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Abstract

This study established a classification system based on Convolutional Neural Networks (CNNs) to detect High-High
Fluctuation (HHF) patterns in multispectral data derived from pure water (H20) and a water-sodium hydroxide (NaOH)
solution. This study combines HSV color-space-based segmentation to identify areas with the highest signal amplitude, thereby
enhancing the feature extraction of the CNN model. Data augmentation techniques, including random flipping, rotation, and
color jitter, along with training parameters such as a learning rate of 0.0001 and a batch size of 32, have been shown to
effectively improve model generalization and reduce overfitting. Four different CNN architectures were evaluated: ResNet-
152, DenseNet-161, DenseNet-121, and EfficientNet-B0. As a result, ResNet152 achieved the highest accuracy of 97.6%,
attributed to its network depth and residual connections that effectively address the vanishing gradient problem. DenseNet161
and DenseNet121 also demonstrated competitive performance, achieving accuracies of 96.7% and 96.2%, respectively, which
is supported by their dense connectivity that optimizes feature reuse. Conversely, EfficientNetB0O, despite showing lower
accuracy (90%), provides significant computational efficiency, making it suitable for real-time applications. These results
underscore the importance of selecting a CNN architecture that balances accuracy and efficiency for multispectral data
classification.
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1. Introduction data collection. These fluctuations in signal amplitude,
caused by noise interference, can produce inconsistent
data and make it difficult to identify relevant patterns in

the signal [3], [4].

Previous research has demonstrated that image

Multispectral signal processing has become an essential
topic in various applications, particularly in the analysis
of images generated when electromagnetic energy
interacts with an object, reflecting or absorbing energy

across the entire wavelength spectrum. This interaction
produces signals consisting of various spectra,
collectively called multispectral data [1]. Images
generated from this data are called multispectral
images, as they encompass more than one
electromagnetic spectrum [2]. The main challenges
encountered in multispectral signal processing are
related to the signals themselves, specifically the
instability of signal amplitudes caused by noise during

segmentation is crucial for identifying details in signal
fluctuation patterns [5]. Segmentation distinguishes
essential parts of an image based on specific
characteristics, thereby facilitating the analysis and
recognition of dominant features in fluctuation patterns.
This study uses a threshold-based segmentation
technique in the HSV (Hue, Saturation, Value) color
space. HSV-based segmentation is considered adequate
because it can isolate image segments based on color
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components that are more representative than those of
the RGB model [6].

This study uses data from previous research
experiments involving two sample types: pure water
(H20) and a water-sodium hydroxide (NaOH) solution.
The data was obtained using a Multispectral Capacitive
Sensor (MSCS), which can capture capacitive signal
variations at various wavelengths [7]. Through this
acquisition process, we identified four distinct signal
fluctuation patterns: High Mean Fluctuation (HMF),
Mean Fluctuation (MF), High Fluctuation (HF), and
High-High Fluctuation (HHF). Among these patterns,
the HHF pattern was used in this analysis due to its
striking signal amplitude contrast. Variations in HHF
patterns pose a significant analytical challenge, as
extraneous noise can lead to inaccuracies in their
identification and classification. Therefore, the ability
to recognize these patterns depends significantly on
isolating areas with the highest signal amplitudes.
Consequently, the primary issue addressed in this
research is the management of signal amplitude
variability induced by noise, as well as the improvement
of accuracy in analyzing multispectral images affected
by noise.

This study proposes using HSV color-space-based
segmentation to address signal amplitude instability
caused by noise. This method aims to isolate image
segments with the highest signal amplitude in the HHF
pattern [8]. By setting specific threshold values for each
HSV component, this segmentation effectively
separates areas with the highest signal amplitude in the
multispectral image for each sample of H20 and H20
mixed with NaOH [9].

To classify segmented HHF fluctuation patterns, this
study uses a Convolutional Neural Network (CNN)
approach. CNN is known as one of the most widely
used deep learning approaches and has demonstrated its
effectiveness in various pattern recognition and image
classification applications [10]. This network can
automatically identify important features from images,
thereby eliminating the need for manual feature
extraction, making it highly suitable for complex
pattern fluctuation classification tasks [9]. In this study,
several CNN architectures known for their high
performance in image classification tasks were
employed, including EfficientNetBO, ResNet152,
DenseNet161, and DenseNetl21. Each architecture
offers distinct advantages in terms of network depth,
parameter efficiency, and generalization to new data.

EfficientNetBO was chosen for its effective use of
parameters and its ability to achieve high accuracy with
relatively minimal computational resources [11].
ResNet152 also has the advantage of extracting deep
features, specifically 152 layers, allowing for the
extraction of intense and complex features [12].
DenseNet161 and DenseNet121 implement dense layer
connectivity, meaning each layer gets inputs from all
preceding layers [13]. This approach is beneficial in

terms of feature reuse because it enhances the model's
learning capabilities while minimizing the number of
parameters required [14].

In previous research, HHF patterns were classified
using the AlexNet CNN architecture, achieving 100%
accuracy. However, the data used in previous research
were limited to only 350 data points, which were
primarily focused on HHF patterns in H20 [3].

This study, with its potential to revolutionize the field,
not only builds and trains each CNN architecture but
also evaluates the model's performance at
distinguishing HHF patterns between H20 and H20
combined with NaOH.

Thus, this study contributes to the classification of HHF
fluctuation patterns by improving the performance of
image-based fluctuation pattern recognition systems
through the use of advanced CNN architectures. In
addition, HSV color space-based thresholding
segmentation is employed to enhance the clarity of
regions with the highest signal amplitude. Furthermore,
this study provides a comparative analysis of HHF
fluctuation pattern classification accuracy across
several CNN architectures.

2. Methods

This section describes the methodology used in this
study, including the characteristics of the multispectral
fluctuation pattern data, the preprocessing and
segmentation procedures, the CNN-based classification
framework, and the evaluation metrics employed to
assess model performance. An overview of the
proposed classification workflow is illustrated in Figure
1.

2.1 Multispectral Image Dataset

This study uses H20 data and H20 mixed with NaOH
obtained from previous research [7]. The data was
obtained from the data acquisition process using a
Multispectral Capacitive Sensor (MSCS). As a result,
there are four types of fluctuation patterns: High Mean
Fluctuation (HMF), Mean Fluctuation (MF), High
Fluctuation (HF), and High-High Fluctuation (HHF) in
the form of a matrix with dimensions of 8193 x 91. We
then converted the matrix data into a two-dimensional
image.

In this study, we used the High-High Fluctuation (HHF)
pattern image because it produced the most contrasting
fluctuation pattern based on signal amplitude. The HHF
fluctuation pattern image data consisted of 1,050 data
points, comprising 525 H20 data images and 525 H20
data images mixed with NaOH. Figure 2 shows an
example of H20 and H20 mixed with NaOH signals
based on the High-High Fluctuation (HHF) pattern.
This figure shows a clear difference in fluctuation
amplitude between H20 and H20 mixed with NaOH.
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Figure 1. Overall workflow of HHF fluctuation pattern classification for H20 and H20 mixed with NaOH.
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Figure 2. Fluctuation pattern of HHF: (a) H20, (b) H20 with NaOH.

2.2 Preprocessing and Segmentation

This subsection explains the preprocessing steps
applied to the HHF fluctuation pattern images prior to
classification. The segmentation process is designed to
isolate regions with the highest signal amplitude using
HSV color-space-based thresholding.

Image cropping was first applied to focus the analysis
on the region of interest containing the HHF fluctuation
pattern. Cropping is commonly used to remove
irrelevant image areas and reduce computational
complexity [15]. In this study, the HHF images for both
H20 and H.O mixed with NaOH were cropped to a
resolution of 577 x 530 pixels, ensuring that only the
dominant fluctuation regions were retained for further
processing. Figure 3 illustrates the cropped HHF
images for both samples.

U

(b)

Figure 3. Cropping results of the HHF fluctuation pattern image: (a)
H20, (b) H20 mixed with NaOH.
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After cropping, HSV color-space-based thresholding
segmentation was applied to isolate the highest-
amplitude regions in the HHF images. The HSV color
space was selected because it provides a clearer
separation of color intensity information compared to
the RGB model and allows effective identification of
amplitude-dominant regions under varying illumination
conditions [16], [17]. In the converted HHF images, the
highest signal amplitudes are visually represented by
red-dominant regions.

Segmentation was performed by converting the cropped
images from RGB to HSV and applying experimentally
determined threshold values. The hue component was
restricted to two intervals corresponding to red color
intensity, namely 0-10° and 160-180°, while the
saturation and value components were set to 50-255
and 150-255, respectively. These thresholds were
chosen to retain pixels associated with high-amplitude
HHF responses while suppressing background and low-
amplitude regions.

The resulting binary masks effectively highlight regions
with the strongest signal amplitudes in both H-O and
H20 mixed with NaOH samples. The segmented HHF
fluctuation patterns are presented in Figure 4,
demonstrating clear separation between the high-
amplitude regions and the background.

(b)

Figure 4. HSV segmentation results on HHF fluctuation pattern
images: (a) H20, (b) H20 mixed with NaOH.

2.3 Dataset Preparation and Augmentation

This study uses 1,050 HHF fluctuation pattern image
data, comprising 525 H20 images and 525 H20 images
mixed with NaOH. Each dataset is divided into three
parts, namely train, validation, and test, with a ratio of
64%: 16%: 20%. This ratio was chosen to optimize the
use of training data without compromising the quality
of validation and test data [18].

Data augmentation was performed on the training data
to improve the performance of the CNN model [19].
Augmentation was performed by resizing the images to
224x224 pixels and applying transformations such as
random horizontal and vertical flips, random rotations
up to 30 degrees, random resized crops, and affine
transformations to enrich data variation and prevent
overfitting. Color jitter is used to improve the model's
robustness against variations in lighting and color.
Images are converted to tensors and normalized using
the dataset's mean and standard deviation. This
combination of techniques has been proven to improve
model accuracy and generalization while preventing
overfitting [20].

2.4 CNN-Based Classification

This subsection describes the CNN-based classification
procedure used to distinguish HHF fluctuation patterns
of H20 and H>O mixed with NaOH. The classification
process consists of model training and testing stages,
following the workflow illustrated in Figure 1. During
training, labeled HHF images were used to learn
discriminative features, while during testing, unseen
images were employed to evaluate the generalization
capability of the trained models.

All CNN models were trained using the same dataset
split and preprocessing pipeline to ensure a fair
comparison. The Adam optimizer was employed with a
learning rate of 0.0001 and a batch size of 32. Training
was conducted for 40 epochs, providing sufficient
iterations for convergence while minimizing the risk of
overfitting. These training parameters were consistently
applied across all architectures to allow performance
differences to be attributed primarily to architectural
characteristics rather than optimization settings.

To investigate the impact of network architecture on
HHF fluctuation pattern classification, four state-of-
the-art CNN models were selected: EfficientNetBO,
ResNet152, DenseNetl161, and DenseNet121. These
architectures were chosen to represent different design
philosophies, including parameter-efficient scaling,
deep residual learning, and dense feature reuse.

EfficientNetBO was employed in this study as a
parameter-efficient CNN architecture to evaluate its
capability in classifying HHF fluctuation patterns. The
model adopts a compound scaling strategy that jointly
optimizes network depth, width, and input resolution,
enabling effective feature extraction with a relatively
small number of parameters [21]. EfficientNetBO
consists of an initial convolutional layer followed by a

23



Melinda et al

Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol.10 No. 1 (2026)

sequence of Mobile Inverted Bottleneck Convolution
(MBConv) blocks integrated with squeeze-and-
excitation  mechanisms to  enhance  feature
representation.

In the context of this study, EfficientNetBO serves as a
lightweight baseline for assessing whether compact
architectures can capture discriminative features from
segmented HHF images. Feature extraction is followed
by global average pooling to reduce spatial
dimensionality, and classification is performed using a
fully connected output layer [22]. The overall
architecture of EfficientNetBO is illustrated in Figure 5.
Previous studies have demonstrated the competitive
performance of EfficientNetBO0 in image classification
tasks, including skin disease classification [23] and
plant classification [24].

ResNet152 was selected to investigate the effect of deep
residual learning on HHF fluctuation pattern
classification. This architecture comprises 152
convolutional layers organized into residual blocks,
which employ shortcut connections to facilitate
gradient flow and enable effective training of deep
networks [25]. Such depth allows the extraction of
complex and hierarchical features from input images.

In this study, ResNet152 was used to assess whether
deeper  feature  representations improve the
discrimination of HHF patterns between H.O and H-O
mixed with NaOH. After feature extraction through
residual blocks, global average pooling and a fully
connected layer are applied to generate classification
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outputs [26]. The architecture of ResNetl52 is
presented in Figure 6. ResNet152 has been successfully
applied in various classification domains, including
lung cancer classification [27] and audio spoofing
detection [28].
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Figure 5. Illustration of the architecture of EfficientNetB0
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Figure 6. Illustration of the architecture of ResNet152

DenseNet161 was employed to examine the influence
of dense feature reuse on the classification of HHF
fluctuation patterns. This architecture implements
dense connectivity, where each layer receives feature
maps from all preceding layers, promoting efficient
information flow and gradient propagation [29].

DenseNet161 consists of 161 convolutional layers
arranged into multiple dense blocks separated by
transition layers.

Within this study, DenseNet161 enables comprehensive
feature aggregation across layers, which is beneficial
for capturing subtle amplitude variations in segmented

24



Melinda et al

Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol.10 No. 1 (2026)

HHF images. Batch normalization and ReL U activation
are applied prior to convolutional operations to stabilize
training. The classification output is produced after
global average pooling and a fully connected layer [30].
The architecture of DenseNet161 is illustrated in Figure
7. DenseNetl61 has been applied in several prior
studies, including pancreatic cystic tumor classification
[31] and vein pattern recognition [32].
dense_block

i i
* (12 x conv_block)

Conv(7x7 +2(s) T

[

transition_layer
MP(3x3 + 2(s)

i

dense_block
(36 x conv_block)

dense_block
(12 x conv_block)

AveragePool |

Fully-connected (2208)

transition_layer

{*

dense_block
(36 x conv_block) Dropout (0,5)
dense_block

(24 x conv_block)

(

A
Fully-connected (1)I

Figure 7. lllustration of the architecture of DenseNet161

DenseNet121 was included as a more compact
alternative within the DenseNet family to evaluate the
trade-off between classification performance and
computational efficiency. This architecture consists of
121 convolutional layers arranged in a dense
connectivity framework similar to DenseNet161, but
with fewer parameters [13].
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Figure 8. Illustration of the architecture of DenseNet121

In this study, DenseNet121 was used to determine
whether a lighter dense architecture can effectively
classify HHF fluctuation patterns while reducing
computational cost. The model applies batch
normalization and ReLU pre-activation before
convolutional layers, followed by dense feature
extraction, spatial dimensionality reduction through
pooling, and global average pooling. Classification is
completed using a fully connected output layer [33].
The architecture of DenseNet121 is shown in Figure 8.
Previous studies have reported strong performance of
DenseNet121 in image classification tasks, such as
weather classification [34] and tomato leaf disease
detection [35].

2.5 Evaluation

The performance of the proposed CNN-based
classification models was evaluated to assess their
ability to distinguish between H-O and H.O mixed with
NaOH based on HHF fluctuation pattern images. After
the training process was completed, the best-performing
model from each CNN architecture was selected and
applied to the test dataset, which was not involved in
the training or validation stages. Model predictions
were compared with ground truth labels to quantify
classification performance. Several evaluation metrics
commonly used in binary classification were employed,
including accuracy, precision, recall, and F1-score,
which are mathematically defined in Equations 1-4.

_ (TP +TN)
Accuracy = TP T FP TN ST O
ision = —(TP)_
Precision = D) ?
_ (@
Recall = T )
E1-Score = 2 x (Recall x Precision) "

(Recall xPrecision)

In these equations, TP (true positive) denotes the
number of H20 samples correctly classified as H.O, TN
(true negative) represents the number of H.O mixed
with NaOH samples correctly classified as H.O mixed
with NaOH, FP (false positive) indicates the number of
H20 mixed with NaOH samples incorrectly classified
as H20, and FN (false negative) refers to the number of
H.0 samples incorrectly classified as H.O mixed with
NaOH.

In addition to these metrics, the Receiver Operating
Characteristic (ROC) curve and the Area Under the
Curve (AUC) were used to evaluate the discriminative
capability of each model. The ROC curve illustrates the
relationship between the true positive rate (TPR) and
the false positive rate (FPR) across different
classification thresholds, where TPR = TP /(TP +
FN) and FPR = FP/(FP + TN). ROC-AUC
analysis provides insight into the trade-off between
sensitivity and specificity and is widely used to assess
binary classification performance [34-36].

25



Melinda et al

Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol.10 No. 1 (2026)

To statistically analyze performance differences among
the evaluated CNN architectures, one-way Analysis of
Variance (ANOVA) was applied to the classification
accuracy results. ANOVA was employed to determine
whether the observed differences in accuracy among
EfficientNetBO, ResNetl152, DenseNetl161, and
DenseNet121 were statistically significant [37], [38]. A
significance level of 0.05 was adopted; a p-value below
this threshold indicates a significant difference in model
performance, whereas a p-value greater than or equal to
0.05 suggests that performance differences are not
statistically significant [39], [40]. This analysis enables
objective comparison of the CNN architectures and
supports the identification of the most effective model
for HHF fluctuation pattern classification [41].

3. Results and Discussions
3.1 Multispectral Dataset

This study utilizes High-High Fluctuation (HHF) H20
and H20 mixed with NaOH data, obtained from
previous research, in the form of a matrix with a size of
8193 x 91 [7]. The matrix data was then converted into
a 2-dimensional image. A total of 1,050 HHF
fluctuation pattern images were obtained, consisting of
525 H20 data images and 525 H20 mixed with NaOH
data images. All images underwent cropping and
threshold-based segmentation in the HSV color space,
enabling effective identification of areas with the
highest amplitude values.

Training & Validation Accuracy

Each dataset is divided into three parts: training,
validation, and testing, with ratios of 64%:16%:20 %,
respectively. Data augmentation was applied to the
training data to enhance the performance of the CNN
model. Augmentation was performed by resizing the
images to 224x224 pixels and applying
transformations such as random horizontal and vertical
flips, random rotations up to 30 degrees, random resized
crops, and affine transformations to enrich data
variation and prevent overfitting. Color jitter was used
to enhance the model's robustness to lighting and color
variations. Then, these image data were used as input to
four CNN architectures in this study, each trained
separately to classify solutions based on patterns
observed after segmentation. The combination of
focused segmentation with efficient CNN architectures
is expected to improve classification accuracy for subtle
spectral changes between classes.

3.2 Training Result and Dataset Validation

During the training phase, the model was trained for 50
epochs on the training data. Each CNN model with the
highest validation accuracy and the lowest validation
loss was used to evaluate its performance in detecting
HHF H20 and H20 mixed with NaOH fluctuation
patterns. The EfficientNetBO model achieved the best
validation loss value at epoch 47. At that epoch, the
training accuracy was 87.5%, the validation accuracy
was 95.8%, and the validation loss was 0.144. Figure 9
compares training and validation accuracy, along with
graphs of the training and validation losses.
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Figure 9. Epoch results using EfficientNetB0 architecture

In the ResNet152 model, the best validation loss value

was achieved at epoch 29, with a validation loss of validation accuracy,

0.056 after 50 epochs. At that epoch, the training
accuracy was 92.3%, and the validation accuracy was

Training & Validation Accuracy

98.2%. Figure 10 shows a graph comparing training and
along with another graph
comparing training and validation loss.
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Figure 10. Epoch results using ResNet152 architecture.
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In the constructed DenseNet161 model, the best
validation loss value was achieved at epoch 35. At that
epoch, the training accuracy was 94.5%, the validation
accuracy was 98.8%, and the validation loss was 0.068.

Training & Validation Accuracy

The graphs comparing training and validation accuracy,
as well as those showing training and validation loss for
DenseNet161, are shown in Figure 11.
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Figure 11. Epoch results using DenseNet161 architecture.

In the DenseNet121 model, the best validation loss
value was achieved at epoch 28, with a validation loss
of 0.060 after 50 epochs. At that epoch, the training
accuracy was 89.4%, and the validation accuracy was

Training & Validation Accuracy

97.6%. Figure 12 compares training and validation
accuracy and shows training and validation loss for
DenseNet-121.
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Figure 12. Epoch results using DenseNet121 architecture.

3.3 Testing Result

During the testing phase, the dataset consisted of 210
HHF fluctuation pattern images, comprising 105 H20
images and 105 H20 images mixed with NaOH. The
testing data were not involved in the training or
validation processes and were used exclusively to
evaluate the generalization capability of the trained
CNN models.

Figures 13-16 present the confusion matrices obtained
from the testing results of each CNN architecture. These
confusion matrices provide a detailed representation of
classification outcomes, including TP, FP, TN, and FN
predictions for each model.

Figure 13 shows the confusion matrix for the
EfficientNetBO model, which correctly classified 99
H20 images as TP and 96 H20 mixed with NaOH
images as TN. However, 6 H20 images were
misclassified as H20 mixed with NaOH (FN), and 9
H-0 mixed with NaOH images were misclassified as
H20 (FP).

Confusion Matrix

80
H20

60

True label

H20 mixed
with NaOH

20

H20

H20 mixed with NaOH
Predicted label

Figure 13. Confusion matrix EfficientNetBO.

Figure 14 illustrates the confusion matrix of the
ResNet152 model. This model correctly identified 102
H20 images (TP) and 101 H20 mixed with NaOH
images (TN), with only 3 FN and 4 FP, indicating a
strong classification performance.
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Confusion Matrix

H20

True label

H20 mixed
with NaOH

Hz20 H20 mixed with NaOH
predicted label

Figure 14. Confusion matrix ResNet152.

Figure 15 presents the confusion matrix results for the
DenseNet161 model. The model achieved 100 TP
classifications and 103 TN classifications, while
producing 5 FN and only 2 FP, demonstrating highly
accurate discrimination between the two classes.

Confusion Matrix

H20

True label

H20 mixed
with NaOH

H20 H20 mixed with NaOH
Predicted label

Figure 15. Confusion matrix DenseNet161.

Figure 16 shows the confusion matrix of the
DenseNet121 model, which correctly classified 98 H-O
images (TP) and 102 H>O mixed with NaOH images
(TN). Meanwhile, 7 false negatives (FN) and 3 false
positives (FP) were observed.

Confusion Matrix
100

H20

True label

H20 mixed
with NaOH

HzO0 H20 mixed with NaOH
Predicted label

Figure 16. Confusion matrix DenseNet121.

Based on the confusion matrices presented in Figures
13-16, quantitative performance metrics, including
accuracy, precision, recall, and F1-score, were

calculated for each CNN model. The
evaluation metrics are summarized in Table 1.

resulting

Table 1. Results of evaluation metric calculations

Model Accuracy Precision Recall FL-
score

EfficientNetBO 93% 93% 93% 93%
ResNet152 97% 97% 97% 97%
DenseNet161 97% 97% 97% 97%
DenseNet121 95% 95% 95% 95%

As shown in Table 1, EfficientNetBO achieved the
lowest overall performance, with accuracy, precision,
recall, and F1-score values of 93%. This result indicates
limitations in capturing discriminative HHF fluctuation
features when compared to deeper architectures. In
contrast, ResNet152 and DenseNet161 demonstrated
superior and consistent performance, achieving
accuracies of 97%. The strong performance of
ResNet152 can be attributed to its deep residual
architecture, which facilitates effective extraction of
complex features. DenseNet161, despite having a more
compact structure than ResNetl52, achieved
comparable accuracy due to its dense connectivity,
which promotes efficient feature reuse and gradient
propagation. DenseNet121 also delivered strong
performance with an accuracy of 95%, indicating its
suitability for complex fluctuation pattern recognition
with reduced computational complexity.

While confusion matrices and evaluation metrics
provide threshold-dependent performance measures,
further analysis was conducted using Receiver
Operating Characteristic (ROC) curves and Area Under
the Curve (AUC) values to assess the discriminative
capability of each model across varying classification
thresholds. The ROC curves for all CNN architectures
are presented in Figure 17, and the corresponding AUC
values are summarized in Figure 18.

The ROC-AUC analysis indicates that the ResNet152
model achieved an AUC value of 0.99, demonstrating
excellent class separability. DenseNet161 achieved a
perfect AUC of 1.00, indicating flawless discrimination
between H.0O and H.O mixed with NaOH across all
threshold values. DenseNetl121 also showed strong
performance with an AUC of 0.99, closely matching
ResNet152. Although EfficientNetBO0 yielded a slightly
lower AUC value of 0.98, the result still reflects a high
discriminative capability, particularly considering its
lightweight architecture. To statistically evaluate
whether the observed differences in classification
accuracy among the CNN models were significant, one-
way ANOVA was applied. The analysis produced an F-
statistic of 20.497 with a p-value of 0.001, indicating a
statistically significant difference in accuracy across
EfficientNetBO, ResNetl52, DenseNetl61, and
DenseNet121. The low p-value confirms that the
observed performance differences are unlikely to be
caused by random variation and highlights the
importance of selecting an appropriate CNN
architecture for HHF fluctuation pattern classification.
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Figure 17. ROC graph results for the models: (a) EfficientNetBO0; (b)
Resnet152; (c) DenseNet161; (d) DenseNet121
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Figure 18. Comparison of AUC values for each model.

Compared with previous studies that employed the
AlexNet architecture and achieved 100% accuracy
using a smaller dataset of 350 HHF samples focused
solely on H20 [3], the present study demonstrates that
deeper and more advanced CNN architectures—
particularly ResNet152 and DenseNet161—exhibit
robust performance when applied to larger and noisier
multispectral datasets involving both H.O and H-O
mixed with NaOH. Although the achieved accuracy
ranges from 95% to 97%, the results indicate improved
generalization and resilience to noise, underscoring the
critical role of architectural selection in multispectral
image classification tasks.

4. Conclusions

This study focuses on developing a Convolutional
Neural Network (CNN)-based classification system to
identify High-High Fluctuation (HHF) patterns in
multispectral data generated from pure water (H20) and
water solutions containing sodium hydroxide (NaOH).
Test results show that combining HSV color-space-
based segmentation with an advanced CNN architecture
achieves high classification accuracy. HSV
segmentation has proven effective at isolating areas
with the highest signal amplitude, thereby facilitating
the model's feature extraction. Data augmentation
processes, including random flip, rotation, and color
jitter, as well as training parameters such as a learning
rate of 0.0001 and a batch size of 32, play a crucial role
in enhancing model generalization and preventing
overfitting.

The results from the four CNN architectures tested
show that ResNet152 and DenseNet161 achieve 97%
accuracy. This is attributed to ResNet152's network
depth and residual connection mechanism, which
addresses the vanishing gradient problem. Additionally,
DenseNet161's dense connectivity design enables
optimal feature reuse. Although DenseNet161 is more
compact than ResNet152, it still delivers excellent
results recognizing complex fluctuation patterns thanks
to its ability to accelerate information flow and gradient
updates through dense layer connectivity. Meanwhile,
DenseNet121  achieved 95%  accuracy, and
EfficientNetBO had lower accuracy (93%), despite its
superior computational efficiency and suitability for
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real-time applications.

The ANOVA results indicate a significant difference in
accuracy among the CNN models, with a very small p-
value (0.001), confirming the importance of selecting
the appropriate model for classification. Although
EfficientNetBO is more computationally efficient,
ResNetl52 and DenseNetl61 achieve superior
classification accuracy.

These results suggest that we tailor the selection of
CNN architectures to strike a balance between accuracy
and efficiency. In the future, further research is
expected to explore ensemble learning techniques or
attention mechanisms to improve accuracy and to test
models on larger, more diverse datasets.
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