
Citation: Kim, D.; Seo, S.B.; Yoo,

N.H.; Shin, G. A Study on Sample

Size Sensitivity of Factory

Manufacturing Dataset for

CNN-Based Defective Product

Classification. Computation 2022, 10,

142. https://doi.org/10.3390/

computation10080142

Academic Editors: Xiaoqiang Hua

and Yudong Zhang

Received: 23 June 2022

Accepted: 16 August 2022

Published: 19 August 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

computation

Article

A Study on Sample Size Sensitivity of Factory Manufacturing
Dataset for CNN-Based Defective Product Classification
Dongbock Kim 1, Sat Byul Seo 1,*, Nam Hyun Yoo 2 and Gisu Shin 3

1 Department of Mathematics Education, Kyungnam University, 7 Kyungnamdaehak-ro, Masanhappo-gu,
Changwon-si 51767, Gyeongsangnam-do, Korea

2 School of Computer Science and Engineering, Kyungnam University, 7 Kyungnamdaehak-ro,
Masanhappo-gu, Changwon-si 51767, Gyeongsangnam-do, Korea

3 ANYTOY Co., Ltd., 59 Gwangyeocheonnam-ro, MasanHoewon-gu, MasanHoewon-gu, Changwon-si 51233,
Gyeongsangnam-do, Korea

* Correspondence: sbseo@kyungnam.ac.kr; Tel.: +82-55-246-6445; Fax: +82-55-999-2149

Abstract: In many small- and medium-sized enterprises (SMEs), defective products are still man-
ually verified in the manufacturing process. Recently, image classification applying deep learning
technology has been successful in classifying images of defective and intact products, although
there are few cases of utilizing it in practice. SMEs have limited resources; therefore, it is crucial
to make careful decisions when applying new methods. We investigated sample size sensitivity to
determine the stable performance of deep learning models when applied to the real world. A simple
sequential model was constructed, and the dataset was reconstructed into several sizes. For each
case, we observed its statistical indicators, such as accuracy, recall, precision, and F1 score, on the
same test dataset. Additionally, the loss, accuracy, and AUROC values for the validation dataset were
investigated during training. As a result of the conducted research, we were able to confirm that,
with 1000 data points or more, the accuracy exceeded 97%. However, more than 5000 cases were
required to achieve stability in the model, which had little possibility of overfitting.

Keywords: deep learning; defect classification; sample size sensitivity; convolutional neural network

1. Introduction

Rapid changes in technology and industry caused by increasing interconnectivity and
smart automation have been defined as the Fourth Industrial Revolution (Industry 4.0).
Automated manufacturing processes in factories are now in the spotlight under the Industry
4.0 paradigm and are actively implemented to accelerate productivity and efficiency in
factories [1–3]. Smart manufacturing is widely discussed around the world and even small-
and medium-sized enterprises (SMEs) are also considering potential changes by analyzing
causes such as time-consuming processes, labor cost burdens, and management deterioration.

Quality inspection as part of the product manufacturing process is essential in every
industry. One of the main product quality control processes is the classification of defective
products in the manufacturing environment. However, this step in quality control is very
time-consuming and labor-intensive because the inspection process is carried out manually;
furthermore, its accuracy is not 100% due to human inefficiencies. This may therefore
expose companies to large financial losses. These unreliable product classification systems
bring challenges; for example, working in real-time with consistently high accuracy in
difficult environments such as noisy real-world factories. Some methods have been utilized
to address this task; among these, vision-based systems are well-known as very effective in
classifying product quality in factories. Automated vision-based defect detection systems
capable of distinguishing various kinds of materials, such as ceramics, textiles, and metals,
have been studied [2,4].
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AI-based quality inspection and defect detection systems are actively deployed by
companies around the world. Recently, companies and factories are trying to change the
inspection process to an automatic classification model based on deep learning. The latest
AI technologies such as deep learning and computer vision have shown effectiveness in
detecting various features in images with near-human accuracy. However, the majority of
methods require a large amount of data. Applying AI techniques to real-world manufac-
turing is challenging due to the constraints associated with the need for large amounts of
training data [5]. In real-world factories, especially small- and medium-sized enterprises
(SMEs), it is more challenging to collect and label data. Smart manufacturing in SMEs faces
several difficulties. First, a deep learning-based automated defect classification system
requires data. AI models can provide an effective solution if production lines can generate
a huge amount of data, but the solution may not be effective in others due to the limited
amount of data [6]. SMEs generally have limitations in the manufacture of many products
per day, which causes difficulties in collecting massive data for training a product dataset.
In addition, developing an automated system in the product line is expensive and requires
high domain expertise [6]. However, SMEs may not be able to cover the cost of smart factor-
ization; thus, this should be determined before deciding whether the return on investment
(ROI) of installing a camera or acquiring expertise for smart factorization is efficient.

Deep learning techniques have been applied in a variety of environments and have
achieved remarkable results. In manufacturing environments, deep learning techniques
have been used for computer vision and quality inspection tasks in order to classify and
detect products [7–19]. Most of the research on deep learning applications in manufacturing
has focused on a degree of performance using different pre-trained CNN models and
different approaches to preprocessing. However, the first step for the initial AI factorization
is usually to specify the data standards; this is being attempted in the actual manufacturing
process in SMEs. Observing the performance changes in deep learning models according
to the data size is essential for fields in which large amounts of data are difficult to obtain
and process.

There have been studies evaluating the performance of deep learning models according
to sample size changes in various fields [20–24]. Shahinfar et al. estimated the number of
training images per animal species needed for a certain accuracy level [20]. Ladefoged et al.
evaluated how training cohort size and input data affected the deep learning method in a
clinical setup [21]. Barbedo investigated how the size of a dataset impacted the effectiveness
of deep learning in plant pathology [22]. However, there have been no studies comparing
performance depending on the change in sample size for manufacturing image data.

It is a quite obvious expectation that there should be a tendency toward better per-
formance as the number of sample size increase for the stable model. However, most
SMEs generally have limitations on manufacturing many products per day, which causes
difficulties in collecting massive amounts of data for training a product dataset. This is the
situation and the environment that many SMEs must confront. Thus, it is meaningful to
find data size criteria for a guaranteed level of deep learning outcomes in SMEs.

In this study, we aim to specify the standards of dataset for an initial attempt of AI
factorization in actual manufacturing process in SMEs, in which the difficulty of obtaining
a large amount of data for deep learning training should be considered. We focused on the
sample size sensitivity of a manufacturing image dataset and considered the number of
samples required to stabilize a smart factory, comparing the model performance according
to changes in the sample size. We used a simple sequential deep learning model and
determined how many samples were needed to obtain a stable performance level for the
deep learning model.

2. Materials and Methods
2.1. Dataset

To examine the sample size sensitivity on the CNN model in manufacturing image
data, we used publicly available casting product image data from Kaggle, a platform on
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which data analysis competitions are held and preceded by the provision of data that
requires analysis in terms of the company’s research tasks and main services. The dataset
from casting product image data for quality inspection is publicly available on Kaggle [25].
This dataset consists of top-view images of submersible pump impellers that are produced
by casting. Many kinds of defect, such as burrs, pinholes, scratches, etc., can occur during
casting; this dataset includes defective products and intact products.

2.1.1. Original Dataset from Kaggle

The original dataset on Kaggle contained 7348 images, and each image was 300 × 300
pixels in size, and grayscale. There are two categories: Defective front (def-front) and Ok
front (ok-front). The number of training def-front images was 3758 and the number of
training of-front images was 2875. In the test set, the number of def-front images was 453,
and the number of ok-front images was 262. Figure 1 shows def-front and ok-front images.
The dataset itself already included images that were augmented.
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Figure 1. Def-front and ok-front samples from the dataset. Pinholes are marked with red arrows;
scratches are marked with a blue arrow.

2.1.2. Reorganized Dataset

To compare the performance of CNN models according to the change in sample size,
we built several different-sized datasets. We reorganized the datasets with 100, 300, 500, 700,
1000, 2000, and 5000 images, and trained models by each dataset. To monitor the learning
process, we divided each dataset into training sets and validation sets in an 8:2 ratio with
the same proportion of def-front and ok-front images. To evaluate the models, we applied
the same test dataset to all models. The test dataset consisted of 715 samples. Our datasets,
which were built from the original dataset, are summarized in Table 1.

Table 1. Information about the reorganized datasets.

Total Size Train Size Validation Size Test Size

100 80 20 715
300 240 60 715
500 400 100 715
700 560 140 715

1000 800 200 715
2000 1600 400 715
5000 4000 1000 715
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2.1.3. Data Preprocessing

The original dataset was collected for the purpose of data analysis; its background had
already been normalized. Thus, in the preprocessing stage, a simple technique was applied.
Each image of the dataset was in grayscale, and it was 300 pixels wide and 300 pixels high.
We resized the images from 300 × 300 to 150 × 150 to improve the learning speed of the
model. Before we applied data standardization, individual pixels ranged from 0 to 255
before preprocessing. To standardize, we calculated the mean standard deviation of the
pixels and applied data standardization to our dataset.

Data standardization is an important element of data analysis [26]. Computers only
perform mathematical operations with numbers; thus, serious problems can arise if the
pixel values or the data values are severely different. For example, in most cases, 0 means
black and 255 means white. There is a clear distinction between white and black for human
recognition. However, if data are not standardized, computers could regard white as being
much more important than black. In other words, when a computer calculates the values,
white is treated as a more crucial factor than black because the value of white pixels is
larger than that of black pixels. This can cause the model to run inaccurately. Figure 2
shows the images before and after preprocessing.
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2.2. Deep Learning

Machine learning techniques include artificial neural networks (ANNs) [27], which
mimic structural aspects of the human nervous system. ANNs consist of an input layer, a
hidden layer, and an output layer. If the ANN deals with two or more hidden layers, it is
called deep learning or deep neural network.

2.2.1. Deep Neural Network

A typical deep neural network (DNN) is a kind of ANN that consists of several hidden
layers. DNNs mainly have more than two hidden layers. Each layer consists of nodes
with non-linear activation functions. When the data are entered through the input layer,
the value of each node is multiplied by a weighting that determines the strength of the
connection between the nodes, and a bias is added. In the second layer, the hidden layer, it
passes through the activation function, which renders the DNN non-linear. By repeating
this process, the numbers in the input layer are transferred to the output layer. This process
is called feedforward.

In supervised learning, the answers for the input data are given. A DNN model
produces its own output by performing a feedforward process. The output from the
feedforward is a prediction of the model, and the error is the difference between the
prediction and the given answer. Initially, an error is large because most of the initial
weights and biases are set randomly. The model′s task is to reduce the errors. To do
this, the model modifies its weights and biases. The final goal of the DNN is to make
a prediction close to the given answer. In the learning process, the model has a loss
function, and the learning proceeds in the direction of finding the minimum value of the
loss function. To do this, a differential is required. If the loss is large enough, the loss
function’s learning direction is decided by the partial differential coefficient of that loss.
Using these differential coefficients, the weights and the biases are changed. As a result,
the loss function can obtain smaller values. The process of finding the minimum value
of the loss function by differentiation is called the gradient descent. Most DNN models
use this method for optimization, and there are many kinds of gradient descent methods.
Through this, the DNN parameters (weights and biases) are updated, which is called
backpropagation [28]. By repeating feedforwards and backpropagations, the parameters
are tuned and the loss is reduced. To achieve a meaningful performance, the model needs
sufficient data. Fortunately, current supplies of data are quite smooth [29]. Thus, natural
machine learning and deep learning have undergone considerable progress in recent years.

2.2.2. Convolutional Neural Network

Among deep learning technologies, convolutional neural networks (CNNs) are spe-
cialized in image recognition. CNN models have shown strong performance in the video
and image recognition fields [30,31] and in the field of defect inspection [9,10]. CNNs
represent a key change in deep learning technology. The basic principle and structure are
similar to those of DNNs, but CNNs have several significant differences that distinguish
them from general DNNs. First, when the input image enters, the CNN model identifies
features of the image. To do this, the model uses filters that calculate the similarity of
certain patterns. Filters represent small features of the image; clearly, the size of a filter
is smaller than that of the original image. When initial random filters are given, each of
them performs the convolution operation, which is a numeric calculation. By moving
horizontally and vertically, the filter determines scores of the images. In this process, the
weights in the filters change according to the small features of the image. This is called
feature extraction. The images pass through these filters and become differently shaped
images, which is called feature mapping. In other words, the filters represent what the
CNN model learns during the learning. By training filters from input image data, CNN
models can identify what is in the image [28].
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2.3. CNN Architecture

CNN models mainly consist of three kinds of layers: convolution layers, pooling
layers, and dense layers. In this study, we used a simple sequential model composed of
twelve layers. The model consisted of four convolution layers, four max-pooling layers,
two dense layers, a flattened layer, and a dropout layer, which was located directly before
the dense layers to prevent overfitting.

All convolution layers used a 3 × 3 size filter with an activation function, a rectified
linear unit (ReLU). Max-pooling layers, located directly after each convolution layer, used
a 2 × 2-sized filter. We used binary cross-entropy as a loss function, and adaptive moment
estimation (Adam) as an optimizer. Firstly, input images passed through the convolution
layer and the max-pooling layer alternately four times and entered the flattened layer.
Subsequently, they entered a dropout layer, used to prevent overfitting, and finally passed
through two dense layers. They each had an activation function, ReLU and Sigmoid,
respectively. We trained the models for 30 epochs and used a batch size of 16. The structure
of the architecture is shown in Figure 3. Summaries of the layers and the parameters of the
model are shown in Table 2.
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Table 2. Summary of the CNN model used with layers, output shapes, and the number of parameters.

Layer (Type) Output Shape Parameters

Conv2D(ReLU) (None, 148,148,32) 320

MaxPooling2D (None, 74,74,32) 0

Conv2D (ReLU) (None, 72,72,64) 18,469

MaxPooling2D (None, 36,36,64) 0

Conv2D (ReLU) (None, 34,34,128) 73,856

MaxPooling2D (None, 17,17,128) 0

Conv2D (ReLU) (None, 15,15,128) 147,584

MaxPooling2D (None, 7,7,128) 0

Flatten (None, 6272) 0

Dropout (None, 6272) 0

Dense (ReLU) (None, 512) 3,211,776

Dense (Sigmoid) (None, 1) 513

Total: 3,452,545

2.4. Evaluation Metrics

Evaluation of the model is needed to confirm the model performance. In this section,
we explain the evaluation metrics used in this research.

In binary classification (there are two actual classes, True and False): the model predicts
the classes as True or False. Thus, there are four possible cases. The cases in our study
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were as follows: TP, TN, FP, and FN. True Positive (TP) meant that the model predicted the
class as ok-front, and the real class was also ok-front. True Negative (TN) meant that the
model predicted the class as def-front, and the answer was also def-front. False Positive
(FP) meant that the model predicted the class as ok-front, but the answer was def-front.
Finally, False Negative (FN) meant that the model predicted the class as def-front, but the
answer was ok-front. A matrix made by these four cases is called a confusion matrix. We
found some indicators that demonstrated the performance of the model using the cases
mentioned above.

One of the indicators was Accuracy. This shows how correctly the model has made
the predictions. The equation is as follows:

Accuracy =
TP + TN

TP + FP + FN + TN
(1)

Next, Precision was used to show the ratio of the True Positive class to that predicted
as true by the model. Precision was calculated as follows:

Precision =
TP

TP + FP
(2)

Recall (also: sensitivity) is the proportion between the True Positive class and the
amount of the actual class that was true. The equation of recall is as follows:

Recall =
TP

TP + FN
(3)

The F1 score is the harmonic mean of Precision and Recall. Recall and Precision are in
a trade-off relationship; therefore, the F1 score shows how reliable the two indicators are.
The F1 score can be expressed as follows:

F1 Score = 2× Precision× Recall
Precision + Recall

(4)

Finally, a receiver operating characteristic (ROC) curve was used to determine the
usefulness of the inspection model or to evaluate the accuracy of the model. ROC curves
are an indicator mainly used to evaluate machine learning models. The area under the
curve (AUC) can be calculated from the ROC curve. A high AUC value means that the
accuracy of the inspection is high; the sensitivity and specificity must be known to derive
the ROC curve. The sensitivity was consistent with the Recall, which is represented above.
Specificity shows how thoroughly the model predicted the False class. The specificity
equation is as follows:

Speci f icity =
TN

TN + FN
(5)

2.5. Experimental Environment

We used an Intel Core i9-10900 X processor and GeForce RTX 2080 Ti. The dataset
we used in this research was not too large; therefore, the hardware functioned without
setbacks. Environment details are summarized in Table 3.

Table 3. Hardware and software environments.

Hardware Environment Software Environment

CPU: Intel Core i9-10900 X, 3.7 GHz, Ten-core
Two threads, 32 GB

GPU: Geforce RTX 2080 Ti

Ubuntu TensorFlow 2.6.0 framework
Python 3.7.6
Keras 2.6.0
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3. Results

We built a simple CNN model to focus on how the model’s performance changed
with the sample size. The dataset we used in this research comprised image data of
manufacturing facilities. We used the reorganized dataset and trained the models with
a structurally identical architecture. We applied each model to the same test dataset and
compared the evaluation indicators such as accuracy, precision, recall, and F1 score. A
summary of the evaluation indicators of the n-sized dataset is shown in Table 4.

Table 4. A summary of the performance of each model.

Dataset Accuracy Precision Recall F1 Score

100-sample 77.48% 66.56% 77.48% 71.6%

300-sample 88.95% 76.99% 99.62% 86.86%

500-sample 94.4% 87.5% 98.85% 92.83%

700-sample 95.94% 92.06% 97.33% 94.62%

1000-sample 98.32% 95.96% 99.62% 97.75%

2000-sample 97.76% 94.56% 99.61% 97.03%

5000-sample 98.46% 95.97% 100% 97.94%

As we expected, evaluation indicators showed better results as the sample size of the
data increased, and the 5000-sample dataset was the highest among all datasets. However,
the 1000-sample dataset demonstrated better performance in the test dataset than the
2000-sample dataset. However, it changed by random state, which decided how randomly
the dataset was divided.

In the training process of each model, we compared the loss changes in the training
set and the validation set. The graphs of loss change are shown in Figure 4. We found that
the total number of samples with fewer than or equal to 1000 datasets were overfitted. The
2000-sample dataset was also slightly overfitted after the 28th epoch. Only the 5000-sample
dataset exhibited stable loss change.
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We also compared the accuracy changes in the training set and the validation set. Two
graphs are shown in Figure 5. The results for the accuracy changes in Figure 5 were similar
to those in Figure 4.
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Figure 5. (a) Accuracy changes in training set for each size; (b) accuracy change in validation set for
each size.

Figure 6 shows the ROC curves of each sample size. The AUC value, which means the
area under the curve, ranges from 0.5 to 1; the closer to 1, the better the performance. The
AUC value increases as the size of the dataset grows. As Figure 6 shows, the AUC value of
the 5000-sample dataset reached 1.000, which is the optimum value of AUC.
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4. Discussion

Companies around the world actively conduct AI-based quality inspection and in-
corporate defect detection systems. Recently, companies and factories have been trying
to change the inspection process towards automatic classification models based on deep
learning. However, it is difficult to collect and label the data in real factories, especially
small- and medium-sized enterprises (SMEs). SMEs generally have limitations in manu-
facturing many products daily and have difficulty collecting massive amounts of data for
training product datasets. In addition, the development of an automated system within a
production line is expensive and requires high domain expertise [6].

In this study, we aimed to find the appropriate sample size required to classify defec-
tive products in manufacturing data by evaluating the model performance according to
sample size. We focused on the variability in model performance depending on the change
in the sample size. We used a simple sequential deep learning model and identified how
many samples were needed to stabilize the model performance. The loss and accuracy
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were monitored in each model, and we compared those results. As shown in Figures 4–6, it
was confirmed that the model performance indicators were improved with an increasing
sample size. The evaluation indicators showed better results as the sample size of the data
increased, and the 5000-sample dataset was the best of all. However, we found that the total
number of samples in datasets with fewer than or equal to 1000 samples was overfitted
for the validation data, and that the 2000-sample dataset was also slightly overfitted after
the 28th epoch. The 5000-sample dataset only exhibited stable loss changes. Therefore,
we conclude that there was an overfitting issue in the models consisting of fewer than
5000 samples. Based on this model, overfitting issues would be solved when the sample
size exceeds 5000. Thus, this implies that more than 5000 imaging samples are required
to achieve a certain accuracy without introducing overfitting issues in the manufacturing
field. In fact, Nguyen et al. evaluated the diagnostic performance of deep neural networks
models using a dataset of over 7000 images, demonstrating approximately 98% accuracy [2].

Our research has some limitations. Firstly, we built a simple structure of the sequen-
tial model because we wanted to focus on only the data size sensitivity. Techniques for
improving overfitting (regulations, early stopping, etc.) were not applied, and pre-trained
models, which have been used in many other previous related studies, were not used.
However, because we aimed to determine the ideal size of the dataset to be applied in real
factories, we only focused on the variability in model performance in changing sample
sizes. If transfer learning is applied, a better performance of the model is expected, even
with smaller sample sizes. Secondly, the proportion of def-front images and ok-front images
in the dataset was equal (1:1), in order to be balanced. However, in the real world, most
of the data to be collected in factories are possibly imbalanced. In fact, the proportion of
defective products might be significantly less than that of ok products. Obviously, the
dataset can be constructed in a 1:1 ratio to match defective data, but as mentioned earlier,
the better solution for SMEs is to recognize clear criteria in order to apply these deep
learning technologies to the field. Therefore, comparing the performance of the models
according to the ratio of defective data and acceptable data to find the best ratio seems
worthy of further investigation. Thirdly, the dataset used in this study had little noise
compared with the real factory data. Raw data from real factories are likely to be of lower
quality compared with the casting data we used in this study. Hence, in order to construct
an effective model using actual factory data, various preprocesses, including noise removal,
may be required. Finally, our study did not seem to specify the application of a particular
manufacturing process. Nevertheless, we aimed to specify the data standards necessary for
initial AI factorization, which is being attempted in actual manufacturing processes. The
data we used in this research were specific data; as mentioned above, we only used a model
with the same structure. General problems of appearance defects at the manufacturing
field are somewhat similar. Most types of defects in product images are burrs, pinholes,
scratches, etc. Thus, generalization to a certain level may be possible even with specific
data, but it seems that further research on this is needed.

5. Conclusions

Deep learning technologies are developing rapidly, and this tendency will continue
for decades to come. Despite these advances, many SMEs have trouble applying this tech-
nology in real fields. In this study, we focused on the size sensitivity of the manufacturing
image data. Thus, we reorganized the whole dataset. The CNN model with the same
structure was applied to each dataset. To observe the result according to the datasets,
we monitored the loss function and the accuracy changes in the learning process; several
statistical metrices such as accuracy, precision, recall, and F1 score were monitored using
the test dataset. We aimed to find the sample size criterion required for the CNN-based clas-
sification of defective products in manufacturing data for application in practical factories,
especially SMEs.
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