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Abstract

This study analyzes the effect of color space transformation on the performance of MobileNetV2
for rice leaf disease classification using RGB, HSV, CIELab, and their combinations. The
RGB color space is used as the baseline representation, while HSV and CIELab are applied
to provide alternative representations of color information. In addition, a dual-stream
architecture is employed to combine different color spaces for feature extraction. The results
show that the choice of color space influences classification performance. In the single color-
space scenario, RGB achieves the highest accuracy of 91.42%, while in the combined scenario,
the RGB+CIELab model achieves the best performance with an accuracy of 97.00%. These
findings suggest that the use of multiple color spaces can provide richer feature representations
and may improve classification performance. Furthermore, the results indicate that optimizing
input representation plays an important role in improving model performance, particularly
when using lightweight architectures such as MobileNetV2. This study shows that color space
transformation can improve classification performance in the rice leaf disease dataset used in
this study.
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1. Introduction

Deep learning is an approach in machine learning that models data through stratified layers
of neural networks, where each layer produces increasingly abstract representations [1]. This
approach builds hierarchical representations to capture complex patterns that are difficult to
recognize using conventional methods [2]. Its ability to automatically extract complex visual
structures makes deep learning widely applied in fields such as text analysis, signal processing,
and various modern prediction systems [3-5]. Among the various deep learning architectures,
Convolutional Neural Networks (CNNs) are among the most widely used methods for processing
grid-structured data, particularly images due to its ability to learn spatial patterns and visual
structures [6], and they are widely applied in image classification [7], plant disease detection
[8], medical image analysis [9], and industrial automation [10]. However, conventional CNN
architectures such as VGG and ResNet require substantial computational resources, making
them less suitable for deployment on devices with limited power and memory [11, 12]. To address
these limitations, lightweight CNN architectures such as MobileNet, ShuffleNet, and EfficientNet
were developed to improve computational efficiency [13].
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Color Space Transformation on MobileNetV2

MobileNetV2 is one of the lightweight architectures that uses inverted residual block and
linear bottleneck to extract features efficiently with far fewer parameters, while maintaining
important information representations in low dimensions and overcoming problems [14, 15].
The efficiency characteristic and generalization of MobileNetV2 make it not only suitable for
implementation in real-time scenarios and data-limited devices, but also ideal for various smart
agriculture applications [16].

Rice is the main food source for more than half of the world’s population. Its production is
greatly affected by the health of the plant, while leaf diseases can reduce yields if not detected early.
The biggest challenge for farmers, especially in rural areas, is limited access to experts who can
make accurate diagnoses. This condition has created a need for an image-based diagnostic system
that is fast, consistent, and runs on mobile devices. The application of deep learning in plant
disease detection is growing rapidly because disease symptoms can generally be identified through
changes in color and texture in leaves [17, 18]. The integration of lightweight architectures, such
as MobileNetV2, enables image-based diagnostic systems to be applied more efficiently in the
identification of rice plant diseases, thereby increasing the speed and accuracy of decision-making
in the field [19, 20].

Previous studies have shown that color representation plays an important role in improving
the accuracy of CNN-based classification models. Previous studies have shown that the use of
color spaces such as HSV, CIELab, and YCbCr can improve the performance of CNN-based
image classification models and machine learning [21]. Another study that specifically evaluated
the effectiveness of color features for corn leaf disease found that the combination of HSV and
CIELab achieved the highest accuracy of 92.48% in classification [22]. However, these results
cannot be generalized to rice plants, which have different visual characteristics and symptom
patterns. In addition, no study has specifically assessed the effect of color-space transformation on
lightweight deep learning architectures, such as MobileNetV2, for rice leaf disease classification.

Different color spaces represent visual information in different ways. The RGB color space
directly stores red, green, and blue intensity values, which are often sensitive to illumination
variations. In contrast, the HSV color space separates hue, saturation, and brightness information,
allowing color characteristics of plant diseases to be represented more consistently under different
lighting conditions. Meanwhile, the CIELab color space separates luminance and chromaticity
components, which can highlight subtle color differences that frequently appear in diseased leaf
tissues. These properties make HSV and CIELab potentially more effective for emphasizing
disease characteristics compared to the standard RGB representation. Based on this, this study
was designed in two scenarios. The first scenario uses a single color space, namely RGB, HSV, or
CIELab. The second scenario uses a combination of two color spaces, namely RGB and HSV,
RGB and CIELab, and HSV and CIELab. This approach aims to determine the extent to which
differences and combinations of color representations affect the performance of MobileNetV2 in
image classification.

The main contribution of this study lies in systematically evaluating the impact of both single
and combined color-space representations on the performance of a lightweight deep learning model
for rice leaf disease classification. Unlike previous studies that focus on general plant datasets or
heavier architectures, this study specifically investigates the role of color-space transformation in
improving classification performance using MobileNetV2, providing insights into efficient model
design for resource-limited agricultural applications.

2. Methods

Rice leaf diseases are detected and classified using the MobileNetV2 architecture through
three types of color space transformations, namely RGB, HSV, and CIELab. Color space
transformations are used to provide image representation variations before the classification
process, while MobileNetV2 is used as the main model due to its ability to extract image features
efficiently and accurately. The methodological stages applied in this study are shown in Fig. 1
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Fig. 1: Flowchart of the methodology

The stages listed in the research method flowchart will be explained in more detail in the
next subsection.

2.1. Data Collection

The data used in this study came from the rice leaf disease dataset obtained through the Kaggle
platform. This dataset consists of 4,658 images of rice leaves, which are divided into three
disease categories, namely Bacterial Blight with 1,584 images, Brown Spot with 1,614 images,
and Leaf Smut with 1,460 images. Fach image contains variations in lighting conditions, shooting
angles, textures, and severity of symptoms, providing sufficient visual diversity to support a
representative model training process. All images were originally in RGB format and grouped
based on their respective disease classes. This dataset was used as the main source for developing
a rice leaf disease classification model based on color space transformation and the MobileNetV2
architecture. An example image from each category is shown in Fig. 2

a N

(a) Bacterial Blight

(b) Brown Spot (c) Leaf Smut
Fig. 2: Example data for each class category

2.2. Preprocessing and Data Splitting

In the preprocessing stage, all images were resized to 224 x 224 pixels to match the input size
required by the MobileNetV2 architecture. Each image was normalized to the range [0, 1] to
obtain a uniform pixel intensity scale and improve training stability [23]. Data augmentation
was applied only to the training set to increase data diversity and reduce overfitting. The
augmentation techniques included horizontal flip, vertical flip, shift, scale, rotation, and random
brightness contrast. For the validation and test sets, only resizing and tensor conversion were
applied without augmentation.

After preprocessing, the dataset was divided into three subsets: training, validation, and
testing data. The split was performed using a stratified sampling strategy with a ratio of 80:10:10
to preserve the class distribution in each subset. The data partition was created once before
the training process, and the same split was used for all experimental scenarios to ensure a fair
comparison between different color space configurations.

To prevent data leakage, images from the same file were not shared between the training,
validation, and testing sets. All models were trained and evaluated using the same dataset
partition so that performance differences only reflect the effect of color space transformation and
model architecture. The distribution of the number of images in each subset is shown in Table 1.
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Table 1: Splitting data distribution

Data Splitting Class Amount
Train Bacterialblight 1267
Brownspot 1291
Leafsmut 1168
Total 3726
Validation Bacterialblight 159
Brownspot 161
Leafsmut 146
Total 466
Test Bacterialblight 158
Brownspot 162
Leafsmut 146
Total 466

2.3. Color Space Tranformation

The color space transformation process in this study utilizes three representations of color space,
namely RGB, HSV, and CIELab. The RGB color space is used as the original form of the
image without additional color transformation, while HSV and CIELab are used to produce a
more informative and stable color representation. These two color spaces were chosen because
they are able to capture changes in the color of rice leaves more sensitively, especially changes
due to disease symptoms. For HSV and CIELab representations, channel-wise normalization is
applied to scale the values into a consistent range before being used as input to the model. An
explanation of the HSV and CIELab color spaces is presented in the following subsection.

2.3.1. HSV

The HSV (Hue, Saturation, Value) color space represents color information using three compo-
nents: hue, which indicates the type of color; saturation, which reflects the intensity of the color;
and value, which represents brightness [24]. This representation allows color information to be
separated from intensity, making it more robust to illumination variations.

In this study, the transformation from RGB to HSV is performed using the standard
implementation provided by the OpenCV library. Therefore, the conversion follows the internal
formulation defined by the library rather than a manually specified mathematical model. This
approach ensures consistency between the implemented method and the reported results, avoiding
discrepancies between theoretical formulations and practical implementation

The transformation from RGB to HSV results in different color representations for each
component, as shown in Fig. 3.

RGB Image Hue Saturation Value
Fig. 3: The transformation from the RGB image to the HSV image
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2.8.2. CIELab

The CIELab color space is a color model that is designed so that the color changes according
to human visual perception. This color space is made up of three main components: L* which
represents the brightness level, a* which represents the green gradation-red, and b* which depicts
a blue-yellow gradation. Image conversion from RGB to CIELab is done through two stages:
linear transformation to XYZ space and non-linear transformation to Lab space [25].
The first stage begins by converting the image from RGB to XYZ space using the following

matrix (1):

X 0.4124 0.3576 0.1805| |R

Y| =10.2126 0.7152 0.0722| |G (1)

Z 0.0193 0.1192 0.9505| | B

Then, the values X, Y, and Z are normalized against the white reference values (X, Y,, Z,),
as defined in Eq. (2):

X
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The non-linear transformation to the Lab space is performed using the function defined in
Eq. (5):

ft) =

/3, t > 0.008856
{ (5)

7.787t + 25 < 0.008856

The lightness component is computed as defined in Eq. (6):

o JUI6F(Y) =16, "> 0.008856
903.3Y", Y’ < 0.008856

The chromaticity components are calculated using Eq. (7) and Eq. (8):
a* =500 [f(X') — f(Y)] (7)

b* =200 [f(Y") - f(Z)] (8)

The CIELab representation is able to highlight the color differences more subtly, making
it very effective in distinguishing between healthy rice leaves and those that have undergone
color changes due to disease. The transformation from RGB to Lab results in different color
representations for each component, as shown in Fig. 4.

RGB Image L a* b*

Fig. 4: The transformation from the RGB image to the CIELab image
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2.3.3. Classification Using MobileNetV?2

At the classification stage, this study uses the MobileNetV2 architecture as the main model
to recognize three classes of rice leaf diseases, namely Bacterial Blight, Brown Spot, and Leaf
Smut. This architecture was chosen because it is lightweight, efficient, and capable of producing
representative features from image data while requiring relatively low computational resources.
In the single color-space scenario, the model receives input images of size 224 x224x 3, where each
image consists of three channels representing the selected color space (RGB, HSV, or CIELab).
In the combined color-space scenario, two color representations are processed using a dual-stream
architecture. Each color space is provided as a separate input to the model, and each input is
processed by an independent MobileNetV2 backbone so that each representation can be learned
independently while maintaining the original MobileNetV2 structure.

The features extracted from the two MobileNetV2 backbones are then combined using feature
fusion before entering the classification layer. The fusion is performed by concatenating the
feature vectors obtained from each backbone, allowing the model to utilize complementary
information from different color spaces without modifying the internal convolutional structure.
This feature-level fusion is chosen because it provides more stable learning compared to directly
stacking channels from different color spaces.

The extracted features are summarized using global average pooling and passed to a fully
connected layer with three output neurons using the softmax activation function to produce
class predictions. The training process uses the AdamW optimizer with categorical cross-entropy
loss to optimize the model parameters. All models in both experimental scenarios are trained
using the same configuration with 10 epochs to ensure a fair comparison between single and
combined color-space inputs, and all models are trained from scratch without transfer learning.
The configuration of the layers used in the feature extraction process is shown in Table 2 as
an example of the MobileNetV2 architecture. The same backbone structure is applied to all
scenarios, and in the combined color-space scenario, two identical MobileNetV2 backbones are
used in parallel before the fusion stage.

Table 2: Example of MobileNetV2 Layer Configuration

Layer Type Description

Input Layer Input Image input of size 224x224x3. In the com-
bined scenario, two inputs are processed sepa-
rately using parallel MobileNetV2 backbones.

Conv2D (Layer 1) Convolution Initial convolution layer for feature extraction

BatchNorm2D Normalization Normalization to stabilize training

ReLU6 Activation Non-linear activation function

Inverted Residual Depthwise + Point- Main feature extraction block of MobileNetV2

Blockx17 wise Conv

BatchNorm2D Normalization Feature normalization

Conv2D (1x1) Pointwise Conv Channel projection

ReLU6 Activation Non-linear activation function

Global Average Pooling Reduces spatial dimensions

Pooling

Dropout Regularization Prevents overfitting

Fully Connected Classification Output layer with 3 classes

(Dense)

Softmax Activation Produces class probabilities

2.8.4. Model Evaluation

Model evaluation was carried out to assess the performance of MobileNetV2 in classifying rice leaf
diseases in each color space scenario. The evaluation process includes monitoring the accuracy
and loss curves during training to observe the model’s learning progress and detect potential
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overfitting. After the training is complete, the model’s performance is tested using unseen test
data. The assessment is conducted using four main metrics, namely accuracy, precision, recall,
and Fl-score, which are defined in Egs. (9), (10), (11), and (12) [26-28]:

N TP+ TN o)
ccuracy =
Y = TP Y TN+ FP+ FN
TP
Precision = ——— 1
recision TP + FP ( 0)
TP
N=_— " 11
Reca TP L FN (11)
Precision x Recall
Fl—SCOI‘e _ 2 % recision X eca (12)

Precision + Recall

3. Results

This section presents the experimental results obtained from the application of the MobileNetV2
model under different color space scenarios. The evaluation focuses on analyzing the model’s
performance in terms of training behavior and classification effectiveness across all scenarios. The
results are organized into several subsections to provide a clearer and more structured discussion.

3.1. Training Performance Analysis

Training performance is evaluated based on the progression of accuracy and loss values during
the training process. In this study, the loss function used is categorical cross-entropy, which is
widely applied in multi-class classification problems [29]. The categorical cross-entropy loss is
defined in Eq. (13):

1 N K
L= N Z Z Yik log @zk) (13)
i=1 k=1
where N denotes the total number of samples, K represents the number of classes, y; j is the
true label, and §; ;. is the predicted probability for class k of the i-th sample.
This function measures how well the model predicts the correct class in each training process.
The training curve for each scenario is shown in Fig. 5-Fig. 10.

RGB - Accuracy RGB - Loss
—— Train Acc —— Train Loss
0.90 ~ Val Acc 0.9 1 Val Loss
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Fig. 5: Model accuracy and loss curves in RGB color space

In the RGB color space shown in Fig. 5, the validation accuracy increases steadily to close to
0.91 at the final epoch. The same training and validation loss curves decrease without significant
distances, indicating that the model is not overfitting. The representation of original colors helps
the model capture the texture and patterns of the disease more consistently.
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Fig. 6: Model accuracy and loss curves in HSV color space

Fig. 6 shows that the HSV color space has a gradually increasing accuracy curve with a
maximum value of about 0.87. Validation loss decreases steadily, but more slowly than in the
RGB color space. This happens because the intensity information in HSV is reduced, so it takes
longer for the model to recognize differences between classes.
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Fig. 7: Model accuracy and loss curves in CIELab color space

In the CIELab color space shown in Fig. 7, the validation accuracy is stable but slightly lower
than that of RGB. The validation loss curve continues to decrease, but the difference between
train and val is greater than that of the other two color spaces. CIELab transformation tends to
smooth out micro-contrast that is important for the identification of disease spots, so that the
learning process becomes less optimal.

Furthermore, the combination of two color spaces enriches visual information through feature
fusion obtained from two parallel feature extraction paths. Each color space is processed
independently by a separate MobileNetV2 backbone, producing feature representations f; and fo.
The final feature representation is obtained by concatenating the extracted features as defined in
Eq. (14):

F=[fi]lf] (14)

where f1 and fo denote the feature vectors extracted from each color space, and F' represents
the fused feature vector resulting from the concatenation operation. This approach allows the
model to access complementary color representations simultaneously, resulting in a more diverse
and informative feature space for the classification process.
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Fig. 8: Model accuracy and loss curves on RGB + HSV combination

Fig. 8 shows that the combination of RGB and HSV converges rapidly, even though it is
trained for only 10 epochs. The validation accuracy increased sharply and remained stable
throughout. Validation loss decreases consistently, suggesting that combining native colors with
hue stability provides richer features and accelerates learning.
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Fig. 9: Model accuracy and loss curves on RGB + CIELab combination

Fig. 9 shows that RGB+CIELab has excellent performance with high and stable validation
accuracy. A consistent reduction in losses indicates an effective learning process. The luminance
component of CIELab helps highlight differences in leaf texture, while RGB retains natural color,
providing the model with a more discriminating feature.
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Fig. 10: Model accuracy and loss curves on HSV + CIELab combination
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The combination of HSV+CIELab in Fig. 10 shows that the performance improvement is still
noticeable but not as large as the other combinations because both color spaces reduce sensitivity
to intensity, so the combined information is less diverse.

3.2. Evaluation on Test Data

Model performance evaluation is carried out using accuracy, precision, recall, and F1-Score
metrics. The test results are shown in Table 3.

Table 3: Model Evaluation Results on Test Data

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
RGB 91.42 91.69 91.30 91.33
HSV 87.12 87.36 87.22 87.13
CIELab 86.05 86.03 86.03 85.97
RGB + HSV 96.35 96.32 96.27 96.29
RGB + CIELab 97.00 96.96 97.03 96.98
HSV + CIELab 96.14 96.12 96.04 96.07

Based on Table 3, models with RGB inputs perform best in single-color space scenarios. The
HSV color space shows the lowest accuracy, while the CIELab provides medium performance. In
the scenario of combining two color spaces, there is a consistent increase in performance. The
combination of RGB+CIELab provides the best results with accuracy 97.00%, indicating that
the incorporation of native color information (RGB) with luminance-chromaticity separation
(CIELab) results in a richer representation of features for the classification process. Other
combinations, such as RGB+HSV and HSV+CIELab, also show improved performance compared
to the use of a single color space.

To further analyze the classification performance, confusion matrices were generated for
the RGB model as the best result in the single color-space scenario and the RGB+CIELab
model as the best result in the combined color-space scenario. The confusion matrices provide a
more detailed view of the classification results for each disease class and help identify possible
misclassification patterns.

Confusion (RGB)

Bacterialblight g2 0.8
0.6
)
S Brownspot -
E
0.4
0.2
Leafsmut 0.10
- X
\\6,{\ L?o ‘;&S'
Y & &
d S N
@ @
Q)'b
Pred

Fig. 11: Confusion matrix of the RGB model on the test dataset

Fig. 11 shows the confusion matrix for the RGB model. Most samples are correctly classified,
especially in the Bacterial Blight class, which reaches the highest prediction accuracy. However,
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several misclassifications occur between Brown Spot and Leaf Smut. These two classes have
similar visual characteristics, such as dark spots and color changes on the leaf surface, which
makes them more difficult to distinguish when only the RGB color space is used. This indicates
that the RGB representation alone is sometimes insufficient to capture subtle differences in
disease patterns.

Confusion (RGB+LAB)
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Fig. 12: Confusion matrix of the RGB+CIELADb model on the test dataset

Fig. 12 presents the confusion matrix for the RGB+CIELab model. Compared to the RGB
model, the number of misclassifications decreases in all classes. The improvement is particularly
noticeable in the Leaf Smut and Brown Spot classes, where the prediction accuracy becomes higher
and more balanced. The combination of RGB and CIELab provides richer visual information,
because RGB preserves natural color details while CIELab separates luminance and chromaticity
components. This combination helps the model recognize subtle color variations and texture
differences more effectively, resulting in better classification performance.

3.3. Comparison Between Color Spaces

All scenarios were trained for 10 epochs using the same training configuration to ensure consistent
experimental conditions. In the single scenario, RGB performed best at 91.42%, CIELab was in
the middle, and HSV had the lowest performance. In the combination scenario, all models showed
improved performance under the same training configuration. The RGB+CIELab combination
achieved the highest accuracy at 97.00%, followed by RGB+HSV and HSV+CIELab. These
results indicate that combining two color spaces produces richer feature representations, allowing
the model to learn more effectively. In addition, the baseline RGB-only model has limitations in
capturing subtle color variations associated with disease symptoms. Transformations to HSV
and CIELab provide additional information not available in RGB, and when combined, this
information complements each other, resulting in a more stable learning process and faster
convergence. Thus, the results suggest that color space transformation can improve classification
performance in the experimental setting used in this study.

4. Discussion

This study analyzes the effect of color space transformation on the performance of MobileNetV2
for rice leaf disease classification using RGB, HSV, CIELab, and their combinations. The
results show that the choice of color space affects classification performance. In the single
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color-space scenario, RGB achieves the best accuracy of 91.42%, while in the combined scenario,
the RGB+CIELab model produces the highest accuracy of 97.00%. These findings suggest
that combining color spaces can provide richer feature information and improve classification
performance. All scenarios were trained using the same number of epochs and identical training
settings to maintain consistent experimental conditions. Therefore, the observed performance
differences are likely related to the differences in input representation rather than variations in
the training configuration.

These findings are consistent with previous studies showing that alternative color spaces
such as HSV and CIELab can better capture color variations related to plant disease symptoms.
In addition, combining multiple color representations can improve classification accuracy by
providing complementary visual features. The results of this study indicate that optimizing
input representation through color-space transformation and feature fusion can enhance model
performance, particularly when using lightweight architectures such as MobileNetV2.

Compared to deeper architectures such as VGG, ResNet, and EfficientNet, lightweight models
like MobileNetV2 are generally reported to provide a better balance between accuracy and
computational efficiency, making them suitable for mobile-based or resource-limited applications.
These results suggest that performance improvement may also be achieved by improving input
representation, not only by increasing model complexity.

It is important to note that the combined color-space scenario utilizes a dual-stream Mo-
bileNetV2 architecture, where each color space is processed by an independent backbone. This
design increases the number of parameters and overall model capacity compared to the single-
stream configuration. Therefore, the observed performance improvement may not be solely
attributed to the use of multiple color spaces, but may also be influenced by the increased
representational capacity of the model. This limitation should be considered when interpreting
the results.

This study has several limitations. The experiments were conducted using a single dataset
and one deep learning architecture. Each scenario was trained under the same configuration,
and repeated runs or cross-validation were not performed, which may introduce variability in the
results due to the stochastic nature of the training process. Therefore, the reported performance
differences should be interpreted with caution. In addition, the dataset was obtained from a
public Kaggle source and may not fully represent real-world conditions with varying illumination,
backgrounds, and acquisition devices. Future work may include larger and more diverse datasets,
repeated experiments, cross-validation, and comparisons with multiple architectures to obtain
more reliable and generalizable results.

5. Conclusion

This study indicates that color space transformation can influence the performance of the
MobileNetV2 model in rice leaf disease classification. In the single color-space scenario, the
RGB-based model achieved the highest accuracy of 91.42%, followed by CIELab and HSV. In
the two-color space combination scenario, all models show improved performance while using
the same training configuration, with the combination of RGB+CIELab resulting in the best
accuracy of 97.00%. These results indicate that the incorporation of complementary color
representations can enrich visual information and improve the performance of lightweight models
such as MobileNetV2.

This study has several limitations. The experiments were conducted using a single dataset and
one deep learning architecture, and the results were obtained from a single training run without
cross-validation. These conditions may affect the generalization of the model to different datasets
or real-world environments. Future research can use larger datasets, repeated experiments, cross-
validation, and comparisons with other architectures to obtain more reliable and comprehensive
results.
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