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ABSTRACT

Rice leaf diseases can reduce yields, making early detection crucial. Machine learning has played a
significant role in identifying and classifying these diseases. Combining appropriate descriptors for feature
extraction has been shown to improve accuracy but increases classification time. Reducing classification
time can be achieved through feature selection. One wrapper feature selection method that has exploration
and exploitation capabilities to solve optimization problems is the Binary Whale Optimization Algorithm
(BWOA). However, this feature selection method is prone to get stuck in local solutions when facing high-
dimensional search spaces. This study proposes a new feature selection algorithm, an improvement on
BWOA, to address this problem by incorporating a mutation process. The proposed method is called the
Mutated Binary Whale Optimization Algorithm (MBWOA). Based on experimental evidence, the
proposed method can reduce both fitness and classification time without compromising accuracy, but even
improving it. Additionally, the proposed method exhibits faster convergence than BWOA. The proposed
method achieves 100% accuracy on the RLD1 dataset and 99.41% accuracy on the RLD2 dataset.

Therefore, the proposed method is relatively suitable for classifying or detecting rice leaf diseases.

Keywords-improvement of BWOA; mutation algorithm; MBWOA; rice leaf disease classification

I.  INTRODUCTION

Rice is a crucial commodity for Indonesia's food security
and economy, supporting millions of farmers. By 2025,
Indonesia is projected to be the fourth-largest rice producer in
the world [1]. However, leaf diseases such as bacterial blight,
brown spot, leaf scald, and narrow brown spot can reduce
yields by up to 50% if not detected early [2]. Thus, timely
detection is essential to prevent significant crop losses.

Machine learning has great potential in image analysis for
plant disease detection, especially rice leaves, providing faster,
more accurate, and more efficient identification compared to
traditional methods. Research in this area has grown
significantly over the last decade, with two primary approaches
to feature extraction: handcrafted and non-handcrafted. Non-
handcrafted approaches utilize deep learning models such as
VGG-16 [3], InceptionResNetV2 [4], GoogleNet [5], AlexNet

[6, 7], and YOLO [8] to automatically extract features. In [9],
an enhanced sea horse optimization algorithm was proposed for
deep learning-based multimodal fusion. Handcrafted
approaches extract visual features such as color, texture, and
shape. In [10], it was shown that the Histogram of Oriented
Gradients (HOG) was superior to the Local Binary Pattern
(LBP). Several studies combined several descriptors to
improve accuracy. In [11], color extraction, Gray Level Co-
occurrence Matrix (GLCM), and shape features (centroid,
eccentricity, and axis length) were combined, while in [12],
GLCM and Pearson correlation analysis were combined.
Combining several appropriate descriptors has been shown to
improve accuracy [13] but results in a larger number of
features, which in turn increases the computation time. Feature
selection can reduce the number of features without reducing
accuracy [14]. Wrapper feature selection can increase accuracy
by selecting the optimal feature subset [15].
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Optimization problems can be addressed using wrapper
feature selection methods such as the Binary Whale
Optimization Algorithm (BWOA), which combines exploration
and exploitation [16]. However, this feature selection approach
is prone to getting stuck in local solutions when faced with a
highly dimensional and non-linear search space. In [17], this
issue was addressed by introducing two mutation phases. The
first mutation phase serves to reduce the features while
maintaining accuracy, while the second adds features to
improve accuracy. However, the application of the second
mutation requires a very significant computational time [18].
This study proposes improvements to the BWOA algorithm
using a single mutation process to enhance exploration
capabilities, ensuring that the optimal feature subset can be
selected consistently and efficiently. The proposed algorithm is
named Mutated Binary Whale Optimization Algorithm
(MBWOA) and was used for the feature selection process in
the detection of rice leaf diseases to improve accuracy and
reduce classification time.

II. MATERIALS AND METHODS

A. Datasets

This study utilized two publicly available datasets: Leaf
Rice Disease (RLDI1) [19] and Rice Leaf Diseases (RLD2)
[20]. Figure 1 displays selected instances of each dataset.
Figure 1(a) is an example of an image in RLD1 containing rice
leaf images from Southeast Sulawesi, Indonesia, and includes
three disease classes: blast, blight, and tungro, each with 80
images. Figure 1(b) illustrates an example of RLD2, which
comprises 2254 images categorized into five classes: bacterial,
brown, healthy, leaf scald, and narrow. Both datasets were
divided into 85% for training and 15% for testing. To obtain
optimal parameter values, the data was divided into five folds
as part of the cross-validation process during training.

(a)

Blast Blight Tungro

(b) | : a}é’!{
b ’.“\5\5(
4 it
Bacterial Brown Healthy = Leaf Scald  Narrow
Fig. 1. Examples from the datasets.

B. Developed System

Figure 2 shows the system developed in this study. In the
preprocessing stage, the images from the dataset were resized
to 128x128 px. The feature extraction process combined three
descriptors: GLCM, LBP, and Color Histogram (CL). The
GLCM descriptor was used to detect rough texture patterns,
such as spots or damage to leaf tissue. LBP was used to
recognize wrinkled or spotted leaf surfaces, while CL functions
to identify color changes due to disease in the leaves. The
GLCM descriptor [21] is a popular method for texture feature
extraction and can calculate statistical features such as contrast,
homogeneity, energy, and correlation [22].

LBP is a texture descriptor that compares the intensity of
neighboring pixels with the center pixel to produce a binary
code that represents local patterns [23]. CH is a statistical
method that represents the distribution of colors in digital
images by calculating the frequency of each color value [24].
The features of these three descriptors are then combined using
the concatenation method. A detailed explanation of the
descriptors and their combinations can be found in [25].

The following process was feature selection using the
proposed algorithm, MBWOA. The final process was
classification using RF. This classifier employed an effective
ensemble learning method for classification [26]. In [27], RF,
Decision Tree (DT), Gradient Boosting, and Naive Bayes (NB)
were compared. The test results showed that RF produces the
best accuracy [27]. In [28], several algorithms were also
compared, including RF, NB, DT, Logistic Regression (LR),
KNN, and Support Vector Machine (SVM), showing that RF
achieved the best accuracy.
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Fig. 2. Proposed system for classification of rice leaf diseases.

C. Binary Whale Optimization Algorithm (BWOA)

As an adaptation of WOA, BWOA operates within a binary
search space by transforming continuous values into binary
ones. Since WOA functions in a continuous domain, a
threshold of 0.5 is applied during conversion: values exceeding
0.5 are assigned 1, and values at or below the threshold are
assigned 0. Figure 3 presents the algorithm for BWOA [16].
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1. Initialize the whales population X;(i=1, 2, ..., n)

2. Calculate the fitness of each search agent

3.  X*=the best search agent

4.  while (t<t,,.)

5. for each search agent

6. Updatea, A, C [, and p

7. if (p<0.5)

8. if (|A] <1)

9. Update the position of the current search agent by Eq. (2)
10. elseif (|A]>1)

11. Select a random search agent (X,,,4)

12, Update the position of the current search agent by Eq. (9)
13. end if

14. else if (0> 0.5)

15. Update the position of the current search by Eqg. (6)

16. end if

17. end for

18. Check if any search agent goes beyond the search space, and amend it
19. Calculate the fitness of each search agent

20. Update X* if there is a better solution

21 t=t+1

22, end while
23.  return X*

Fig. 3. The standard BWOA algorithm.

BWOA is inspired by the natural foraging behavior of
whale pods in the ocean [29]. The development of this
algorithm has been advanced, including improving it for
dynamic optimal power flow by integrating fuzzy logic control
[30]. The algorithm operates through two primary phases:
exploration and exploitation. During the exploitation stage,
solution updates are governed in (1) and (2), where t denotes
the current iteration, X* represents the best solution found so
far, and X indicates the current solution. The vectors 4 and C,
which influence the position updates, are determined in (3) and
(4), respectively, with the parameter a calculated in (5), and r
being a randomly generated vector within the range [0, 1]. The
variable t,,,, refers to the total number of iterations. To model
the spiral movement of whales, a logarithmic spiral equation is

applied as shown in (6), where D' is the absolute distance
between the current and optimal solution vectors. The
parameter [ is randomly selected from the interval [—1, 1], and
b defines the shape of the spiral. Finally, the new whale
position is updated according to (7).

D =|C.X(t) - X(®)| 1)
Xt+1)=X)-A4D )
A=2d7-d (3)
C=2% “4)
2
a=2-t 5)
X(t+1) =D .e? .cos(2nl) + X () (6)
)?(Hl):{* X*(t)—A.D, if p<0.5

D’.eb . cos(2ml) + X*(b), if p = 0.5
(7

The second phase of BWOA enhances the exploration
capability of the algorithm. In this phase, the vector A plays a
key role by employing random values greater than 1 or less
than 1 to encourage the search agents to diverge from the

currently known optimal solutions. This mechanism allows the
algorithm to explore new regions of the search space. The
corresponding mathematical representation of this process is
provided in (8) and (9). The variable of X,.,,, represents a
random positional vector.

D =|C .Xrqna — X| (8)
Xt+1) =X, —AD )

In BWOA-based feature selection, a solution is represented
by a binary vector consisting of N elements, where N
corresponds to the total number of features in the original
dataset. Each element in the vector takes a value of either O or
1, with a value of 1 indicating that the corresponding feature is
selected, and O indicating exclusion. The fitness of each
solution is assessed using the function defined in (10). In this
function, yz (D) denotes the classification error, |R| refers to
the number of selected features, and |C| is the total number of
available features. The parameters @ and [ represent the
weights assigned to classification error and feature subset size,
respectively. Although most previous works have adopted the
KNN classifier, this study utilizes the RF classifier. In this
implementation, ¢ is set to 0.99 and § to 0.01 [31].

Fitness = ayi (D) +ﬁ% (10)
1. Initialize the whales population X; (i=1, 2, ..., n)
2 Initialize the mutation probability vector My,
3. Calculate the fitness of each search agent
4, X*=the best search agent
5. while (t < tmax)
6. for each search agent
7. Update g, A, C, I, and p
8. if (p<0.5)
9, if(|A] <1)
10. Update the position of the current search agent by Eq. (2)
11. else if (|A|=1)
12. Select a random search agent (Xrong)
13. Update the position of the current search agent by Eq. (9)
14. end if
15. else if (p>0.5)
16. Update the position of the current search by Eq. (6)
17. end if
18. end for
19. Check if any search agent goes beyond the search space, and amend it
20. Calculate the fitness of each search agent
21. Update X* if there is a better solution

//Mutation process

22. Define vector one_positions to store the locations of the selected features in X*
23. Define Xpmue= X*
24. For i=1 to the length of one_positions
25. idx= one_positions(i)
26. Generate a random number r
27. If (r < Mp(idx))
28. Xmut(idx)= 0 while keeping the other features
29. Fitness_mutated= the fitness of Xpur
30. If (Fitness_mutated < Fitness)
31. Fitness= Fitness_mutated
32. X*= Xonur
33. End if
34. End if
35. End for
36. t=t+1

37.  end while
38.  return X*

Fig. 4. The proposed feature selection: MBWOA algorithm.
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D. The Proposed Mutated Binary Whale Optimization
Algorithm (MBWOA)

MBWOA was developed from BWOA by adding a
mutation process, and Figure 4 shows its pseudocode. The
mutation process was applied after the best search agent update
process, with the hope that this process could increase
exploration, resulting in a better subset of features in the feature
selection results. The mutation process begins by determining
the one_position and X,,,,,; vectors. The one_position vector
is employed to record the indices of selected features in the
best solution vector (X*). The mutated vector, denoted as X,,,,;,
is derived from X*. The mutation process is performed by
comparing a randomly generated value r with the
corresponding mutation probability value from the vector M,,.
If 7 is less than the i-th element of M,,, the mutation is applied
to the corresponding position in the solution vector. The value
of r is a randomly generated value ranging from 0 to 1. My, is a
vector defined as in (11), where mp; is the i-th mutation
probability, which has a value between 0 and 1.

M, = (mp,, mp,, ..., mp,) (1)

E. Performance Evaluation

The evaluation process involved several performance
metrics, including accuracy (Acc), the number of selected
features (NF), fitness value, and Time of Classification (TC).
Accuracy was computed using (12) [32], while the fitness
value was obtained through (10). In the context of multiclass
classification, TP; (True Positive) denotes the number of
correctly predicted instances belonging to class i. Conversely,
TN; (True Negative) represents the number of instances
accurately identified as not belonging to class i. FP; (False
Positive) corresponds to instances from other classes that were
incorrectly classified as class i, whereas FN; (False Negative)
refers to instances from class i that were wrongly assigned to
other classes.

K TPi+TN;
K
i=1 TP;+TN;+FP;+FN;

Accuracy = 3 (12)

III. RESULTS AND DISCUSSION

The testing of the proposed feature selection, namely
MBWOA, was carried out with variations in mp; values. This
study tested mp; values of 0.1 to 0.9 with an increment of 0.1.
The test outcomes for both datasets are summarized in Table I.

TABLE L. TEST RESULTS OF THE PROPOSED METHOD

m RLD1 Dataset RLD2 Dataset
Pi Acc (%) NF Fitness Acc (%) NF Fitness
0.1 94.44 36 0.0375 97.62 23 0.0251
0.2 94.44 22 0.0489 98.21 29 0.0249
0.3 88.89 25 0.0349 98.81 29 0.0259
0.4 94.44 24 0.0398 97.62 28 0.0272
0.5 88.89 21 0.0535 98.81 24 0.0222
0.6 88.89 22 0.0444 99.41 29 0.0249
0.7 100.00 23 0.0345 97.62 28 0.0241
0.8 94.44 15 0.0422 98.51 19 0.0248
0.9 88.89 14 0.0330 97.32 9 0.0236

In RLDI, the highest accuracy of 100% was achieved with
23 features and a fitness value of 0.0345, while in RLD2, the
highest accuracy value reached 99.41% with 29 features and a
fitness value of 0.0249. The smallest number of features is 14
in RLD1 and 9 in RLD2, at an mp; value of 0.9 in both, but the
accuracy was also the lowest.

MBWOA was compared with the BWOA feature selection,
and Table II presents the results of this comparison. In RLDI,
both BWOA and MBWOA achieved the same accuracy;
however, MBWOA produced fewer features, smaller fitness
values, and faster classification times. In RLD2, MBWOA
produced higher accuracy, smaller fitness values, and shorter
classification time, although the number of features was the
same. Thus, the integration of a mutation algorithm into
BWOA demonstrates a reduction in both fitness and
classification time while maintaining classification accuracy or
even increasing it. Figure 5 shows a comparison of the
convergence of these two feature selection methods. Figure
5(a,b) shows that MBWOA (blue) exhibits faster convergence
and lower fitness values than BWOA (red), indicating superior
optimization performance. However, integrating the mutation
mechanism into BWOA nearly doubled the Time of Feature
Selection (TFS).

To assess its effectiveness, the proposed method was
benchmarked against previous studies, as detailed in Table III.
In [10], several stages were proposed, namely the segmentation
process using the Otsu method, the feature extraction process
comparing HOG and LBP descriptors, and the classification
process using SVM with a Polynomial kernel. In [33], a CNN
was used for the feature extraction process, comparing four
classifiers: DT, SVM, KNN, and LR. In [25], three descriptors
were combined: GLCM, LBP, and CH. The classification
process uses RF, and no feature selection process was
employed [25]. According to the results in the table, the
proposed method consistently outperformed previous studies in
accuracy on the RLD1 dataset, while in the RLD2 dataset, a
clear advantage is shown over the methods in [10, 33].

TABLE II. COMPARISON OF MBWOA (PROPOSED
METHOD) AND BWOA
RLD1 Dataset RLD2 Dataset
BWOA MBWOA BWOA MBWOA
Acc (%) 100.00 100.00 98.81 99.41
NF 36 23 29 29
Fitness 0.0426 0.0345 0.0264 0.0249
TFS (s) 1017.4536 1955.9922 2720.9870 5247.7559
TC (s) 0.0823 0.0809 0.1081 0.1015
TABLE III. COMPARISON OF THE PROPOSED APPROACH
AND PRIOR RESEARCH
Acc (%)

Method RLD1 Dataset RLD2 Dataset
HOG+SVM [10] 69.44 84.52
LBP+SVM [10] 7222 89.58

CNN+DT [33] 83.33 91.96
CNN+SVM [33] 80.56 93.45
CNN+KNN [33] 86.11 93.45

CNN+LR [33] 58.33 50.89

(GLCM+LBP+CH)+RF [25] 97.22 99.41
Proposed 100.00 99.41
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Fig. 5. Comparison of convergence between MBWOA and BWOA:
(a) RLDI1 dataset, (b) RLD2 dataset.

IV. CONCLUSION

This study presented a new feature selection algorithm that
improves BWOA by adding a mutation process. The proposed
method was named the Mutated Binary Whale Optimization
Algorithm (MBWOA). BWOA tends to become stuck in local
solutions when confronted with large-dimensional search
spaces. The addition of a mutation process improves
exploration capabilities and ensures that the best feature subset
can be selected efficiently. Test results showed that adding a
mutation algorithm to the BWOA feature selection can reduce
fitness while increasing classification time, without decreasing
accuracy. In addition, the proposed method yields higher
accuracy compared to previous studies, such as those using the
LBP+SVM and CNN+KNN methods. Even when applied to
larger datasets, the proposed method demonstrates improved
classification accuracy, achieving 100% on RLD1 and 99.41%
on RLD2. However, integrating the mutation mechanism into
BWOA nearly doubled the training time. Despite this, the
method remains well-suited for tasks involving the
classification or detection of rice leaf diseases.
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