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Abstract: The classification of the image of chemical solutions is crucial in laboratory au-
tomation and chemical industry applications; however, it remains challenging when solu-
tions such as H20 with HCI and H20 with NaOH exhibit nearly identical visual character-
istics under imaging conditions, particularly when their spectral fluctuation patterns are vi-
sually subtle. This study proposes an image classification framework that integrates Otsu-
based segmentation in the HSV color space with convolutional neural network (CNN)
models to classify High Height Fluctuation (HHF) images generated from a Multi-Scale
chemical detection system (MSCS). The dataset consists of 102 HHF images, evenly dis-
tributed between the two solution classes. Transfer learning is applied using three CNN
architectures, namely EfficientNetV2S, DenseNet201, and EfficientNetB0, and performance
is evaluated using accuracy, precision, recall, F1-score, and confusion matrix analysis. The
experimental results show that DenseNet201 achieves the best overall performance, while
EfficientNetV2S provides competitive results with computational efficiency and Efficient-
NetBO0 yields a lighter model with lower recall. These findings indicate that combining seg-
mentation with modern CNN architectures can effectively improve classification robust-
ness in chemically similar solutions. This study presents a practical framework that com-
bines Otsu-based HSV segmentation with transfer-learning CNNs to classify chemically
similar solutions, providing actionable insights for deep learning-based chemical sensing
applications.
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1 Introduction

The classification of chemical solution images is an important topic in the field of image
processing and computer vision, particularly to support laboratory automation and chem-
ical industry applications that require fast and accurate identification of solutions [1], [2].
However, chemical solution classification remains a challenging task due to the high simi-
larity of visual characteristics between different solutions, especially mixtures with nearly
identical optical properties, such as H20 with HCl and H20 with NaOH [3]. These very
subtle visual differences make it difficult for conventional approaches based on manual in-
spection or handcrafted feature extraction to achieve reliable classification performance [4].

The ability to automatically distinguish between H20 with HCl (acidic solution) and
H20 with NaOH (alkaline solution) is essential for several real-world applications. In phar-
maceutical manufacturing, accidental misidentification of these two solutions can trigger
hazardous chemical reactions with serious safety consequences. In industrial wastewa-
ter treatment, accurate solution identification is required before neutralization to prevent
environmental damage. In laboratory automation, manual inspection of visually indistin-
guishable solutions is error-prone and time-consuming, limiting throughput and reliability.

Traditional approaches for chemical solution classification include manual visual in-
spection, pH indicator colorimetry, and handcrafted feature extraction methods such as
color histograms and texture descriptors. Although these methods are simple and inter-
pretable, they fail to reliably classify solutions with nearly identical optical properties, such
as H20 with HCl and H20 with NaOH under MSCS imaging, where spectral fluctua-
tions differ only slightly. Studies in related domains have reported that even conventional
image-based methods can achieve less than 80% accuracy when input images lack discrim-
inative visual features [5], [6]. Deep learning, particularly CNN-based transfer learning,
overcomes these limitations by automatically learning discriminative hierarchical features
directly from image data without manual feature engineering, demonstrating consistently
superior classification performance in recent studies [7], [8].

Despite these advances, the performance of CNN models is highly dependent on the
quality of the input features, highlighting the importance of image pre-processing and seg-
mentation stages in the overall classification pipeline.

Among various segmentation techniques, Otsu segmentation is a widely used auto-
matic thresholding method that determines an optimal threshold by maximizing the vari-
ance between classes in grayscale images [9], [10]. In the context of chemical solution spec-
tral imaging, Otsu segmentation plays an important role in extracting regions of interest
(ROISs) that contain dominant spectral information, allowing CNN models to focus on in-
formative regions while reducing the influence of background noise or irrelevant visual
patterns [11]. Previous studies have shown that integrating Otsu segmentation with CNN-
based classifiers can improve the classification accuracy of solution images that show high
fluctuation patterns [12].

Several related studies have explored the application of computer vision and deep
learning techniques to chemical and laboratory image analysis. El-Khawaldeh et al. [1]
demonstrated the use of computer vision for real-time monitoring and analysis of chemi-
cal experiments in laboratory environments, highlighting the potential of visual-based au-
tomation, while not focusing on classification tasks involving visually similar chemical so-
lutions. Meshkov et al. [2] investigated the integration of computer vision and collaborative
robotic systems for chemical laboratory automation, emphasizing system-level efficiency
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rather than detailed evaluation of visually indistinguishable solution classes. In terms of
segmentation, several studies have shown that automatic thresholding techniques such as
Otsu segmentation can improve the robustness of image-based analysis by extracting infor-
mative regions of interest from spectral or chemical images [11]. Yunidar et al. [13] further
combined Otsu segmentation with CNN models to classify fluctuation height patterns in
chemical solutions; however, their experiments were limited to a single CNN architecture.
Meanwhile, modern CNN architectures such as DenseNet [14] and EfficientNet [15] have
demonstrated strong feature representation capability and high parameter efficiency in var-
ious image classification tasks. Nevertheless, their comparative performance when applied
to the classification of chemically similar solutions has not been systematically investigated.
Based on the above discussion, a clear research gap can be identified in the lack of com-
prehensive evaluation of modern CNN architectures integrated with Otsu segmentation
for classifying chemical solutions with highly similar visual characteristics. Therefore, this
study proposes an image classification framework that integrates Otsu segmentation with
CNN models to distinguish H20 with HCl and H20 with NaOH solutions. Specifically,
DenseNet201, EfficientNetB0, and EfficientNetV2S are evaluated due to their feature reuse
capability, computational efficiency, and proven performance in image classification tasks.
The main contributions of this study are summarized as follows:

1. The application of Otsu segmentation to extract informative spectral regions of inter-
est from chemical solution images.

2. A comparative evaluation of three modern CNN architectures, namely DenseNet201,
EfficientNetB0, and EfficientNetV2S, to classify solutions with highly similar visual
characteristics.

3. A comprehensive performance analysis using standard evaluation metrics to assess
the effectiveness of the proposed classification framework.

Practical insights and recommendations for implementing deep learning—based chemi-
cal solution classification systems in laboratory environments.

2 Research Method

This section presents the theoretical foundations and research procedures used to develop
an image classification system for H20 with HCl and H20 with NaOH solutions. The
discussion covers the dataset characteristics, HHF image generation, pre-processing, Otsu-
based segmentation, CNN-based classification using DenseNet201, EfficientNetB0, and Ef-
ficientNetV2S, as well as performance evaluation using standard metrics.

2.1 Dataset

The data used in this study are high-hitch fluctuation (HHF) pattern images generated from
the Multi-Scale Chemical Sensing (MSCS) system. The MSCS system records the spectral
responses of two chemical solutions, namely H20 with HCl and H20 with NaOH, which
are measured separately. The acquired spectral data are stored in .dat file format and pro-
cessed in MATLAB to generate two-dimensional visual representations.

The solution spectra are converted to images using the HHF method, which extracts
and highlights the dominant spectral amplitude fluctuations. This approach has been intro-
duced in previous studies to visualize intensity patterns from spectral signals of electrolyte
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and non-electrolyte solutions [4], [16]. This dataset consists of 102 original HHF images,
comprising 51 images of H20 with HCl solution and 51 images of H20 with NaOH solu-
tion. All images are original samples generated from the MSCS system. Data augmentation
was only applied to the training set and was not included as additional dataset samples.
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Figure 1: Fluctuation pattern of HHF: (a) HoO with HCl, (b) HoO with NaOH.

Research Flow and Pre-processing

This study follows a systematic methodology consisting of dataset preparation, pre-
processing, segmentation, CNN model training, and model evaluation. After HHF images
are generated, the following pre-processing stages are applied prior to model training:

1.

2.3
Otsu

Active Spectral Area Cropping

Image regions that do not contain spectral information, such as axis labels, margins,
and scales, are removed by cropping based on fixed coordinates determined from
HHF image observations. This step retains only the region that represents the spectral
fluctuation patterns of the solution.

. Image Size Adjustment

Cropped images are resized to 224 x 224 pixels using bilinear interpolation. This res-
olution is selected because it is a standard input size for modern CNN architectures,
allowing direct use of pre-trained networks without structural modification.

. Normalization of pixel values

Pixel values are normalized to the range [0,1] for each color channel. This normaliza-
tion improves numerical stability during optimization, accelerates convergence, and
helps prevent domination by specific intensity ranges.

Otsu Segmentation

segmentation is an automatic threshold-based image segmentation method intro-

duced by Nobuyuki Otsu [9]. The method determines an optimal threshold by maximizing
inter-class variance in the image intensity histogram, or equivalently minimizing intra-
class variance [10]. Its primary advantage is the ability to perform segmentation without
manually defining threshold parameters.
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In this study, Otsu thresholding is applied in the HSV color space to segment HHF
images. HSV is used because it can better represent perceptual color information and is
relatively robust to intensity variations compared to RGB. The Otsu method automatically
separates the dominant spectral patterns from the background by maximizing the vari-
ance between classes in the pixel intensity distribution. The goal of this step is to extract
the region of interest (ROI) that contains the most significant spectral fluctuations, thereby
reducing background interference and improving feature learning during CNN training.

In the context of spectral images of chemical solutions, Otsu segmentation has been
used to extract ROIs containing meaningful spectral information [11]. Research by Yunidar
et al. [13] also indicates that the application of Otsu segmentation prior to CNN-based
classification can improve accuracy by focusing the learning on informative regions while
reducing the influence of noise and background.

After segmentation, a cropping stage is performed to further isolate the most relevant
part of the image prior to classification [17]. Without cropping, the model processes the
entire image area, including irrelevant regions, which can reduce efficiency and accuracy.
In this study, the HHF pattern images are cropped to a size of 577 x 438 pixels prior to
resizing, retaining only the HHF fluctuation region.

(@) (b)
Figure 2: Cropped ROI of HHF pattern: (a) H20 with HCl, (b) H20 with NaOH.

2.4 Convolutional Neural Network

Convolutional Neural Networks (CNNs) are widely used for image analysis tasks due
to their ability to model spatial hierarchies in visual data through convolutional oper-
ations [18]. A typical CNN consists of convolutional layers, pooling layers, and fully
connected layers that learn discriminative features from low-level patterns to high-level
semantic representations. CNNs can automatically learn feature representations directly
from raw image data, thereby reducing the reliance on handcrafted feature extraction.
CNN-based approaches have been applied to various image classification domains,
including medical imaging and spectral image analysis, where they often achieve supe-
rior performance compared to conventional methods based on machine learning [7], [8].
Therefore, CNN is selected as the main classification method in this study to distinguish
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Figure 3: CNN architecture.

H20 with HCI and H20 with NaOH solution images, which exhibit highly similar visual
characteristics. This study evaluates three CNN architectures, namely EfficientNetV2S,
DenseNet201, and EfficientNetB0, implemented as separate models to compare their clas-
sification performance.

2.4.1 EfficientNetV2

EfficientNetV2 is an evolution of the EfficientNet family that emphasizes training efficiency
and computational practicality through architectural refinements and training-aware de-
sign choices [15]. The variant EfficientNetV2S employs a combination of Fused-MBConv
and MBConv blocks to improve computational throughput in the early stages of the net-
work while maintaining strong representational capacity for image classification tasks [19].
In addition, EfficientNetV2 incorporates a progressive learning strategy that allows the
network to adapt effectively during training, contributing to improved efficiency without
a substantial loss of predictive performance [20].

In this study, the EfficientNetV2S model is utilized with ImageNet pre-trained weights,
which were learned from a large-scale dataset containing over one million images across
1,000 object categories. This pre-training enables the model to extract rich and discrimi-
native visual features and facilitates effective transfer learning for domain-specific image
classification tasks. EfficientNetV2S adopts a standard input image size of 224 x 224 pixels,
making it compatible with the commonly used CNN-based classification pipelines. Conse-
quently, EfficientNetV2S is employed in this study to evaluate the performance of modern
CNN architectures in classifying chemical solution images under conditions of high visual
similarity.
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Figure 4: EfficientNetV2 architecture.
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2.4.2 DenseNet201

DenseNet201 is a deep convolutional neural network architecture that employs a dense
connectivity strategy, in which each layer receives feature maps from all preceding layers
as its input. This dense connection pattern facilitates efficient feature propagation, im-
proves feature reuse, and improves gradient flow throughout the network, thus stabilizing
the training process in deep architectures [18], [21]. DenseNet201 consists of 201 layers
organized into multiple dense blocks and transition layers, allowing the network to learn
complex and hierarchical feature representations.
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Figure 5: DenseNet201 architecture.

DenseNet201 is commonly used in transfer learning scenarios through a pre-trained
model trained on the ImageNet dataset, which contains over one million images across
1,000 object categories. Pre-training on such a large-scale dataset enables the network to
learn rich and generic visual features that can be effectively transferred to domain-specific
classification tasks. In this study, the standard input image size of 224 x 224 pixels is used
to ensure compatibility with the pre-trained DenseNet201 architecture and to allow direct
utilization without modifying the network structure.

Recent studies have demonstrated that DenseNet-based models achieve strong perfor-
mance and stable convergence in image classification tasks involving complex visual pat-
terns, including scientific and medical imaging applications, due to their ability to preserve
discriminative features across network layers [7], [8]. Furthermore, integration of DenseNet
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architectures with appropriate image pre-processing or segmentation techniques has been
shown to further improve classification performance by directing the network’s attention
to informative regions and reducing the influence of background noise. Based on these
characteristics, DenseNet201 is evaluated in this study to assess its effectiveness in classi-
fying HHF images of chemical solutions that exhibit high visual similarity.

2.4.3 EfficientNetB0

EfficientNetBO is the base model of the EfficientNet family, developed using the compound
scaling strategy to optimally balance the depth, width, and input resolution of the net-
work [15]. This scaling approach enables EfficientNetB0 to achieve competitive classifica-
tion performance while maintaining a relatively small number of parameters compared to
conventional convolutional neural network architectures.

EfficientNetBO employs Mobile Inverted Bottleneck Convolution (MBConv) blocks
combined with Squeeze-and-Excitation mechanisms to enhance channel-wise feature rep-
resentation and improve parameter efficiency. This architectural design allows the model
to effectively extract representative visual features without incurring excessive computa-
tional costs [22].

In this study, EfficientNetBO utilizes weights pre-trained on the ImageNet dataset,
which contains over one million images across 1,000 object categories. The use of pre-
trained weights facilitates transfer learning by enabling the model to leverage rich and
generalizable visual features learned from large-scale data. EfficientNetB0O adopts a stan-
dard input image size of 224 x 224 pixels, making it well suited for image classification
tasks with limited computational resources and relatively small datasets, such as the chem-
ical solution image dataset used in this study.
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Figure 6: EfficientNetB0 architecture.

2.5 Data Splitting, Training Configuration, and Augmentation

The dataset was divided into training (75%), validation (15%), and testing (15%) sets us-
ing a stratification approach to ensure class balance between H20 with HCI and H20 with
NaOH images. This splitting strategy was applied to each experiment to maintain a consis-
tent evaluation protocol across all CNN models. It is important to note that the confusion
matrix presented in the Results section is not derived from a single test split. Instead, it
is generated by combining the prediction results from multiple evaluation experiments.
As a result, the total number of samples represented in the confusion matrix exceeds 15%
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of the total dataset. This pooling strategy was adopted to obtain more stable and reliable
performance estimates, especially given the relatively small size of the dataset.

All images were resized to 224 x 224 pixels and normalized before being fed into CNN
models. Transfer learning was applied using ImageNet pre-trained weights for Efficient-
NetV2S, DenseNet201, and EfficientNetB0. Training was performed for a maximum of 25
epochs with early stopping based on the validation loss. Adam Optimizer was used with
a learning rate of 0.0001 and a batch size of 16. Real-time data augmentation, including
rotation, flipping, and scaling, was applied only to the training set to improve model gen-
eralization and prevent overfitting.

2.6 Evaluation Metrics and Confusion Matrix

The performance of the model is evaluated using an independent test set. The confusion
matrix is used to summarize the classification results based on true positives (TP), true
negatives (TN), false positives (FP) and false negatives (FN) [16]. In addition, precision,
recall, precision, and the F1 score are calculated as follows:

TP + TN

Aceuracy = F5EN TN 1 FD e
TP
Recall = TP + FN )
TP
Precision — TP
recision TP n FP (3)

Precision x Recall
Fl score = 2% Precision + Recall @)

TP, TN, FP, and EN are True Positive (correctly predicted positive), True Negative (cor-
rectly predicted negative), False Positive (incorrectly predicted positive), and False Nega-
tive (incorrectly predicted negative) [17].

3 Results

This section presents the experimental results obtained from the evaluation of the three
CNN architectures, namely EfficientNetV2S, DenseNet201, and EfficientNetB0, using the
HHF image dataset of H20 with HCl and H20 with NaOH solutions.

3.1 Training and Validation Results

All CNN models were trained under the same configuration and evaluated using vali-
dation data. DenseNet201 achieved the highest validation accuracy of 97.56%, followed
by EfficientNetV2S with 95.12% and EfficientNetB0 with 90.24%. The training and vali-
dation curves shown in Figure 7, Figure 8, and Figure 9 indicate stable convergence for
DenseNet201 and EfficientNetV2S, while EfficientNetB0 exhibited a slightly higher valida-
tion loss.
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Figure 8: Training and validation learning curves of DenseNet201.

3.2 Confusion Matrix and Performance Analysis

Although the original dataset is perfectly balanced between the two classes, the number of
samples for each class in the confusion matrix is not exactly equal. This is due to the data
separation and aggregation process during the evaluation. This slight imbalance does not
indicate dataset bias and does not affect the validity of the model’s performance. There-
fore, precision, recall, and F1-score have been reported to provide a comprehensive and
fair evaluation of the performance of each CNN model based on precision, precision, re-
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Figure 9: Training and validation learning curves of EfficientNetBO.
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call, and F1-score, as summarized in Table 1. The confusion matrices for EfficientNetV2S,
DenseNet201, and EfficientNetBO are illustrated in Figure 10, which visualizes the distri-
bution of correct and incorrect predictions for each solution class.

25

Confusion Matrix

Confusion Matrix

20
H2OSHCL
HO+HCL
s

H20+HCL

True label

B

H20+NaOH

HZO+HEL H20+NaOH
Predicte a dicted

Predicted label

(a) (b) (c)
Figure 10: Confusion Matrix (a) EfficientNetV2, (b) DenseNet201 (c) EfficientNetB0.

For EfficientNetV2S, the model achieved an accuracy of 95.12%, with balanced precision
and recall values of 0.96, resulting in an F1-score of 0.96, as reported in Table 1. As shown in
Figure 10a, EfficientNetV2S produced a low number of misclassifications, indicating stable
and reliable classification performance for both solution classes.

Table 1: Performance comparison based on confusion matrix

Model Accuracy (%) Precision Recall F1 score
EfficientNetV2S 95.12 0.96 0.96 0.96
DenseNet201 97.56 1.00 0.96 0.98
EfficientNetB0 90.24 1.00 0.85 091

DenseNet201 demonstrated the best overall performance among the evaluated models.
As presented in Table 1, DenseNet201 achieved the highest accuracy of 97.56%, with a
precision of 1.00, recall of 0.96, and an F1-score of 0.98. The corresponding confusion matrix
in Figure 10b shows the dominance of true positive and true negative predictions with
minimal false positives and false negatives, confirming the robustness of DenseNet201 in
distinguishing HHF patterns.

EfficientNetB0 achieved an accuracy of 90.24%, with a precision of 1.00, recall of 0.85,
and an Fl-score of 0.91, as reported in Table 1. As illustrated in Figure 10c, the model
exhibits a higher number of false negative predictions compared to the other architectures,
which explains the lower recall value and reflects limitations in capturing subtle spectral
variations due to its lightweight design. In general, the quantitative results in Table 1,
together with the confusion matrix visualizations in Figure 10, confirm that DenseNet201
provides the most robust classification performance, followed by EfficientNetV2S, while
EfficientNetB0 offers a trade-off between computational efficiency and classification accu-
racy.
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4 Discussion

The experimental results demonstrate that the proposed framework, which combines Otsu-
based segmentation and Convolutional Neural Network (CNN) architectures, is effective
for classifying High Height Fluctuation (HHF) images of H20 with HCl and H20 with
NaOH solutions that exhibit highly similar visual characteristics. The performance differ-
ences observed between EfficientNetV2S, DenseNet201, and EfficientNetBO highlight the
impact of architectural design choices on the capability of feature representation when
dealing with subtle spectral variations.

Among the evaluated models, DenseNet201 consistently achieved the best performance
in all evaluation metrics. This superior performance can be attributed to the dense connec-
tivity mechanism employed by DenseNet, which enables the reuse of features across layers
and improves the propagation of gradients during training. Such characteristics are partic-
ularly beneficial for relatively small datasets, such as the HHF dataset used in this study,
where preserving fine-grained spectral features is critical for accurate classification. The
minimal number of misclassifications observed in the confusion matrix further indicates
that DenseNet201 is able to capture discriminative patterns associated with the spectral
characteristics of the two solutions. EfficientNetV2S also demonstrated strong classification
performance, indicating that training-aware architectural refinements can provide compet-
itive accuracy while maintaining computational practicality. The use of Fused-MBConv
and MBConv blocks supports efficient feature extraction without substantially reducing
representational capacity, suggesting that EfficientNetV2S provides a favorable trade-off
between accuracy and efficiency. This property is relevant for laboratory automation sce-
narios where computational constraints or deployment considerations may limit the use of
heavier architectures.

In contrast, EfficientNetBO exhibited comparatively lower performance, particularly in
terms of recall. Although the model achieved high precision, the increase in the number
of false negative predictions indicates limitations in detecting subtle spectral differences
between the two solution classes. This behavior is consistent with the lightweight design
of EfficientNetB0, which prioritizes parameter efficiency. Although this design can be ad-
vantageous for low-resource environments, it may reduce the ability to learn the highly
discriminative features required to distinguish visually similar HHF patterns.

The confusion matrix analysis further reinforces the importance of integrating suitable
pre-processing with deep learning architectures. Otsu segmentation contributes by isolat-
ing informative spectral regions and suppressing irrelevant background patterns, thereby
allowing CNN models to focus on the most salient HHF features. This segmentation step is
particularly important when the visual distinction between classes is subtle and the dataset
size is limited.

Despite the encouraging results, several limitations should be acknowledged. First,
the dataset size is relatively small and limited to two solution classes, which may restrict
the generalizability of the findings to broader chemical solution categories. Second, the
experiments rely on HHF image representations generated under a specific sensing setup
and processing pipeline, and variations in acquisition conditions may influence the visual
patterns learned by the models. Third, although transfer learning improves performance
on limited data, the domain shift between ImageNet and HHF images may limit the op-
timality of feature representations. Addressing these limitations would support stronger
evidence for deployment in practical laboratory environments.
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5 Conclusion

This study developed an image classification framework to distinguish HHF images of
H20 with HCI and H20 with NaOH solutions by integrating Otsu-based segmentation
with CNN-based classifiers. The experimental evaluation indicates that the proposed
pipeline can achieve reliable performance in chemically similar solutions, where conven-
tional visual inspection and handcrafted feature extraction approaches are often insuffi-
cient. Among the evaluated architectures, DenseNet201 provided the most robust clas-
sification results, while EfficientNetV2S offered competitive performance with improved
computational practicality, and EfficientNetB0O presented a lighter alternative with lower
sensitivity to subtle spectral variations. Future work will focus on expanding the dataset
to include additional solution types and broader acquisition conditions to improve gen-
eralization. Further investigation will also consider alternative segmentation strategies,
domain-specific fine-tuning approaches, and additional validation protocols to strengthen
robustness in real laboratory deployment scenarios.
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