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ABSTRACT 

Coconut trees are vital staple crops that are widely grown in coastal regions, contributing significantly to 

the national economy. However, diverse types of diseases affect coconut tree health, including leaf spot 

diseases, which affect crop health and productivity. To address these challenges, a Deep Learning (DL)-

based detection model, combining a Piecewise Linear Chaotic Map-based Cuckoo Search Optimization 

(PCSO) algorithm with a Convolutional Neural Network (CNN), referred to as PCSO-CNN, is proposed 

for coconut tree disease detection. By optimizing the hyperparameters of the CNN, the network effectively 

learns subtle differences in diseased portions, enabling the PCSO-CNN model to accurately detect coconut 

tree diseases. The coconut tree images are preprocessed, and then multi-scale features are extracted using 

the EfficientNet-B7 to enhance disease detection through its fine-tuned architecture. Experimental results 

show that the proposed PCSO-CNN method achieves an accuracy of 98.53% on the coconut tree disease 

dataset, which is higher than that of the existing ResNet-50 approach. 

Keywords-coconut tree disease detection; Convolutional Neural Network (CNN); Deep Learning (DL); 

EfficientNet-B7; Piecewise Linear Chaotic Map-based Cuckoo Search Optimization (PCSO) algorithm 

I. INTRODUCTION  

Coconut (Cocos nucifera) is an important cash crop grown 
year-round, mainly in coastal regions of South America and 
Asia. Coconut tree products such as leaves, coconuts, and 
related items have become a crucial part of our daily lives and 
industry in many parts of the world because of their high 
nutritional value [1, 2]. Coconut trees are found across the 
globe, especially in coastal regions, and have become 
economically important crops worldwide. The scientific name 
for the coconut tree is Cocos nucifera, which belongs to the 
palm family and is the only living species of the Cocos genus. 
The coconut tree produces oil, coconut milk, desiccated 

coconut, and many other commercial products with high 
market demand [3-5].  

However, cultivating coconut trees is challenging because 
of pests and diseases that spread and affect tree health, 
reducing yield [6]. Addressing these issues can increase 
coconut yield and improve market value. The leaves, nuts, 
stems, and roots are susceptible to various diseases that can 
ultimately kill the tree [7]. Early identification of these diseases 
can reduce infection spread among coconut trees. 

Nonetheless, the manual identification of coconut tree 
diseases by humans is a difficult and time-consuming task that 
requires significant effort and may lead to inaccurate results in 
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certain circumstances [8]. To overcome these limitations, 
Artificial Intelligence (AI)-based methods like Machine 
Learning (ML) and Deep Learning (DL) are used for disease 
detection and classification [9-11]. However, existing ML 
algorithms often fail to detect diseases accurately because they 
depend only on training data and extracted features that may 
contain irrelevant information [12, 13]. Therefore, automated 
classification systems have been developed to overcome these 
limitations by accurately detecting coconut tree diseases and 
assisting in their analysis [14].  

Hence, DL models are used to identify coconut tree 
diseases, where the models are trained using images of diseased 
trees and tested to predict infections accurately based on 
sample data [15]. DL-based approaches such as deep neural 
networks and time series-based models are widely used for 
various applications. However, existing DL-based detection 
models often struggle to detect diseases accurately due to 
imbalanced data, irrelevant features, and ineffective 
hyperparameter tuning, all of which degrade detection 
performance.  

To overcome these issues, a Piecewise Linear Chaotic Map-
based Cuckoo Search Optimization (PCSO) with a 
Convolutional Neural Network (CNN), referred to as PCSO-
CNN, is proposed for coconut tree disease detection. The DL 
model undergoes several stages, including the collection of 
coconut leaf image datasets, preprocessing, feature extraction, 
and finally classification to identify the specific disease type.  

The main contributions of this research are: 

 Preprocessing techniques such as median filtering, 
normalization, and resizing are employed to enhance image 
quality and remove noise for effective feature extraction 
and detection. 

 The EfficientNet-B7 is used for feature extraction, where 
multi-scale features containing important disease-related 
information are extracted to improve detection accuracy 
under various conditions. 

 The proposed PCSO-CNN effectively learns complex 
patterns associated with distinct coconut tree diseases, 
resulting in improved detection and classification accuracy. 

II. RELATED WORK 

The advantages and limitations of detection and 
classification approaches used for coconut tree or leave disease 
detection are discussed below. 

Authors in [16] developed a DL-based pre-trained model 
for disease detection and classification of coconut trees. The 
pre-trained models such as VGG-16, ResNe-t50 and 
MobileNetV2 architectures were utilized to analyze disease 
classification. Due to several advantages such as skip 
connections and residual learning, the ResNet-50 model 
effectively detected coconut tree diseases compared with the 
other two pre-trained models. However, the ResNet-50 model 
struggled to generalize new disease data, leading to overfitting 
and degraded detection performance under certain conditions.  

Authors in [17] designed a DL model for whitefly 
identification in coconut tree leaves. The designed VGG-16 
model was utilized for whitefly detection by segmenting 
abnormal portions of the leaves. The model extracted relevant 
features related to the disease to enhance detection. However, 
the VGG-16 model failed to detect accurately due to class 
imbalance in the dataset, which negatively affected accuracy. 

Authors in [18] explored a detection model based on an 
Artificial Neural Network (ANN) and a Support Vector 
Machine (SVM) for coconut trees. The strengths of ANN and 
SVM approaches were combined to detect pest-related 
diseases, and features extracted using the gray-level co-
occurrence matrix method enhanced the detection of pest 
diseases in coconut trees. However, integrating two detection 
models made it difficult to identify diseases effectively due to 
the challenge of selecting the most important and relevant 
features.  

Authors in [19] presented a work on disease and pest 
infection detection in coconut trees using DL approaches. The 
main objective was to develop a framework for disease 
detection using DL. Several pre-trained CNN models like 
VGGNet, DenseNet, and InceptionV3 were used to analyze the 
dataset, along with the k-means clustering method for 
segmentation, which increased classification accuracy. 
However, the model became overfitted during training, which 
was mitigated using a regularization technique. 

Authors in [20] proposed a hybrid model based on an SVM 
and CNN for coconut disease prediction. The model utilized 
pre-trained networks such as ResNet-50, VGG-16, and 
EfficientNetB0 for feature extraction and early disease 
identification. The integrated SVM and CNN models enhanced 
classification accuracy. However, noise in the coconut tree and 
leaf images reduced image quality, which negatively affected 
feature extraction and detection performance. 

Authors in [21] aimed to develop a Hybrid Attention 
Convolutional Neural Network (HACNN) for avocado ripeness 
classification on resource-constrained devices. This model uses 
attention mechanisms to identify local and global information 
for classification. The model's ability to capture long-range 
dependencies and global contextual information is enhanced by 
self-attention. Fine-tuning is still required to achieve optimal 
model performance. 

Authors in [22] aimed to develop CNN models for 
classifying diseases on rose leaves using hybrid DL techniques 
with an SVM. The developed model, based on the VGG-16 
architecture, applied early and late fusion techniques to 
combine outputs from fully connected layers. The results 
showed that the early-fusion-based models achieved the highest 
training, validation, and testing performance, followed by the 
late-fusion-based and VGG-16-based models. 

III. METHODOLOGY 

The proposed coconut tree disease detection framework 
includes four phases: dataset preparation, preprocessing, 
feature extraction, and proposed classification. The block 
diagram of the proposed framework is illustrated in Figure 1. 
At first, coconut leaf images are obtained from the dataset and 
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preprocessed to remove noise, resize the images, and normalize 
them using min–max normalization to transform raw images 
into a suitable format for further processing and to improve 
model performance.  

 

 

Fig. 1.  Block diagram of the proposed coconut tree disease detection 

model. 

After preprocessing, the feature extraction process is 
performed by utilizing a pre-trained model based on 
EfficientNet-B7, which extracts several multi-scale features 
corresponding to various diseases. The extracted features are 
then fed as input to the proposed PCSO-CNN model for 
efficient classification and detection of coconut tree diseases. 
Finally, the performance of the proposed method is evaluated 
by comparing it with existing detection and classification 
approaches. 

A. Dataset 

The Coconut Tree Disease Dataset [23] is utilized in this 
research, which provides high-quality images of various 
disease types to support effective tree disease detection. This 
dataset includes high-resolution images, where each image has 
a dimension of 768 pixels in width and 1024 pixels in height to 
represent the disease clearly. The coconut diseases are 
categorized into five different classes: Bud Rot, Leaf Rot, Bud 
Root Dropping, Stem Bleeding, and Gray Leaf Spot. The 
challenges associated with each class are summarized as 
follows: 

 Bud Rot: A fungal disease that, if not identified and 
managed correctly, can destroy entire groves. 

 Leaf Rot: This disease directly affects vitality by 
compromising the photosynthesis capacity of coconut trees. 

 Bud Root Dropping: It affects the early growth phase, 
leading to reduced development and yield. 

 Stem Bleeding: A prolonged condition that weakens the 
structural integrity of coconut trees. 

 Gray Leaf Spot: A serious disease that spreads rapidly and 
leads to widespread defoliation. 

The total number of images in each class is presented in 
Table I. The acquired images are fed into the preprocessing 
stage to convert them into useful formats for feature extraction 
and classification. 

TABLE I.  NUMBER OF IMAGES IN EACH CLASS OF THE 
COCONUT TREE DISEASE DATASET 

Class No of images 

Gray Leaf Spot 2135 

Bud Rot 470 

Leaf Rot 1673 

Stem Bleeding 1006 

Bud Root Dropping 514 

 

B. Preprocessing 

The coconut tree images obtained from the dataset are 
considered as input in this preprocessing stage to transform 
them into a useful format. For preprocessing, resizing, median 
filtering, and min-max normalization techniques are applied to 
enhance the image quality for further processing. The 
preprocessing steps for coconut tree images are as follows: 

 Resizing: Resizing converts all images into uniform 
dimensions for better detection and classification 
performance. The raw coconut tree and leaf images are 
resized from 768 × 1024 pixels to 256 × 256 pixels. These 
resized images ensure consistent input dimensions for 
training the PCSO-CNN model, which prevents the model 
from being biased towards images of certain sizes and 
improves the generalization ability of the proposed 
detection framework. 

 Normalization: Normalization is a widely used 
preprocessing technique in image processing that scales the 
intensity values in images to a uniform range between 0 and 
1. In this work, min-max normalization is applied, as given 
in (1): 

���� = �� − ��	�
/����
 − ��	�
  (1) 

where ����  denotes the normalized value, and ��	�  and ���
  represent the minimum and maximum pixel values, 
respectively. 

 Noise removal: The normalized image pixels are filtered 
using a median filter to remove noise from coconut tree and 
leaf images, enhancing the detection performance of the 
proposed model [24]. The median filter with an � × � 
kernel replaces the central pixel value with the median of 
all pixel values within the kernel. The mathematical 
representation of the median filter is given in (2): 

������, �
 = med	,�∈��,� ���,� ��, �
  ⊗
                                                   ���!"� + �, � + �$% (2) 

where ������, �
  denotes the noise-free image at pixel 
coordinates �  and � . The preprocessed images are then 
passed to the feature extraction process. 
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C. Feature Extraction 

The preprocessed images are passed to the feature 
extraction stage to extract relevant features by utilizing a pre-
trained model based on the EfficientNet-B7 architecture. The 
EfficientNet-B7 model is a CNN architecture with a scaling 
technique applied evenly in all dimensions of width, depth, and 
resolution utilizing a compound coefficient [25]. This scaling 
strategy of the EfficientNet-B7 model extracts several multi-
scale features corresponding to various diseases, including fine-
grained details of pest infections in coconut leaves and trees. 
The scaling parameters, depth, width, and resolution, refer to 
the network's layer count, layer size, and resolution of the 
preprocessed images, respectively. Based on these parameters, 
the model precisely extracts features even from small diseased 
regions of the trees and leaves. The scaling relations in 
EfficientNet-B7 are represented in (3) to (5): 

& = '(     (3) 

) = *(     (4) 

+ = ,(     (5) 

where & , ) , and +  represent the depth, width, and image 
resolution, and -  denotes the user-specified compound 
coefficient. The EfficientNet-B7 architecture efficiently 
minimizes overfitting issues which are caused by insufficient 
labeled data of coconut trees through its optimized architecture. 
The fine-tuned EfficientNet-B7 model efficiently extracts 
multi-scale features to identify the subtle differences between 
the texture, color, and shape of coconut tree diseases. These 
extracted features are then passed to the proposed PCSO-CNN 
model for disease detection. 

D. Proposed Detection Model 

The extracted features are fed into the proposed PCSO-
CNN model for coconut tree disease detection. The CNN 
effectively learns spatial and temporal patterns from complex 
image data. Each convolutional layer generates a feature map 
by performing element-wise multiplication between the input 
data and trainable filters, followed by summation and 
activation, as given in (6): 

.��, �
 = /�∑ ∑ 1�2, �
 3� �� + 2, � + �
 + 4� 
 (6) 

where . represents the feature map, 3 denotes the input data, 1 
indicates the filter set, and 4  and /  represent the bias and 
activation function, respectively, of the CNN model.  

However, CNNs involve various hyperparameters, such as 
learning rate, number of filters, batch size, and number of 
layers, which greatly influence detection performance. 
Improper tuning can cause overfitting or underfitting, leading 
to poor results. Thus, a search-based optimization algorithm 
with a chaotic strategy is utilized for efficient hyperparameter 
tuning. 

1) Piecewise Linear Chaotic Map-Based Cuckoo Search 

Optimization 

The Cuckoo Search Optimization (CSO) algorithm is 
inspired by the parasitic brood behavior of cuckoo birds, which 
lay eggs in the nests of host birds. This natural strategy is 

adapted to enhance CNN hyperparameter tuning for effective 
disease detection. The CSO algorithm models this behavior 
under three main conditions, as follows: 

 Each cuckoo lays one egg at a time in a randomly placed 
nest and places it in a host bird's nest. This egg represents a 
candidate solution to the problem, addressing the challenge 
of hyperparameter tuning. 

 The most suitable nest with the top-quality egg is carried 
over to the next generation according to the survival-of-the-
fittest rule.  

 After initializing the number of host nests with the best 
quality, the cuckoo birds find their eggs through parasitic 
behavior based on a probability 0 6 7 6 1 , which may 
result in cuckoo egg desertion or host nest abandonment.  

Figure 2 illustrates the process of the proposed PCSO 
algorithm. 

 

 

Fig. 2.  Flowchart of the proposed PCSO-CNN model. 
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a) Piecewise Linear Chaotic Map Strategy 

The piecewise linear chaotic map enhances the balance 
between global exploration and local exploitation during the 
search for optimal hyperparameters. It allows the algorithm to 
effectively explore the search space and fine-tune promising 
regions, preventing it from being trapped in local optima and 
ensuring a more optimal search within the CNN's parameter 
space. This chaotic map strategy is mathematically expressed 
in (7): 

��+1
 = .9:��;
< =  

                  

⎩⎪
⎪⎨
⎪⎪
⎧ A�B


9 , 0 < ��;
 < D
A�B
E9
F.HE9 , D 6 ��;
 < 0.5

JEA�B
E9
F.HE9 , 0.5 6 ��;
 < 1 − D
JEA�B


9 , 1 − D 6 ��;
 < 1
  (7) 

The PCSO technique helps in fine-tuning the CNN 
parameters effectively to avoid overfitting issues and allows the 
model to generalize well for unseen data. Additionally, the 
PCSO algorithm improves the robustness of the CNN model in 
detecting various diseases in coconut trees. The PCSO-CNN 
combination ensures optimal utilization of computational 
resources by identifying the best-performing hyperparameters 
with minimal effort, leading to faster and more accurate 
detection processes. Table II illustrates the hyperparameter 
settings of the proposed PCSO-CNN model.  

TABLE II.  HYPERPARAMETER SETTINGS OF THE 
PROPOSED PCSO-CNN MODEL 

Parameter Value 

Batch size 32 

Epochs 20 

CNN layers 
3 Layers (max pooling, fully connected, 

and dropout layers) 

Loss 

function 
Categorical cross-entropy loss function 

Learning rate 0.001 

Optimizer Adam optimizer 

Alpha 0.01 

Lambda 1.5 

Iterations 100 

 
The PCSO algorithm was trained for 20 epochs with a 

batch size of 32. The CNN architecture consists of three max 
pooling layers, a dropout layer to prevent overfitting, and a 
fully connected layer for output classification. The model uses 
a categorical cross-entropy loss function, an Adam optimizer 
with a learning rate of 0.001, and is configured with an alpha of 
0.01 and a lambda of 1.5 over 100 iterations. 

IV. III. RESULTS AND DISCUSSION 

The experimental outcomes of the proposed PCSO-CNN 
model for coconut tree disease detection are presented in this 
section. The model utilized the Coconut Tree Disease dataset 
which was split into training, validation and testing sets in a 
ratio of 70:20:10. The proposed detection method was 
simulated using Python 3.9 on a system with Windows 10 OS, 
Intel i5 processor, and 16 GB RAM. To evaluate the 

performance of the PCSO-CNN model, various performance 
metrics were used, namely accuracy, precision, recall, and F1-
score. Their mathematical formulations are given in (8) to (11): 

Accuracy = QRSQT
QRSURSQTSUT     (8) 

Precision =  QR
QRSUR      (9) 

Recall =  QR
QRSUT      (10) 

F1 − score = 2 × R_`abcbde ×f`aghh
R_`abcbdeSf`aghh    (11) 

where: TP= True Positive, TN  = True Negative, FP  = False 
Positive, and FN = False Negative 

A. Quantitative and Qualitative Analysis 

The performance of the proposed PCSO-CNN method is 
evaluated through both quantitative and qualitative analyses. 
The PCSO-CNN framework is compared with existing DL 
approaches and optimization algorithms used for classification, 
feature extraction, and feature selection in coconut tree disease 
detection. Tables III to V present the quantitative and 
qualitative performance comparisons. Table III presents the 
performance comparison of PCSO-CNN with existing 
classifiers, including VGG-19, Recurrent Neural Network 
(RNN), and Deep Neural Network (DNN). The proposed 
PCSO-CNN method achieved a high classification accuracy of 
98.53%, which is greater than existing DL-based classifiers. 

TABLE III.  COMPARISON OF THE PROPOSED PCSO-CNN 
METHOD WITH EXISTING CLASSIFIERS 

Classifiers 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

VGG-19 71.13 72.59 69.31 70.02 

Recurrent Neural 

Network (RNN) 
87.67 93.55 85.98 88.75 

DNN 95.95 97.32 95.31 96.25 

PCSO-CNN 

(proposed) 
98.53 98.57 98.48 98.52 

 
Table IV shows the performance of EfficientNet- B7 

compared with existing feature extraction methods, including 
VGG-16, MobileNet, and ResNet. EfficientNet-B7 achieved an 
accuracy of 98.53%, which is greater than that of existing DL-
based feature extraction approaches. Table V presents the 
performance comparison of the proposed PCSO algorithm with 
existing optimization approaches, including the Whale 
Optimization Algorithm (WOA), Dragonfly Optimization 
Algorithm (DOA), Grasshopper Optimization Algorithm 
(GOA), and CSO. The PCSO algorithm used in conjunction 
with the CNN achieved an accuracy 98.53%, which is greater 
than that of existing optimization-based detection models. 

TABLE IV.  COMPARISON OF FEATURE EXTRACTION 
METHODS FOR COCONUT TREE DISEASE DETECTION 

Methods 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

VGG-16 85.23 86.14 84.78 85.45 

MobileNet 90.67 91.45 89.83 90.63 

ResNet 82.80 83.12 82.34 82.73 

EfficientNet-B7 

(proposed) 
98.53 98.57 98.48 98.52 
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TABLE V.  COMPARISON OF CNN-BASED DETECTION 
MODELS WITH DIFFERENT OPTIMIZATION ALGORITHMS 

Method 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

WOA-CNN 88.34 90.12 88.56 89.33 

DOA-CNN 84.45 85.34 83.67 84.50 

GOA-CNN 93.13 94.56 92.78 93.66 

CSO-CNN 96.48 95.76 94.89 95.32 

PCSO-CNN 

(proposed) 
98.53 98.57 98.48 98.52 

 
The accuracy curve, loss curve, confusion matrix, and 

Receiver Operating Characteristic (ROC) curve of the proposed 
PCSO-CNN model are illustrated in Figures 3 to 6. These 
graphical representations clearly demonstrate the model’s 
effective learning behavior and stability. Overall, the proposed 
PCSO-CNN model achieved superior performance compared 
to existing DL approaches and optimization algorithms. 

 

 

Fig. 3.  Accuracy curve of the proposed PCSO-CNN model for coconut 

tree disease detection. 

 

Fig. 4.  Loss curve of the proposed PCSO-CNN model for coconut tree 

disease detection. 

 

Fig. 5.  Confusion matrix of the proposed PCSO-CNN model for coconut 

tree disease detection. 

 

Fig. 6.  ROC curve of the proposed PCSO-CNN model for coconut tree 

disease detection. 

B. Comparative Analysis 

The performance of the proposed PCSO-CNN method is 
compared with existing detection approaches in Table VI. The 
comparison includes methods applied to different datasets, such 
as the white leaf infection dataset and pest infection dataset. 
The proposed PCSO-CNN model achieved an accuracy of 
98.53%, precision of 98.57%, recall of 98.48%, and an F1-
score of 98.52%. The PCSO algorithm fine-tunes key 
hyperparameters of the convolutional layers, enabling the CNN 
model to effectively capture disease-specific patterns, including 
discoloration and leaf spots, in coconut tree images. 

C. Discussion 

The proposed PCSO-CNN detection model achieved 
superior performance in detecting coconut tree diseases using 
leaf images. The existing detection approaches have several 
limitations. ResNet-50 [16] struggles to generalize to new 
disease data, resulting in overfitting and degraded performance 
under certain conditions. The VGG-16 [17] model fails to 
detect diseases accurately due to class imbalance in the dataset, 
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which reduces detection accuracy. The hybrid ANN-SVM [18] 
approach faces difficulties in identifying the diseases 
accurately because of the selection of features with irrelevant 
information, reducing the disease detection performance. To 
overcome these limitations, a PCSO-CNN model is proposed 
for accurate detection of coconut tree disease detection using a 
piecewise linear chaotic map strategy. With the integration of 
chaotic dynamics, PCSO introduces randomness and non-
repetitive behavior into the CSO optimization process, which 
improves the capability to explore CNN's complex 
hyperparameter space more effectively. 

TABLE VI.  COMPARISON OF THE PROPOSED PCSO-CNN 
METHOD WITH EXISTING DETECTION APPROACHES 

Method Dataset 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

ResNet-50 

[16] 

Coconut 

tree disease 

dataset 

94 92.25 93.42 93.88 

VGG-16 

[17] 

White leaf 

disease 

dataset 

95.71 N/A N/A N/A 

ANN-SVM 

[18] 

Pest 

infection 

dataset 

95 98 92 95 

PCSO-CNN 

(proposed) 

Coconut 

tree disease 

dataset 

98.53 98.57 98.48 98.52 

 

V. CONCLUSION 

The proposed Piecewise Linear Chaotic Map-based Cuckoo 
Search Optimization with a Convolutional Neural Network 
(PCSO-CNN) method was developed for effective detection of 
coconut tree diseases by addressing limitations in CNNs. By 
optimizing the hyperparameters of the CNN model, the 
network effectively learns subtle differences from diseased 
portions, resulting in highly accurate detection of coconut tree 
diseases. The coconut tree images are preprocessed through 
resizing, normalization, and noise removal to enhance feature 
extraction from diseased areas. A fine-tuned neural network 
architecture, EfficientNet-B7, is then used to extract multi-
scale features from the preprocessed images, allowing the 
model to effectively capture subtle differences between 
diseased and healthy images. Based on these extracted features, 
the proposed PCSO-CNN model achieves highly accurate 
disease detection.  

Experimental results demonstrate that the PCSO-CNN 
method achieved an accuracy of 98.53%, outperforming 
previous disease detection approaches such as ResNet-50 on 
the Coconut Tree Disease dataset. In future work, advanced 
Deep Learning (DL) models incorporating attention 
mechanisms will be explored to further improve coconut tree 
disease detection. 
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