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Abstract

Selecting training parameters for convolutional neural networks (CNNs) and determining the amount
of training data required for reliable generalization remain challenging and often time-consuming
tasks, typically relying on manual trial-and-error. While genetic algorithms (GAs) have been applied
to hyperparameter tuning, less attention has been given to how the proportion of training data
influences generalization performance. In this study, we propose an interactive GA-based framework
that simultaneously optimizes key training parameters and the image usage rate, defined as the
proportion of training images used during learning. The approach is implemented within a MATLAB-
based environment, allowing parameters to be adjusted dynamically during the optimization process.
Experimental results on datasets including CIFAR-10 and EuroSat show that the proposed method
can achieve classification performance comparable to manually tuned models while using a reduced
portion of the available training data. In particular, similar accuracy levels were obtained with
image usage rates in the range of approximately 70–95%, suggesting that not all training samples
contribute equally to model performance. These findings indicate that incorporating data usage into
the optimization process can support more efficient CNN training and provide practical guidance for
selecting both training parameters and data subsets in practical applications. .

Keywords: interactive genetic algorithms (GAs); convolutional neural network (CNN); training
parameters; transfer learning; image usage rate; VGG19; generalization ability

1. Introduction
In the production facilities for various industrial products and materials, inspection processes

are established to verify that the finished products do not contain defects. Although some aspects of
product inspection within the inspection process have been automated, there remains a significant
reliance on visual inspection by skilled inspectors. In recent years, numerous attempts have been
reported to apply deep learning technologies, such as CNNs specialized for image recognition and
AI models that fuse CNNs with SVMs as feature extractors, to product defect detection. A highly
active research field has emerged, with new techniques being published daily, indicating a continuous
evolution towards higher performance [1–3].

The first requirement when training a CNN model for defect detection is the collection of image
data for training. The parameters that must be set during training include: for example, maximum
number of epochs, mini-batch size, learning rate, number of images used for training to achieve
generalization. In the MATLAB application currently under development in our laboratory [4,5],
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while it is possible to adjust parameters including these four items when training various types of
defect detection models, the current practice involves operators relying on intuition to determine such
parameters through trial and error, making it a laborious task.

Genetic Algorithms (GAs) introduced by Holland can simulate the process of natural evolution
to find optimal or near-optimal solutions to complex problems [6]. By iteratively applying selection,
crossover, and mutation operations, GAs evolve a population of candidate solutions toward better
performance. GAs are widely used in optimization, scheduling, and machine learning tasks where it is
difficult for traditional gradient-based methods to be applied or to solve them.

As for the design of machine learning models as CNN using GAs, for example, Xie and Yuille
proposed an idea of encoding method to represent each network structure in a fixed-length binary code,
in which GAs were adopted to efficiently explore the large search space as network structure resulting
in demonstrating its performance to find high-quality structures [7]. Kim et al. proposed how to to use
feature selection via evolutionary algorithms to remove the irrelevant deep features. It is reported that
their proposed method could minimize the computational complexity and the amount of overfitting
while maintaining a good quality of representation. It is demonstrated that the improvement of the
filter representation by performing experiments on three data sets of CIFAR10, metal surface defects,
and variation of MNIST and by analyzing the classification performance as well as the variance of the
filter [8].

Bakhshi et al. proposed a GA that could efficiently explore a defined space of potentially suitable
CNN architectures and simultaneously optimize their hyper parameters, for a given image classi-
fication task. The fast automatic optimization model was named fast-CNN and employed to find
competitive CNN architectures for an image classification task on CIFAR10 dataset [9]. Sun et al.
proposed an automatic CNN architecture design method by using genetic algorithms, to efficiently deal
with image classification tasks. The merit of the proposed algorithm seems that domain knowledge of
CNNs is not required to users, while they can still obtain a promising CNN architecture for the given
images [10]. Lima Mendes et al. proposed the gaCNN, which is a hybrid classification architecture
consisting of a CNN and a GA [11]. The gaCNN utilized heterogeneous activation functions to classify
images, optimizing its hyper parameters and activation functions automatically, regardless of the
analyzed dataset. The results showed that gaCNN was able to identify good architecture. Around
the same time, Lee et al. showed the possibility of optimizing network architectures using GA, in
which the search space included both network structure configuration and hyper parameters. They
used an amyloid brain image dataset, that is used for Alzheimer’s disease diagnosis, to verify the
performance of their proposed algorithm. It is reported that their proposed algorithm worked better
than the Genetic CNN [7] by 11.73% on a given classification task [12]. Josiah et al. introduced that GA
and machine learning have a long history of development and use in chemistry. In their review, it is
focused on how GA and machine learning have been used in conjunction with chemical simulation
techniques to advance understanding of surface chemistry, examining the history, recent work, and
overall success of these applications [13]. Domashova et al. developed a software that generates a
neural network with the best parameters for solving classification problems, in their paper, the process
of population formation demonstrated the choice of the fitness function and parent selection method,
and modifications of the crossover and mutation operators are introduced to ensure the operability of
the algorithm on variable sized individuals [14].

Ali et al. systematically evaluated the performance of GA optimizer in tuning machine learning
hyper parameters while comparing to common other techniques such as grid search, random search,
and Bayesian optimization. It is reported that GA slightly outperformed other methods with respect to
the optimality due to its general ability to pick any continuous values within the search range [15].
Santoso et al. contributed to the automatic tuning of hyper parameters to train CNN models using
genetic algorithms [16]. Their proposed method was evaluated using MNIST dataset. The experiments
results showed that using a genetic algorithm for tuning hyper parameters automatically, the accuracy
of validation data is 97.02% and the accuracy of training data is 99.77%. Abdelaziz et al. employed
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CNNs and CNNs combined with a GA as intelligent models for energy consumption prediction. The
GA was utilized to fine-tune some of CNN parameter settings. It is reported that the CNN with the GA
outperformed the CNN model with respect to the accuracy and standard error metrics [17]. Also, Rom
et al. reviewed six prominent hyper parameter tuning methods such as manual tuning, grid search,
random search, Bayesian optimization (BO), particle swarm optimization (PSO), and GA [18]. Their
comparative analysis highlighted the strengths, weaknesses, and appropriate application contexts
for each method. However, it seems that there was almost no discussion about how to extract the
minimum amount of training data necessary to achieve generalization performance.

Caparrini and Arroyo pointed out the problem that traditional approaches such as manual tuning,
grid search, and random search become inefficient when dealing with complex, high-dimensional
search spaces. To cope with the limitation, they introduced an open-source package named mloptimizer
that implements GA-based hyper parameter optimization for machine learning models. The package
is designed to be easy to use, highly customizable and reproducible [19]. Yilmaz and Kuş employed
a GA to optimize activation function, padding, number of filters, kernel size, dropout rate, pooling
size, and batch size. The optimized CNN was trained on brain magnetic resonance imaging (MRI)
images of multiple sclerosis and validated on Alzheimer’s MRI and COVID-19 chest X-ray datasets. It
is reported that the results showed substantial improvements across all datasets [20].

This paper aims to develop a system that employs interactive genetic algorithms [21–23] to
attempt the automatic adjustment of training parameters, thereby proposing guiding conditions to
assist engineers and researchers, in constructing desirable deep learning models such as CNN. By
interacting with the user through our developed MATLAB application that provides the functionality
of interactive GA, it becomes possible to systematically build user’s desired CNN models, e.g., for
defect detection of an industrial material or product, trained based on only rich featured images
extracted from an original big dataset. The effectiveness and promise of the proposed system is shown
through CNN trainings using four different kind of dataset.

This work differs from existing GA-based CNN optimization approaches by explicitly incor-
porating image usage rate as a controllable parameter within the evolutionary search, enabling the
identification of reduced training subsets that retain relevant features for maintaining generalization
performance. Unlike conventional hyper parameter tuning, the proposed method considers both
training parameters and data usage within a unified framework, providing a practical approach for
reducing dataset size while preserving classification accuracy.

2. Genotype and GA Operation
2.1. Genetic Code

In our approach for CNN model design, four parameters such as max epochs, mini-batch size,
learning rate, and image extraction (usage) rate are optimized by the interactive GA. Regarding the
extraction (usage) rate from an original training dataset, for example, if the value of 100 is set, all the
training data are used, also if 80 is set, 80% of the training dataset, extracted randomly, are used for
training the deep learning model. These four phenotypes are converted into genotypes, i.e., binary
form using 8 bits, as shown in Figure 1. For example, in this experiment, the population consists of 12
individuals (N=12), including two elite individuals (E=2), all of whom have a gene length of 32 bits
(=8 bits×4). Table 1 shows an example of parameters used for the GA search in this experiment, in
which values from No. 6 to No. 10 can be interactively manually changed even in GA operation while
observing the progress of optimization.
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Figure 1. Structure of genotype and population for GA operation.

Table 1. Example of parameters in GA operation, and search spaces for Max epoch, Mini batch size, Learning rate,
and Image usage rate.

1. Population size N 12
2. Number of elites E 2
3. Selection Tournament selection
4. Crossover Uniform crossover (rate=50%)
5. Mutation Random mutation (rate=3.13%)
6. Number of generations 30
7. Max epoch Search range: 20 to 50
8. Mini batch size Search range: 4 to 64
9. Learning rate Search range: 0.00005 to 0.0005
10. Image usage rate [%] Search range: 70 to 90

2.2. GA Flow

As shown in Figure 2, to generate the next generation (N=12), selection is first performed. This
time, tournament selection is employed: three individuals are randomly selected from among those
excluding the elite (E=2), and the most fit among them are retained for the next generation. This
operation is performed N−E times, where N is the total population size and E is the number of elites,
generating the same number of individuals for the next generation. Crossover and mutation are two
basic operation of GA. Crossover is performed after selection. This time, uniform crossover with a
50% crossover probability was employed. Also, the mutation rate was set to 1/32 = 3.13%, taking into
account the bit length of the individuals shown in Figure 1.

In addition, the upper and lower bounds for the four search parameters shown in Table 1, along
with the number of generations for evolving the population, can be interactively modified even during
GA execution. The interactive aspect allows users to adjust parameter search ranges and optimization
constraints during runtime, enabling human-in-the-loop guidance that can influence the search process
and adapt it based on intermediate results.
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Figure 2. Flow of the proposed interactive GA. In the GA operation, lower and upper values of search spaces can
arbitrarily changed by human.

2.3. GA Parameter

The image extraction rate, one of the four GA parameters to be optimized, is the proportion X [%]
of images actually used for training out of all images available for learning. When higher classification
accuracy is achieved, that is, when the best individual is updated, the extracted images comprising X
[%] used for training at that time are stored for subsequent evaluation. Images extracted and stored
through this process can be regarded as the minimum training images required for the designed CNN
to acquire sufficient generalization performance on test images.

2.4. Evaluation Function as a Maximization Problem

Fitness F to rank individuals is calculated by the evaluation function given by

F = γAc + (1 − γ)
ImageRate_min
ImageUsageRate

100 (1)

where Ac [%] and ImageUsageRate are the classification accuracy obtained through a training process
using an individual and the image usage rate at that time, respectively. ImageRate_min is the lower
limit value in searching the image usage rate, e.g., 70 [%] in Table 1. Also, γ is the weight coefficient
for Ac. Individuals with larger F can survive to the next generation through the GA operation.

The formulation balances classification accuracy and data usage, enabling exploration of trade-offs
between performance and training data size. The underlying assumption is that images contributing
most to classification accuracy contain more discriminative features. By incorporating the image usage
rate into the fitness function, the GA implicitly promotes the selection of subsets that retain relevant
information while reducing redundancy. This process can be interpreted as an evolutionary sampling
mechanism in the training data space that supports the identification of effective training subsets for
maintaining generalization performance.

3. Training and Evaluation of CNN (sssNet)
3.1. CNN (sssNet) Built by Transfer Learning

Transfer Learning is a method that leverages knowledge obtained from a source domain to assist
learning in a target domain, and it is particularly effective when the target data are limited [25]. Unlike
traditional machine learning, transfer learning does not require that the training and testing data come
from the same distribution, thus it can significantly improve the generalization performance of models.
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In recent years, transfer learning in deep learning is commonly implemented by using pre-trained
models followed by fine-tuning, such as convolutional neural networks pre-trained on ImageNet.
Transfer learning based on a pre-trained CNN model can significantly reduce training time to build a
new role-playing CNN one compared to that trained from scratch.

3.2. In Case of Parameter Tuning by Manual Setting by B4 Students

Here, seven final-year undergraduate students from our laboratory each manually trained a
CNN model and evaluated it using test images, while adjusting parameters through trial and error.
Images extracted from the CIFAR10 dataset are used for evaluation. CIFAR10 dataset comprises 50,000
training images and 10,000 test images across ten classes, as shown in Figure 3, including cat, bird,
and airplane, with a resolution of 32×32×3. In the experiment, 500 images per one category (500
images×10 categories = totally 5,000 images) were extracted for training, and 300 images per category
(300 images×10 categories = totally 3,000 images) for testing.

Figure 3. CIFAR-10 dataset [24] used for evaluation.

CNN models named sssNet are designed based on transfer learning technique. This time, VGG19
was employed as the backbone of the transfer learning, which had demonstrated high classification
performance in our previous applications. The fully connected layers of VGG19 were replaced from
one designed for 1000-class classification to one for 10-class classification [26], as shown in Figure 4.
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Figure 4. CNN model designed by transfer learning based on VGG19, which can cope with the domain for 10
classes shown in Figure 3.
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Table 2 shows the classification accuracies [%] on 3,000 test images predicted by each of the five
sssNet models obtained from the five training sessions (from trial 1 to 5) conducted by seven students.
Note that in this case, each training was conducted over 40 to 100 epochs to achieve sufficient accuracy
on the test images.

Table 2. Classification accuracies [%] tried by seven students.

Trial 1st 2nd 3rd 4th 5th
Student 1 81.13 80.90 82.93 80.93 79.90
Student 2 81.03 81.30 79.93 78.27 81.73
Student 3 82.17 81.07 80.43 78.57 82.27
Student 4 81.97 80.80 82.30 78.53 81.97
Student 5 79.63 81.53 80.63 80.93 78.90
Student 6 82.93 80.23 80.60 80.46 80.90
Student 7 82.10 80.23 80.67 81.20 73.13

3.3. In Case of Automatic Tuning Using the Proposed Interactive GA

Table 3 shows results of five trial tests, in which classification accuracy achieved by each best
individual when automatically training the CNN using the proposed method based on GA. These
results confirm that using GA enables the automatic acquisition of parameters capable of achieving
high accuracy. Furthermore, as indicated by the extracted rate of images used in CNN training, it was
confirmed that equivalent accuracy to that achieved using the entire dataset could be obtained without
using all the images in the dataset. Note that in the trial tests, the weight coefficient γ was set to 1.

The results in Table 3 indicate that the proposed method is able to identify subsets of images
that contribute more effectively to classification performance. This observation suggests that images
contributing more to classification accuracy tend to contain more discriminative features. By incorpo-
rating the image usage rate into the optimization process, the GA promotes the selection of subsets
that retain relevant information while reducing redundancy. This behavior supports interpreting the
proposed method as a data-driven sampling mechanism for identifying effective training subsets that
maintain generalization performance.

Table 3. Best results obtained using the proposed GA-based optimization approach.

Trial 1st 2nd 3rd 4th 5th
Generation 9 3 18 27 2
Accuracy [%] 82.1 82.2 82.6 82.8 82.5
Image usage rate [%] 86 93 95 97 90
Mini batch size 22 23 19 24 6
Max Epoch 39 33 42 48 31
Learning rate 0.0003 0.0004 0.0004 0.0004 0.0001

4. Additional Experiments
Three additional datasets from different domains were used to further evaluate the proposed

method.

4.1. EuroSat

The first image dataset is EuroSat [27], as shown in Figure 5, which consists of aerial views of
ten types of terrains captured by artificial satellites, including Forest, River, and Highway, with a
resolution of 64×64×3. Just like CIFAR-10, in the experiment, 500 images per one category (500
images×10 categories = 5,000 images) were extracted for training, and 300 images per one category
(300 images×10 categories = 3,000 images) for testing.
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Similarly, the training images in EuroSat were used for training a CNN model, in which the
conventional manual setting was applied, and the trained model was evaluated using test images.
As can be seen from Table 4, average classification accuracy across several trials by a B4 student was
approximately 96%.

On the other hand, when trained using the proposed GA as with CIFAR-10, an accuracy of 96.8%
was achieved even with a learning rate of 0.0005, 7 epochs, a mini-batch size of 28, and an image usage
rate of 80%. An accuracy of 96.4% was obtained even with a significantly lower image utilization
rate of 73%. These results are consistent with those obtained on CIFAR10, further supporting the
effectiveness of the proposed approach across different image domains.

Table 4. Manual training results by a B4 student and GA training results by the proposed method.

Trial Manual 1st Manual 2nd GA 1st GA 2nd
Accuracy [%] 96.3 96.6 96.4 96.8
Image usage rate [%] 100 100 73 80
Mini-batch size 32 32 9 28
Max epoch 100 62 10 7
Learning rate 0.0005 0.0005 0.0003 0.0005

4.2. Dataset Consisting of Images Labeled with Capping, Noise, and Voice

The second dataset originates from B4 students’ graduation study in our laboratory, capturing the
waveform of sounds emitted by a robotic arm during robotic capping task. As shown in Figure 6, this
image dataset consists of three categories: Capping, Noise, and Voice, with a resolution of 469×469×3.
Each category contains 300 training images (300 images×3 categories=900 images) and 50 test images
(50 images×3 categories=150 images). The role of a CNN model trained using this image dataset is the
distinction between normal capping sound and other sounds such as noise and voice.

Unlike previous datasets, this dataset achieved 100% accuracy when evaluated on test images
after pre-trained using traditional manual methods. Therefore, the objective of the research has shifted
to maintaining 100% accuracy while minimizing the amount of training data used as much as possible.

After training the GA using the proposed method on this dataset, it achieved 100% accuracy
multiple times when using only a subset of the dataset. Therefore, based on the existing results, we
interactively reduced the upper limit of the dataset extraction volume. As shown in Table 5, even when
using less than half of the dataset, results with 100% accuracy can still be achieved.

Figure 5. EuroSat dataset [27] used for evaluation.
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Table 5. Results of GA Training.

Trial 1st 2nd 3rd 4th
Accuracy [%] 100 100 100 100
Image usage rate [%] 50 51 44 43
Mini-batch size 20 57 58 16
Max epoch 30 34 45 23
Learning rate 0.00006 0.00023 0.00005 0.0008

4.3. Another Dataset Consisting of Time-Series Sound Block Data

In this subsection, a sound block dataset obtained from a CNC machine tool is evaluated to
extract rich-featured images. Figure 7 shows an example of extraction of one-line time-series sound
blocks (SBs) from a WAV file, which is recorded from a general milling machine using a normal and a
damaged end mills [28]. In this experiment, SB data are sampled with 0.01 [s], so that the length of a
SB data file is 44,100×0.01=441. By normalizing a SB into [0,1] and arranging it to row direction 441
times, a BMP image with the resolution of 441×441 is easily generated as shown in Figure 8. Note
that in giving BMP images for training to the input layer of the CNN model shown in Figure 4, the
resolution is downsized to 224×224.

Number of normal and anomaly SB data files for training is 500 each. Also, an equal number of
test SB to check the generalization ability is prepared for both normal and anomaly categories. Table 6
shows the results of five trials.

While the proposed GA-based approach demonstrates consistent performance across different
datasets, the present study focuses primarily on comparison with manual parameter tuning. A more
comprehensive evaluation against other hyper parameter optimization techniques, such as Bayesian

Capping

Voice

Noise

Figure 6. Image dataset consisting of three classes, Capping, Noise, and Voice .
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optimization, random search, and grid search, remains an important direction for future work to
further assess relative efficiency and computational cost.

Figure 8. Examples of BMP images expanded from one-line SB data.

Table 6. Results of GA Training for sound block (SB) dataset.

Trial 1st 2nd 3rd 4th 5th
γ in Eq. (1) 1 0.8 0.5 0.3 0.1
Accuracy [%] 97.3 97.3 97.6 97.0 96.8
Image usage rate [%] 79 70 60 50 45
Mini-batch size 40 40 33 57 32
Max epoch 32 57 36 50 81
Learning rate 0.00038 0.00048 0.00045 0.00026 0.00049

5. Conclusions
This study aimed to develop a system that proposes key learning conditions to serve as guidelines

for engineers and researchers constructing desirable CNN models using interactive genetic algorithms

Example of sound block (SB) data in a WAV file sampled with 44100 Hz

Length N

SB1 SB2 SB3

Time

M
a
g
n
it
u
d
e

After normalizing into [0, 1], each SB data is saved as a BMP image (1×N)

BMP image (1×N) 
BMP image (1×N) 

BMP image (1×N) 

Figure 7. One line BMP converted from one SB [28].
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(GA). Through the proposed framework, it becomes possible to construct a target CNN model by
automatically adjusting training parameters within defined search ranges through user interaction.
In particular, the method enables systematic exploration of the amount of training data required to
achieve the desired generalization performance.

Experimental results obtained from four datasets, including CIFAR10, EuroSat, robotic task sound
data, and time-series SB data, demonstrate that training subsets extracted through the proposed
GA-based approach can achieve generalization performance comparable to that obtained using the
full dataset. This indicates that effective training can be achieved using reduced data while preserving
classification accuracy.

Although the proposed method demonstrates consistent performance across multiple datasets,
the evaluation remains limited to selected domains. The generalization capability across significantly
different domains or real industrial scenarios requires further investigation. In addition, while the GA-
based optimization improves parameter selection, it introduces additional computational overhead due
to iterative population evaluation, and future work should analyze the trade-off between optimization
cost and performance gain.

Overall, the proposed method shows potential applicability to industrial defect detection and
related tasks, subject to further validation on real-world datasets.
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