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Abstract

This study examines the effectiveness of Genetic Algorithm (GA)-based image augmen-
tation in enhancing Convolutional Neural Network (CNN) performance for Romblon
marble texture classification. Five CNN architectures, AlexNet, InceptionV3, VGG16,
MobileNet, and ResNet50, were trained and evaluated on both raw and GA-augmented
datasets. Unprocessed dataset achieved limited accuracy, with InceptionV3 performing
best at 35.33%, followed closely by VGG16 at 33.78%. In contrast, GA-augmented data
significantly boosted performance, with VGG16 achieving 94.68% accuracy, followed by
MobileNet (92.68%) and InceptionV3 (92.46%). Entropy loss values consistently decreased
across all models, indicating improved convergence and reduced overfitting. Although
ROC-AUC scores remained close to 0.5, reflecting modest improvements in class separabil-
ity, overall results confirm that evolutionary augmentation enriches dataset diversity and
strengthens CNN learning capacity. MobileNet showed a solid balance between accuracy
and computational economy, underscoring the possibility of GA-based augmentation as a
workable option for real-world marble categorization, while VGG16 emerged as the most
accurate of the studied architectures.

Keywords: convolutional neural network; data augmentation; marble classification;
genetic algorithm

1. Introduction
Marble production has been a significant industry in the Philippines, particularly in

the province of Romblon, which has long been recognized as the country’s “Marble Capital”
due to its vast deposits and high-quality stone. Since 2009, marble product exports have
seen a consistent upward trend, with the Municipality of Romblon actively supporting
exploration efforts to maximize the industry’s potential [1]. According to a report by
the United States Geological Survey (USGS), the Philippines produced approximately
224,786 cubic tons of marble between 2017 and 2018 [2]. Extracted marble from Romblon
is meticulously processed into statues, monuments, souvenirs, and home décor, making
it a key contributor to the province’s economy and a valuable commodity in the global
market [3]. The marble extraction process involves both manual and mechanized methods.
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Workers inspect slabs using chisels, mattocks, and machinery to determine marble quality
and classification [4]. However, this traditional approach heavily relies on human expertise,
making it labor-intensive, time-consuming, and susceptible to misclassification errors.
Selecting marble blocks that meet client specifications and quality standards is one of the
most crucial stages in the manufacturing process, as misclassification can lead to significant
economic losses [5,6].

Modern technologies like deep learning, pattern recognition, and convolutional neural
networks (CNNs) are being investigated to automate and improve the marble categoriza-
tion process in light of developments in image processing and artificial intelligence [7].
While image processing has been widely utilized in various industries, its application in
marble mining and mineral classification remains relatively new [8]. CNNs, known for
their ability to automatically learn discriminative features by stacking multiple layers,
eliminate the need for handcrafted feature extraction, making them well-suited for marble
classification tasks [9]. The integration of deep learning models into marble classifica-
tion can significantly improve efficiency, enabling faster and more accurate identification
of marble types, ultimately benefiting the industry by reducing errors and increasing
productivity [10,11].

Numerous investigations into the application of CN models for marble classification
have produced encouraging results [12,13]. However, to evaluate the performance of these
models specifically for Romblon marble, a dataset consisting of high-resolution images
of various marble types was collected from quarry sites in Romblon. To make model
training and evaluation easier, the images were expertly labeled and divided into testing,
validation, and training sets. In this study, various state-of-the-art CNN architectures were
compared using Accuracy Score, F1 Score, and ROC-AUC Score to assess their effectiveness
in classifying Romblon marble [6,14]. The findings from this research provide insights into
the best-performing CNN models for automated marble classification, offering a potential
solution to streamline the identification process and support the growth of the Philippines’
marble industry. The rest of the paper is structured as follows. Section 2 describes DL
methods for marble classification, whereas Sections 3 and 4 provide detailed descriptions
of training and experimental evaluations. Conclusions are presented in the Section 5.

2. Deep Learning and Evolutionary Image Augmentation for
Marble Classification

This section gives more information about the different CNN approaches for marble
classification along with their usage.

2.1. VGG16 and VGG16

The consistent structure of VGGNet, created by Simonyan and Zisserman, made it
a population architecture for image feature extraction, which is good at extracting visual
information using 3 × 3 filter of convolution with 13 convolutions over the 16 layers. How-
ever, despite its strong performance, VGG16 has a high computational cost, requiring the
handling of 138 million parameters, making it computationally expensive for large-scale
applications. Several researchers have successfully applied VGGNet in marble classifi-
cation tasks. Canayaz et al. [11] implemented VGGNet for marble classification, while
Oktem et al. [15] used the VGG algorithm to classify 516 marble images, achieving an
accuracy of 96.07% [16]. Additionally, Ather et al. [12] employed VGGNet in their study
to automate the recognition and classification of granite tiles. However, despite its high
classification accuracy, VGGNet faces certain limitations, such as long training times and a
large number of parameters, which may hinder its efficiency in real-time applications.
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2.2. ResNet50

Introduced in 2015, Residual Network (ResNet) revolutionized deep learning architec-
ture by incorporating modular networks or networks within networks, enabling deeper
models with improved training stability [17]. One of the key breakthroughs of ResNet, as
highlighted by Zahisham et al. [18], is the residual connections allowing information to
bypass certain layers, ensuring that each residual block retains portions of the previous
activation map without modification [18]. This innovation effectively mitigates the problem
of gradient, which is deleted, allowing the network to efficiently learn from it. Among the
different ResNet variants, ResNet50 is one of the most widely used, comprising 50 weighted
layers optimized for deep feature extraction [19]. Studies by Tourn et al. [20] and Sidiropou-
los et al. [21] demonstrated that ResNet50 is a robust and reliable deep learning architecture
and is good for high-precision image classification tasks [20,21].

2.3. InceptionV3

The Inception architecture, originally introduced by Sergey et al. in the research paper
“Going Deeper with Convolutions,” is an advanced version of GoogleNet designed to
enhance computational efficiency and classification performance [22]. Over time, several
refinements were introduced, including batch normalization, which led to the development
of Inception-v2. Further improvements incorporated factorization techniques and an
auxiliary classifier that helps propagate label information throughout the network, leading
to the creation of Inception-v3. This version maintains high accuracy while improving
computational efficiency, making it an excellent choice for deep learning-based image
classification tasks.

2.4. MobileNetV2

MobileNetV2 is a lightweight DNN architecture optimized for efficient computation
and real-time applications. Developed by Google, it improves upon its predecessor by using
linear bottlenecks and inverted residual, dramatically lowering computation costs without
sacrificing accuracy [23]. MobileNetV2 is particularly well-suited for edge devices, mobile
applications, and low-power environments, making it an efficient alternative to traditional
deep learning models. Compared to models like VGG16 and ResNet50, MobileNetV2 is
more computationally efficient because of its ability to achieve high classification accuracy
with fewer parameters. Depthwise separable convolutions are used in the design, which
drastically lowers the number of parameters and floating-point operations (FLOPs) needed
for picture classification. Due to its efficiency, MobileNetV2 is commonly used in real-
world applications that require fast inference times while maintaining reliable classification
performance. Studies have shown that MobileNetV2 can outperform heavier architectures
in terms of computational efficiency while achieving comparable accuracy scores, making
it an ideal candidate for resource-constrained environments. Its capability to deliver state-
of-the-art performance with minimal computational overhead makes it a strong contender
for marble classification tasks, where real-time processing is essential.

2.5. Genetic Algorithm (GA)

The Genetic Algorithm (GA) is an optimization method that draws inspiration from ge-
netics and natural selection. In addition to optimization challenges, it is commonly utilized
in research and development (R&D) and machine learning applications [22]. By applying
selection, crossover, and mutation to a population of possible solutions and repeating the
process over generations to identify the best results, GA mimics biological evolution. GA’s
main objective is to produce high-quality solutions for complicated problems by giving
each iteration’s most “fit” individuals priority. The probability of survival and reproduction
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of a solution is determined by its fitness, which guarantees that the quality of succeeding
generations increases with time [24]. For a given computing issue, the GA process ends
when an optimal solution is found [25]. In deep learning applications, GA has been widely
applied for hyperparameter tuning and dataset augmentation, improving the generaliza-
tion ability of neural networks [26]. By introducing genetic-based augmentation techniques,
GA helps enhance dataset variability, reducing overfitting and improving classification
performance. This approach has been particularly beneficial in image classification tasks,
where feature diversity is crucial for achieving high accuracy.

3. Training
This section describes the training procedure and parameter settings used in this research.

3.1. Datasets

The training process in this study followed a structured approach to ensure the ef-
fective classification of Romblon marble patterns (Figure 1). A comprehensive dataset of
6000 high-resolution images was collected from actual quarry sites in Romblon, reflecting
the diverse textures, colors, and vein patterns characteristic of different marble classes [27].
Each class contained 1500 images, all captured using a DSLR camera under controlled
lighting conditions to minimize inconsistencies. Expert annotators ensured the accuracy
of class labels, providing a reliable foundation for model training [28]. To optimize model
learning, the dataset was split into three subsets: 60% or 3600 marble images for training;
20% or 1200 marble images for validation, and 20% or 1200 marble images for testing [29].
Additionally, to enhance dataset variability and improve model generalization, a Genetic
Algorithm (GA)-based image augmentation was applied to the training set. These are the
rotation, flipping, scaling, and cropping that were utilized to introduce variations, ensuring
the CNN models were exposed to diverse representations of marble patterns (Figure 2).
This augmentation process played a crucial role in preventing overfitting and improving
the robustness of the trained models. To guarantee a fair comparison of CNN model
performance, the training process kept the hyperparameter settings constant throughout all
experiments. Because categorical cross-entropy loss works well for multi-class classification
issues, it was used as the loss function. Adaptive learning rate modifications were made us-
ing the Adam optimizer, which used adaptive gradient estimates and momentum to achieve
the best convergence. Early stopping was implemented as an error correction mechanism,
preventing unnecessary training iterations once validation loss ceased to improve. These
training strategies, combined with GA-enhanced data augmentation, provided a structured
and optimized approach to achieving high-accuracy marble classification models.

GA Fitness Function Formula

F(I) = α · S(I) + β · E(I) + γ · D(I) (1)

GA Crossover Formula

Inew = W1 Iparent1 + W2 Iparent2 (2)

Mutation Formula
I I =I + M × G (3)
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Figure 1. Genetic Algorithm code for image augmentation.

Figure 2. Genetic Algorithm Generated Augmented Images.

3.2. Procedure

The collected dataset is preprocessed and systematically incrementally evaluated
across multiple CNN architectures. To ensure consistency, all models are trained using the
same hyperparameter settings, allowing for an objective performance comparison. Since
categorical cross-entropy loss works well for multi-class classification issues, it is utilized
to quantify loss [30]. Accuracy serves as the primary performance metric, while the Adam
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optimizer is applied due to its ability to compute adaptive learning rates for each parameter
using momentum and adaptive gradient estimation [31].

For image augmentation, a Genetic Algorithm (GA) was applied to enhance dataset
variability and improve model generalization. The GA was configured with parameter
settings shown in Table 1, where a maximum of 20 generations and a population size
of 10 were chosen to strike a compromise between computing cost and evolutionary
search efficiency. A one-point crossover operator was used to combine features from two
parent images, while a mutation rate of 0.01 ensured controlled randomness to maintain
image diversity without compromising structural integrity. Tournament selection was
implemented to prioritize fitter individuals for reproduction, with validation accuracy
defined as the fitness function to directly align augmentation with model performance.
An early stopping criterion with a five-generation patience was implemented to prevent
needless calculations, ending the GA process when advancements reached a plateau.

Table 1. Genetic Algorithm Parameter Settings for GA-Based Image Augmentation.

Parameter Value Description

Population Size 10 Number of Individuals per Generation
Generations 20 (max) Maximum Iteration
Crossover One-point Combines features on two parent images

Mutation Rate 0.01 Probability of introducing random changes
Selection Tournament Selects fitter individuals for reproduction

Fitness Function Validation Accuracy Guides GA toward model performance improvement
Early Stopping Patience = 5 Stops if no improvement in 5 consecutive generations

The GA-augmented dataset was then used to train CNN models, which were imple-
mented in Keras with ImageNet pre-trained weights to leverage transfer learning. By com-
bining GA-driven augmentation with early stopping, the proposed procedure produced a
diverse and high-quality set of training images, ultimately enhancing model robustness
and leading to improved classification accuracy across different marble types [32].

3.3. Classification

Two experiments employing distinct dataset configurations were carried out to assess
the performance of different CNN architectures. The first experiment involved training
CNN models on the raw dataset, where no data augmentation was applied. This setup
aimed to assess the models’ capability to learn and classify marble textures with limited
training samples. In order to increase the dataset’s diversity and the models’ capacity for
generalization, the second experiment used GA-based data augmentation.

Standard assessment criteria, such as accuracy, recall, precision, F1-score, loss score,
and ROC-AUC score, were used in both studies to assess model performance. The architec-
tures tested included AlexNet, InceptionV3, VGG16, ResNet50, and MobileNet. Results
demonstrated that models trained on the GA-augmented dataset exhibited significantly
higher classification accuracy and lower loss, confirming that evolutionary augmentation
techniques contribute to improved feature extraction and pattern recognition in marble
classification tasks.

3.4. Evaluation
Evaluation Metrics

The performance of the different models can be explained by using evaluation mea-
sures. The research utilizes the Accuracy Score, F1 Score, and ROC-AUC Score as metrics
of evaluation.

• Accuracy Score: The percentage of accurately predicted cases out of all the samples
examined is known as classification accuracy. It provides information about how well
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the classification algorithm recognizes the appropriate categories and is a key statistic
for assessing model performance. By dividing the total number of accurate forecasts
by the total number of predictions made, accuracy is calculated. The precision is
then expressed as a percentage by multiplying the resultant fraction by 100 [33]. The
formula for the accuracy score is as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(4)

• Cross-Entropy Loss: By evaluating how closely a classification model’s predicted
probabilities match the actual class labels, cross-entropy loss gauges the model’s
efficacy. A perfect model with no misclassification mistakes is represented by a loss
value of 0, which falls between 0 and 1 [30]. In order to improve forecast accuracy, the
main goal of model training is to minimize this loss and get it as near to zero as possible.
Although logistic loss and cross-entropy loss are frequently used interchangeably, they
are not always the same. In particular, cross-entropy loss measures the discrepancy
between the projected distribution produced by the classification model and the actual
probability distribution seen in the dataset. In multi-class classification issues, this
metric is frequently employed to make sure the model differentiates between several
categories as well as it can [34,35].

• F1 Score: Evaluating classification models can be challenging, particularly when one
model exhibits high precision but low recall, while another demonstrates strong recall
but poor precision. Optimizing one metric often negatively affects the other, leading
to significant discrepancies in model performance and increased confusion when
making comparisons [36]. As a balanced metric that takes precision and recall into
account at the same time, the F1-Score is utilized to overcome this problem. It offers a
harmonic mean of the two, guaranteeing a more thorough assessment of the model’s
performance. When there is class imbalance in the dataset, the F1-Score is particularly
useful, as it prevents misleading assessments that could arise from accuracy alone [37].
Since most real-world classification problems involve uneven class distributions, the
F1-Score serves as a more reliable performance metric compared to accuracy.

F1 − Score = 2 × Precision × Recall
Precision + Recall

=
2TP

2TP + FP + FN
(5)

• ROC-AUC Score: Model evaluation is not limited to numerical metrics alone; visual
performance metrics such as the Receiver Operating Characteristic (ROC) curve and
the Area Under the Curve (AUC) also play a crucial role in assessing classification
models [38]. The ROC curve graphically represents a model’s performance by plot-
ting the true positive rate (sensitivity) against the false positive rate, allowing for
a comprehensive analysis of its classification capabilities across different threshold
values. The AUC-ROC score quantifies a model’s ability to generalize by summarizing
the ROC curve into a single value. A higher AUC score indicates that the model
is better at distinguishing between positive and negative classes. When comparing
multiple models, the one with the highest AUC is generally considered superior, as
it demonstrates greater accuracy in identifying correct classifications. Consequently,
AUC serves as a key indicator of a model’s overall reliability and effectiveness in
real-world classification tasks [39].

3.5. Model Evaluation

The models in this study were assessed using key performance metrics, including ac-
curacy score, cross-entropy loss, F1-score, and ROC-AUC score, to gauge their effectiveness
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in classifying Romblon marble patterns. The categorical cross-entropy loss was chosen to
measure how well the predicted class probabilities matched the actual class labels, while the
SoftMax activation function was applied to convert raw outputs into probability values [40].
To optimize learning efficiency, the Adam optimizer was used, as it dynamically adjusts
learning rates for each parameter, ensuring stable and faster convergence.

A comparison was made between Experiment 1, where CNN models were trained on
raw datasets, and Experiment 2, which used GA-augmented datasets. The results indicated
that InceptionV3, VGG19, and VGG16 performed exceptionally well in terms of accuracy,
proving their capability to extract meaningful features for marble classification. On the
other hand, ResNet50 and GA-based models recorded higher loss values, suggesting they
had more difficulty in generalizing the dataset effectively.

As training progressed through different epochs, variations in loss trends (Figure 3)
and accuracy (Figure 4) became noticeable. While some models, such as InceptionV3
and VGG16, consistently improved their performance with additional training, others
experienced fluctuations, likely due to overfitting. To counteract this, early stopping
was applied to ResNet50, preventing excessive training when validation loss stopped
decreasing. This helped strike a balance between model learning and generalization while
also reducing unnecessary computations.

Figure 3. Loss Score graph of (a) AlexNet, (b) InceptionV3, (c) MobileNet, (d) ResNet50, (e) VGG16,
and (f) VGG19 models using Raw Datasets.

The findings suggest that GA-based image augmentation played a significant role
in enhancing model performance, with VGG16 achieving the highest accuracy at 94.68%,
followed closely by InceptionV3 and MobileNetV2, both surpassing 90% accuracy. These
results indicate that Genetic Algorithm-driven augmentation techniques can be highly
beneficial for improving CNN-based marble classification, making them a practical solution
for real-world applications in the marble industry.

https://doi.org/10.3390/engproc2026143037
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Figure 4. Accuracy graph of (a) AlexNet, (b) InceptionV3, (c) MobileNet, (d) ResNet50, (e) VGG16,
and (f) VGG19 models using GA Augmented Dataset.

4. Discussion
The evaluation of CNN models trained on both the unprocessed dataset and the

GA-augmented dataset highlights the substantial role of augmentation in improving classi-
fication accuracy and model generalization. As shown in Table 2, models trained solely on
the raw dataset achieved relatively low accuracy, with InceptionV3 (35.33%) and AlexNet
(34.67%) performing slightly better than other architectures. VGG16 and VGG19 achieved
comparable scores of 33.78% and 33.56%, respectively, while ResNet50 showed the lowest
performance at 31.11%. The consistently high entropy loss values (above 1.1) and low
F1-scores (ranging from 0.29 to 0.35) indicate that the raw dataset provided insufficient
variability, leading to poor convergence and limited generalization across all architectures.

Table 2. Comparison of Various Deep Learning Models Using Raw Dataset.

Model Accuracy Entropy Loss F1 Score ROU-AUC

AlexNet 34.67 1.1036 0.29 0.5443
InceptionV3 35.33 1.1369 0.34 0.4932
MobileNet 34.67 1.2010 0.32 0.5050
ResNet50 31.11 1.2012 0.35 0.5388
VGG16 33.78 1.2046 0.31 0.5021
VGG19 33.56 1.2031 0.30 0.5406

In contrast, Table 3 demonstrates that GA-based image augmentation resulted in
substantial improvements in model performance. VGG16 achieved the highest accuracy at
94.68%, followed closely by MobileNet (92.68%) and InceptionV3 (92.46%). Significant gains
were also observed in AlexNet, which improved from 34.67% to 85.14%, and ResNet50,
which rose from 31.11% to 89.58%. These results suggest that GA-driven augmentation
enriched feature diversity, enabling the CNNs to capture subtle marble texture variations
more effectively. The consistent reduction in entropy loss values (dropping from >1.1
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to below 0.34) further supports the role of augmentation in mitigating overfitting and
promoting more stable learning.

Table 3. Comparison of Various Deep Learning Models Using GA Augmented Marble Dataset.

Model Accuracy Entropy Loss F1 Score ROU-AUC

AlexNet 85.14 0.3362 0.30 0.4914
InceptionV3 92.46 0.2370 0.33 0.4864
MobileNet 92.68 0.2717 0.29 0.5093
ResNet50 89.58 0.2504 0.27 0.4752
VGG16 94.68 0.1611 0.35 0.5076
VGG19 89.80 0.2545 0.31 0.4930

The Receiver Operating Characteristic (ROC) analysis provides an additional perspec-
tive. With the raw dataset (Table 2), the highest AUC values were obtained by ResNet50
(0.5388) and VGG19 (0.5406), while AlexNet (0.5443) also performed relatively better than
expected compared to its accuracy. However, AUC values across all models remained
close to 0.5, indicating limited separability between classes. After augmentation (Table 3),
AUC values showed only minor changes: VGG16 reached 0.5076, MobileNet 0.5093, and
VGG19 0.4930. Although these fluctuations are not proportional to the accuracy improve-
ments, they suggest that GA augmentation improved correct classifications but did not
substantially enhance model discriminability across all decision thresholds.

It is also worth noting that F1-scores remained modest (0.27–0.35) despite significant
accuracy gains. This discrepancy may be attributed to class imbalance in the dataset, where
certain marble types were more dominant than others. While GA augmentation increased
dataset size and diversity, it may not have fully addressed the imbalance, resulting in
relatively low F1-scores despite high overall accuracy.

When combined, these results demonstrate how well evolutionary augmentation
methods work to maximize CNN-based marble classification. While MobileNet showed
an ideal mix between accuracy and computational efficiency, making it a viable option
for deployment in real-world scenarios, VGG16 turned out to be the most accurate model.
At the same time, the mixed AUC and F1-score results highlight the need for further
refinement. Future work may consider class-balanced augmentation strategies or hybrid
optimization techniques to strengthen both accuracy and generalization across diverse
CNN architectures.

5. Conclusions
This study examined the impact of Genetic Algorithm (GA)-based image augmentation

on the performance of CNN for identifying Romblon marble patterns. Two experiments
were conducted: the first evaluated CNN performance on a raw marble dataset, while the
second assessed performance using a GA-augmented dataset. Results clearly showed that
applying GA for image augmentation significantly improved classification accuracy across
all tested CNN architectures. Models trained on the GA-augmented dataset consistently
outperformed those trained on the raw dataset. Among the tested architectures, VGG16
achieved the highest accuracy of 94.68% after 30 epochs, while InceptionV3 and MobileNet
also exceeded 90% accuracy. The analysis of loss scores and convergence patterns further
confirmed that augmentation enhanced classification performance and reduced overfitting,
enabling the models to generalize better.

A computational complexity analysis also revealed important trade-offs between
accuracy and efficiency. While VGG16 achieved the highest accuracy, MobileNet’s great
accuracy balance made it the most sensible option for practical applications (92.68%) and
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computational efficiency. These findings highlight the importance of selecting models
that not only deliver high accuracy but are also suitable for deployment in real-time
industrial settings. Although ROC-AUC scores did not improve proportionally with
accuracy, reflecting some limitations in class separability, the overall results affirm the value
of GA-based augmentation in boosting CNN learning capacity.

Future research may examine the effects of hyperparameter adjustment and class-
balanced augmentation on CNN performance, as well as other optimization techniques
like Particle Swarm Optimization (PSO) for feature selection. This study advances the
technology of the marble business in Romblon and offers insightful information about
automated marble classification.
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13. Pençe, İ.; Şişeci Çeşmeli, M. Deep learning in marble slabs classification. Techno-Science 2019, 2, 21–26.
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