason why there are various conditions is to analyze the tendency
of the technique. The hyperparameters and hardware are equally used in the learning in
each case.
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4.1. Case Study

To improve the performance of the YOLOv5 model, we analyzed techniques on
performance improvements as model and dataset modifications. A Conv block was added
to the backbone in the YOLOv5s model. The model learning was conducted for four cases
as shown in Figure S1 and performance results were comparatively analyzed.

As shown in Figure 14, the mAP and inference time of Cases 1 and 2 are approximately
95% and 0.9 ms, those of Case 3 were approximately 95% and 1.0 ms, and those of Case
4 were approximately 93.5% and 1.1 ms, respectively. In conclusion, Cases 1 and 2 had
higher mAP and faster inference times than those of Cases 3 and 4 despite having fewer
number of layers. This result verifies that the performance did not increase as the model’s
depth increased, which is easily known in a deep learning model.

In model scaling, various values are applied to the models to find the optimized model
for the proposed system. The model learning is conducted by applying seven cases of
different model depths and widths, including the initial model of the system to compare
the results. Table 4 summarizes the model scaling values of model depth and width, which
are applied during model learning. Figure 15 shows the graph summarizing mAP and
inference time.

When a ratio of 0.67 and 1.00 for the model depth and width, respectively, was applied,
the highest mAP value of approximately 95.6% was obtained; further, when a ratio of 0.67
and 0.25 was applied, mAP was the lowest at approximately 94.6%. In 6 cases, except for
the initial model, when a ratio of 1.00 and 0.25 for the model depth and width, respectively,
was applied, mAP and inference time were approximately 95.3% and 1.1 ms, respectively,
which is the most suitable model for the system.
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Table 4. Model scaling.

Depth Width

Basic 0.33 0.50

A 0.33 1.00

B 0.67 1.00

C 0.67 0.50

D 0.67 0.25

E 0.33 0.75

F 1.00 0.25
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To analyze the trend of model performance that is revealed through the change in
pruning value and find the suitable model, 4 cases of pruning values—10%, 30%, 50%, and
70%—were analyzed.

Figure 16 shows the graph summarizing the results of the four cases. When the
pruning values were 10%, 30%, 50%, and 70%, mAP values were approximately 95%, 93.5%,
90.2%, and 0.0601%, and the inference times were 1.6, 1.6, 1.7, and 1.6 ms, respectively.

In conclusion, the performance tended to decrease as the lightweight value increased.
Thus, the best performance was exhibited when the lightweight technique was set to 10%,
which is the most suitable model for the system.
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4.2. Analysis of Case Application Results

To find a suitable model for the defect detection system, three model improvement
techniques were applied and their results were comparatively analyzed except for the
initial model of the system.

In the case of structure modification, when one or two Conv blocks were added to
the backbone, mAP was approximately 95% and the inference time was 0.9 ms, which was
found to be the most suitable model for the system. In the case of model scaling, when a
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ratio of model depth and width (1.00 and 0.25) was applied, mAP was approximately 95.3%
and the inference time was 1.1 ms, which was found to be the most suitable model. Finally,
in the case of the lightweight technique, when 10% of the pruning value was applied, mAP
was approximately 95% and the inference time was 1.6 ms, which was found to be the most
suitable model for the system.

Figure 17 shows a graph comparing the most suitable models obtained using the three
techniques applied to improve the performance of the initial system model. As verified in
Figure 16, when the initial model and the case of applying the lightweight technique were
compared, the same inference time was revealed; however, the mAP value was relatively
lower in the case of pruning. In the case of model scaling, the same mAP was exhibited,
but the inference time was faster. Finally, in the case of structure modification, mAP was
lower than that of the initial model, but the inference time was the fastest. In this study, the
model that applied model scaling was selected as the most suitable model for the proposed
system because it has the same mAP value as that of the initial model but a faster inference
time based on the criteria that false defect detection should be low in practical inspection
although faster inference time is preferred for the system application.

AP values for each class were analyzed through Table 5. The AP values of ‘T-OK’ and
‘T-NG’ were high at about 98.3% and 99.5%, respectively. On the other hand, the AP values
of ‘OK’ and ‘NG’ were measured relatively low at about 90.4% and 92.9%. Therefore, classes
that measure relatively low AP values rather than the entire class should perform better.
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Table 5. mAP analysis (model scaling).

Precision Recall AP

Basic

OK 0.802 0.896 0.904

NG 0.975 0.822 0.929

T-OK 0.855 0.966 0.983

T-NG 1 0.985 0.995

CLAHE was applied to the original dataset to further improve model performance,
and model training was conducted in the same way as the model learning conditions of
the model scaling, which was analyzed as the best model in Figure 18. We aimed to find
suitable parameters of CLAHE using the SSIM image similarity measurement technique.
SSIM was used to calculate the similarity of 1000 images of original data extracted randomly
from “Top,” “Left,” and “Right” classes and CLAHE-applied data. Table 6 presents the
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calculation results obtained using 3 different grid sizes (8, 16, and 32), where the similarity
is the highest when the grid size is 8 in all classes.

Table 6. SSIM results (grid size).

8 16 32

Top 0.855699131 0.850566568 0.839055953

L and R 0.96406197 0.951937665 0.940069685

Based on the results in Table 6, CLAHE-applied data with a grid size of 8 were added
to the original dataset to perform learning. The added dataset contained 7600 images. Thus,
a total of 20,541 images were used in model learning. Figure 18 shows the results of training
by adding data applying CLAHE to the basic model and the model applying model scaling,
respectively. The final result shows that mAP were approximately 95.3% and 96.9% and the
inference times were 1.3 ms and 0.9 ms. When analyzing the mAP value through Table 7,
it was observed that the mAP values of the ‘T-OK’ and ‘T-NG’ classes were maintained,
and the mAP values of the ‘OK’ classes were improved. However, the value of ‘NG’ was
relatively lowered by about 1.4%.
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Table 7. mAP analysis (model scaling and pre-processing).

Precision Recall AP

Our Model

OK 0.918 0.954 0.981

NG 0.879 0.786 0.915

T-OK 0.874 0.993 0.984

T-NG 1 0.976 0.995

For further model optimization, performance analysis was conducted according to
changes in hyperparameters. Table 8 below summarizes the results of applying hyper-
parameter changes. The performance change according to the epoch shows the best
performance when the epoch is 300. The learning rate shows the best performance in the
cases of 0.01 and 0.001. Therefore, the optimal hyperparameter in this study is when the
Epoch is 300 and the learning rate is 0.01 or 0.001. Based on this, it can be determined that
the existing hyperparameters are appropriate for this study.
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Table 8. Performance resolution based on hyperparameters.

Precision Recall mAP

Epoch

100 0.917 0.890 0.944

150 0.915 0.897 0.951

200 0.926 0.883 0.950

400 0.907 0.901 0.948

Learning rate 0.001 0.924 0.897 0.953

0.1 0.887 0.909 0.939

4.3. Result Analysis and Discussion
4.3.1. Results Analysis

Figure 18 shows that the model trained by adding CLAHE-applied data to model
scaling applied model exhibits the best performance. However, it is a numerically very
weak performance improvement result. Therefore, we tried to compare the results by
extracting inference results using the model. Figure 19A shows the results extracted using
the applied model scaling model that was found to be suitable in Figure 18. It verifies that
only two classes (‘NG’ and ‘T-NG’) were extracted from four classes in the real results. Its
mAP value was also approximately 61% for the ‘NG’ class and approximately 59% for the
‘T-NG’ class.

Meanwhile, Figure 19B verifies that all four classes were extracted. Except for the
‘T-NG’ class, all other classes showed more than 90% of mAP. Compared with the afore-
mentioned results, the mAP of the ‘NG’ class increased by approximately 36% and that of
the ‘T-NG’ class increased by approximately 19%.
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Table 9 shows YOLOv5’s large and medium as analysis comparison targets for addi-
tional model analysis. The performance of the large and medium models of YOLOv5 was
95.6% and 95.1, respectively. This is an improved performance compared with the small
model of YOLOv5, the basic model of this study, but it is lower than the performance of the
proposed model, 96.9%. In addition, even when training was conducted by adding data
applied with CLAHE from the basic model, the results were about 1.6% lower than the
proposed model.

Table 10 presents the comparison results of the number of inspections per second
using human inspectors and the proposed model. Existing inspectors can inspect one side
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of the coil at a rate of around 10 coils per second. By contrast, the proposed model in
this study takes approximately 0.9 ms to inspect one side of the coil, which gives a rate of
around 1111 coils per second. However, this is a numerical result. When on-site tests were
conducted with 1000 coils of data for the field applicability check, it took around 50–70 s.
In summary, if this amount is inspected by a human inspector, it takes around 100–150 s,
but the proposed YOLOv5 model takes nearly half the time.

Table 9. Analysis of mAP between YOLOv5 models.

YOLOv5s
(Basic) YOLOv5m YOLOv5l YOLOv5s

(CLAHE) Our Model

mAP 95.3% 95.1% 95.6% 95.3% 96.9%

Table 10. Comparison of the number of inspections per second.

Inspector Basic Model Our Model

Inspection of 1000
coils Around 100–150 s Around 63–83 s Around 50–70 s

4.3.2. Discussion

In comparison with structural modifications and lightweight approaches, model
scaling proved to be the most effective technique for enhancing performance and achieving
optimal results in model optimization. Additionally, data augmentation was employed
to further boost performance. During this process, learning conditions were meticulously
designed to identify the optimal model, and a detailed analysis of the results was conducted.
Compared with other performance improvement techniques, applying model scaling,
which varies the ratio of depth and width in the model, yields the best outcome. When
analyzing the results of model scaling, increasing the depth and decreasing the width
relative to the base model demonstrated the most favorable results.

Upon analyzing the final model, the proposed model in this study exhibited improved
performance compared with the basic models of YOLOv5. However, a limitation of this
work is the lower AP values for the ‘NG’ class when analyzing each class. Moreover,
while the actual inspection time was faster than that of a human inspector, there was no
substantial difference compared with the basic model of YOLOv5. To address this issue,
various failure data can be additionally collected and utilized for model training to rectify
the class-related problems. This will enhance the performance across all classes of the
proposed model.

5. Conclusions and Future Research

In this study, a deep-learning-based coil quality inspection model was optimized.
The study was conducted through three processes (‘Constructing a coil image data set
using a prototype’, ‘YOLOv5 model optimization (to find the optimal parameter value)
with 3 techniques: structure modification, model scaling, and lightweight’, ‘Data addition
and model training with the CLAHE technique for dataset augmentation’). Through the
above process, various results were analyzed. Finally, the model with model scaling and
CLAHE showed the best performance, and the performance improvement of the coil defect
detection model was up to approximately 1.6% compared with the base model. Although
this study focused on small objects, it is expected to have future use in various fields such as
manufacturing, machinery, and shipbuilding. Moreover, image preprocessing techniques
were analyzed to additionally apply techniques suitable for research subjects and for use as
new datasets. Finally, we would like to proceed with additional model optimization using
algorithms other than those applied to YOLOv5.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app13085200/s1, Figure S1: Structure modification examples.

https://www.mdpi.com/article/10.3390/app13085200/s1
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