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Abstract

This study proposes a practical and efficient framework for lemon leaf disease classification by combining deep feature
extraction with optimization-based feature selection and machine learning classifiers. Instead of relying solely on end-to-end
deep learning, the work focuses on improving feature quality and reducing redundancy. DenseNet121 is used to extract
1,024 deep features from a nine-class lemon leaf disease dataset, capturing relevant visual patterns from the images.
These features are then refined using Gray Wolf Optimization (GWO), a wrapper-based feature selection method that
reduces the feature space to 405 features, achieving a dimensionality reduction of 60.45%. To evaluate the effectiveness of
the selected features, both Random Forest and Support Vector Machine (SVM) classifiers are applied to the original and
optimized feature sets. The results show that Random Forest achieves 96.97% accuracy with original features and improves
to 97.64% after feature selection. Similarly, SVM achieves the highest accuracy of 98.30% with original features and
maintains competitive performance after optimization. The findings demonstrate that GWO effectively removes redundant
information while preserving discriminative features, leading to improved efficiency without compromising performance.
Compared to baseline approaches on the same dataset, the proposed hybrid framework achieves superior classification
accuracy and reduced computational cost. This makes the method suitable for real-world agricultural applications where
both accuracy and efficiency are important.

Keywords Precision agriculture - Plant disease detection - Deep learning in agriculture - Feature selection optimization -
DenseNet121

Introduction

One of the most produced and traded citrus fruits in the
world is the lemon (Niu et al. 2021). It is widely culti-
vated across temperate regions and holds significant eco-
nomic value in food, cosmetics, and pharmaceutical indus-
tries (Igbal et al. 2018). Citrus fruits are susceptible to many
diseases caused by pathogens and fungi (Siam 2024) that
spread rapidly between trees (Zhu et al. 2024), causing
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significant yield losses (J. Kotwal et al. 2023) and nega-
tively affecting plant development and health (Igbal et al.
2018). Leaf symptoms such as spots, yellowing, deforma-
tion, and curling indicate disease presence and reduce pho-
tosynthetic capacity, affecting plant growth (Shoaib et al.
2023). Early detection is essential to prevent significant
agricultural losses (J. G. Kotwal et al. 2024; Gulzar 2025c).
Traditional diagnostic methods are time-consuming, error-
prone, and expensive for large areas, requiring expertise
(Siam 2024). Machine learning and deep learning have been
used successfully in plant disease detection (Kotwal et al.
2023), representing a paradigm shift for plant health inspec-
tion and early diagnosis (Yasin et al. 2025) (Gulzar 2025a).
Deep learning models designed for image processing can
accurately identify disease symptoms such as spots, color
changes, or deformities, enabling farmers to reduce crop
losses (Barman et al. 2020; Gulzar 2025b). Despite prom-
ising results, existing studies predominantly rely on end-to-
end convolutional neural network (CNN) or transfer learn-
ing pipelines that feed all extracted features directly into
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classifiers, overlooking feature redundancy and increasing
computational cost. Furthermore, wrapper-based feature se-
lection methods such as Gray Wolf Optimization (GWO)
remain largely unexplored in lemon leaf disease classifi-
cation, representing a clear research gap. This study aims
to classify lemon leaf diseases using machine learning and
image processing techniques. The study performs feature
extraction using the DenseNet121 pre-trained network on
lemon leaf images consisting of nine classes, followed by
feature selection using the GWO algorithm. Random For-
est (RF) and Support Vector Machine (SVM) algorithms
are applied in the classification phase.
The main contributions of this study are as follows:

e DenseNetl21 is employed as a deep feature extractor on
a nine-class lemon leaf disease dataset.

e GWO is applied as a wrapper-based feature selector, re-
ducing dimensionality by 60.45% (from 1024 to 405 fea-
tures).

o SVM and RF classifiers are evaluated on both original
and GWO-selected features.

e The proposed hybrid framework achieves up to 98.30%
classification accuracy, outperforming the baseline study
on the same dataset.

The rest of the study is organized as follows: the related
studies on the classification of lemon and citrus leaf dis-
eases are reviewed in the Literature Review section. The
dataset and techniques used are explained in the Materials
and Methods section. The findings are presented in the Re-
sults section, followed by a discussion of the results and
suggestions for future research directions in the Discussion
section.

Related Work

In one study, a dataset of lemon leaf images with nine
classes was created (1354 original images), achieving
96.19% classification accuracy using pre-trained networks
(Siam 2025). Another study classified lemon leaves in
three classes using DenseNet-201, ResNet-50, ResNet-
152V2, and Xception, with Xception achieving the highest
accuracy of 94.43% (Pramanik et al. 2021). A citrus leaf
dataset including Citrus tristeza virus (CTV)- and Huang-
longbing (HLB)-infected leaves was developed, comparing
MobileNet and SSCNN; MobileNet achieved 92% test ac-
curacy while SSCNN reached 99% (Barman et al. 2020).
Dang-Ngoc et al. (2021) preprocessed citrus leaf images
from four classes and achieved 92.5% accuracy using an
SVM-based classifier.

Using VGG16 and InceptionV3 on a four-class cit-
rus dataset, Islam et al. (2024) achieved 98% and 99%
accuracy, respectively. Luaibi et al. (2021) used a four-
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class dataset with data augmentation, achieving 95.83%
and 97.92% accuracy with ResNet and AlexNet. A five-
class lemon leaf dataset achieved 98.63% accuracy using
MobileNetV2 (Reddy and Thirunavukkarasu, 2024).

Saygili (2023) investigated transfer learning and data
augmentation effects using VGG-16, ResNet50, and Dense-
Net201, achieving the highest accuracy (98.29%) with
DenseNet201. Sharif et al. (2018) performed feature selec-
tion using principal component analysis (PCA), skewness,
and entropy on a seven-class citrus dataset with multi-
class SVMs, reporting 97%, 89%, and 90.4% accuracy on
different datasets.

Cetiner (2022) developed a CNN-based architecture for
citrus disease detection, including blackspot, canker, and
HLB, achieving an average accuracy of 96%. Duth and Bhat
(2022) classified a four-class citrus dataset using ResNet50,
ResNet101, and VGG-19, with VGG-19 achieving the high-
est success (97.95%). Suryavanshi et al. (2023) combined
CNN and RF to detect Alternaria Brown Spot disease,
achieving 97% accuracy. Yuan (2023) classified healthy
and aphid-damaged lemon leaves using DenseNet and Mo-
bileNet, achieving 80.47% and 79.81% accuracy. Zhu et al.
(2024) classified a six-class citrus dataset using a Multi-
Models Fusion Network (MMEN) after data augmentation,
achieving 98.68% accuracy. Butt et al. (2025) achieved
99.6% accuracy using DenseNet-201 and AlexNet with
transfer learning on citrus leaves.

Beyond citrus, several studies applied deep learning to
plant disease classification (Gulzar and Unal 2025). Mia
et al. (2021) proposed a You Only Look Once (YOLO)-
based model for real-time recognition of medicinal plant
leaves, achieving approximately 95% accuracy. Mahmud
et al. (2022) employed CNN-based transfer learning for
early detection of lychee leaf diseases, with InceptionV3
achieving 92.67% accuracy. Al Fahim et al. (2023) reviewed
automated seed classification approaches using deep neu-
ral networks. Bitto et al. (2023) compared CNN architec-
tures for potato leaf disease recognition, with ResNet-50
achieving the highest accuracy, followed by Inception-v3
(94.25%). Islam et al. (2025) proposed a model for dragon
fruit leaf disease classification, achieving 92.83% accuracy
with CNN + transfer learning. Sarker et al. (2025) created
a flower dataset for species recognition, achieving 99.81%
accuracy with MobileNetV2. Akash et al. (2024) devel-
oped a decision support system for crop recommendation,
achieving 98.11% accuracy with RE.

Most existing studies rely on end-to-end CNN or trans-
fer learning pipelines, where all extracted features are fed
directly into classifiers without selection. This approach ig-
nores feature redundancy and increases computational cost.
Moreover, few studies have examined wrapper-based opti-
mization methods for feature selection in citrus disease clas-
sification, leaving a gap that this study addresses. This study
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Table 1 Performance comparison of existing studies on lemon and citrus leaf disease classification using deep learning approaches

Reference Methods Fruit/crop Class Classification accuracy
name (%)

Siam et al. (2024) DenseNet-121 Lemon 9 96.19

Pramanik et al. Xception, DenseNet-201, ResNet-50, ResNet-152V2 Lemon 3 94.43, 92.45, 88.68,

(2021) 79.25

Barman et al. MobileNet, SSCNN Citrus 3 92,99

(2020)

Cetiner (2022) MobileNet, ResNet50, Custom CNN Citrus 4 96

Dang-Ngoc (2021) SVM Citrus 4 92.5

Islam et al. (2024) InceptionV3, VGG-16 Citrus 4 99, 98

Luaibi et al. (2021) ResNet, AlexNet Citrus 4 95.83,97.92

Reddy et al. (2024) VGG-16, MobileNetV2 Lemon 5 93.84, 98.63

Saygili (2023) VGG-16, ResNet-50, DenseNet201 Lemon 2 81.70, 96.59, 98.29

Sharif et al. (2018) M-SVM, W-KNN, Ensemble Boosted Tree, Decision Tree, Citrus 7 97, 89, 90.4

Linear Discriminant Analysis

Duth and Bhat ResNet50, ResNet101, VGG19 Citrus 4 94.61, 95.21, 97.95

(2022)

Suryavanshi et al. CNN + Random Forest Lemon 4 97

(2023)

Yuan (2023) DenseNet, MobileNet Lemon 2 80.47, 79.81

Zhu et al. (2024) Multi-Models Fusion Network (MMFN) Citrus 6 98.68

Butt et al. (2025) DenseNet-201, AlexNet+ Hybrid Meta-Heuristic Citrus 4 99.6

adopts a hybrid approach: DenseNet121 extracts discrimi-
native deep representations, producing a 1024-dimensional
feature vector refined using GWO. The selected features
are evaluated with SVM and RF classifiers. Unlike existing
studies that use DenseNet solely as an end-to-end classifier,
this study decouples feature extraction from classification
and introduces GWO as a wrapper-based selector to identify
the most discriminative subset, resulting in a more efficient
and interpretable pipeline.

It is worth noting that wrapper-based feature selection
methods, despite their proven effectiveness in other do-
mains, remain rarely applied in citrus and lemon leaf dis-
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ease classification, making this study one of the few to
systematically evaluate GWO as a wrapper-based selector
in this context.

Additional related studies in plant disease classification
are summarized in Table 1.

Materials and Methods

This section details the dataset, proposed model, technical
methodologies, evaluation metrics, and algorithms used in
the study.
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Fig. 1 Sample images of each class in the Lemon Leaf Disease dataset
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Table 2 Class distribution of the original Lemon Leaf dataset
Class

Original count

Anthracnose 100
Bacterial Blight 105
Citrus Canker 178
Curl Virus 115
Deficiency Leaf 193
Dry Leaf 186
Healthy Leaf 210
Sooty Mold 153
Spider Mites 114
Total 1354
Dataset

In this study, the Lemon Leaf Diseases dataset (Siam 2024)
was used. The dataset is publicly available in two versions:
the original dataset comprising 1354 raw images and an
augmented version comprising 9000 images generated via
data augmentation (translation, rotation, zoom, cropping,
and brightness adjustment). For this study, we used only
the original dataset (1354 images) to ensure fair compar-
ison with the baseline study (Siam 2025) and to evaluate
the effectiveness of our feature selection approach with-
out relying on artificially augmented samples. The images
are in red-green—blue (RGB) format, with a resolution of
800x 800 pixels, and were collected in 2024 from Jamalpur

Fig.2 A pie chart illustrates the
distribution of leaf conditions
and diseases in the dataset

Anthracnose

Bacterial Blight

Citrus Canker
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Spider Mites

District, Bangladesh. The dataset contains nine classes of
lemon leaf conditions.

Some of the sample citrus leaf diseased images used in
this study are presented in Fig. 1.

The classes of lemon leaf images in the original dataset,
along with their numerical labels, are presented in Table 2.
There are nine classes in the database.

The classes defined in the dataset include Anthracnose,
Bacterial Blight, Citrus Canker, Curl Virus, Deficiency
Leaf, Dry Leaf, Healthy Leaf, Sooty Mold, and Spider
Mites, respectively. The number of images belonging to
each class is as follows: Anthracnose (100), Bacterial Blight
(105), Citrus Canker (178), Curl Virus (115), Deficiency
Leaf (193), Dry Leaf (186), Healthy Leaf (210), Sooty
Mold (153), and Spider Mites (114). The original dataset
comprises 1354 images of lemon leaves. The augmented
version of this dataset includes 9000 images. The dataset
comprising 1354 images was used in the study. Figure 2
presents a histogram of the number of samples per class in
the dataset.

Proposed Method

In this study, a model integrating image processing, deep
learning, and machine learning techniques is proposed for
the classification of diseases observed in lemon leaves of
the citrus family. The proposed model comprises feature
extraction from the pre-trained DenseNet121 network, fea-

Sooty Mold
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Dry Leaf

Deficiency Leaf

Curl Virus
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Fig. 3 Flowchart of the proposed methodology

ture selection using the GWO algorithm, classification with
SVM and REF classifiers, model training, and performance
evaluation. The model’s general architecture is presented in
Fig. 3.

In the feature extraction step, DenseNet121, a pre-trained
network, was used as a feature extractor to capture rele-
vant image features while reducing data size and increas-
ing model efficiency. The model’s final classification layer
(the 1000-unit softmax layer) was removed, and features
were extracted from the last global average pooling layer
(pool5), which produces a 1024-dimensional feature vec-
tor. This layer captures high-level semantic representations
while retaining spatial context from the preceding dense
block. Global average pooling converted variable-sized fea-
ture maps into fixed-length vectors. Images were resized to
224 x 224 pixels and normalized according to the model’s
preprocessing standards, resulting in 1024-dimensional fea-
ture vectors.

For feature selection, GWO, a meta-heuristic algorithm
inspired by wolf hunting behavior, was used to identify
informative features and reduce dimensionality. GWO sim-
ulates wolf social hierarchy and prey searches, where wolf
locations represent feature subsets.

Each location is evaluated using a fitness function that
balances classification accuracy and the number of selected
features. The fitness function is formally defined as:

F=a-E(X)+B-(IS|/[F])

where E(K) is the classification error rate of the selected
feature subset K, ISI is the number of selected features, |Fl
is the total number of features, and a and (3 are weighting
parameters controlling the trade-off between accuracy and
dimensionality reduction (aa=0.99, p=0.01). Feature sub-
sets are evaluated by training an RF classifier on an internal
validation subset, defined as 20% of the training data held
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out via stratified sampling. This validation subset was used
solely during GWO optimization and was not part of the
final test set.

The algorithm iteratively improves fitness scores by ad-
justing feature subsets. GWO was initialized with 10 wolves
and run for 50 iterations using a binary search space
(I=present, O=absent). These parameters were selected
based on preliminary experiments: population sizes be-
low 10 showed premature convergence, while sizes above
10 provided no significant improvement. Similarly, the
fitness value stabilized before the 50th iteration in all trials,
as confirmed by the convergence curve (Fig. 4), indicating
that 50 iterations are sufficient for this problem size. It
reduced the feature set from 1024 to 405 features (60.45%
reduction) with a best fitness value of 0.0177.

In the classification phase, SVM with Radial Basis Func-
tion (RBF) kernel and RF with 100 trees were used. The
RBF kernel was selected for SVM because it effectively
handles non-linear decision boundaries in high-dimensional
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Fig.4 Convergence curve of the Gray Wolf Optimization algorithm
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feature spaces. The regularization parameter C=1.0 and
kernel coefficient gamma= ‘scale’ were set based on cross-
validation. For RF, 100 trees were chosen as a balance be-
tween computational efficiency and ensemble stability; pre-
liminary experiments showed no significant accuracy gain
beyond this number. The maximum depth was left unre-
stricted to allow full tree growth, with bootstrap sampling
enabled. The dataset was split 70% training and 30% test
sets with stratified sampling to balance class distribution.
This ratio was selected to provide sufficient training sam-
ples for GWO-based feature selection while retaining a rep-
resentative test set for evaluation. Given the relatively small
dataset size (1354 images), an 80/20 split would reduce the
test set to approximately 270 images, potentially increasing
evaluation variance, while a 60/40 split would limit train-
ing data for reliable feature selection. Additionally, five-
fold stratified cross-validation was applied to further as-
sess model stability. All preprocessing steps including resiz-
ing to 224 x 224 pixels and normalization using ImageNet
statistics were applied after data splitting, independently on
the training and test sets, to prevent data leakage. Similarly,
GWO-based feature selection was performed exclusively
on the training set. The test set was held out entirely dur-
ing feature selection and model training, ensuring unbiased
evaluation.

Performance was evaluated using five-fold stratified
cross-validation. RF with original features achieved
96.97% +0.82%, RF with GWO-selected features achieved
97.64%+0.72%, SVM with original features achieved
98.30% +0.44%, and SVM with GWO-selected features
achieved 97.34% +0.79%.

The low standard deviation values across all configura-
tions (0.44%—0.82%) indicate stable and consistent model
performance, suggesting that the observed accuracy differ-
ences are reliable. Formal significance testing was not per-
formed due to the limited number of folds (k=15); however,
the consistency of results across folds supports the validity
of the reported comparisons.

DenseNetl21 was chosen because DenseNet architec-
tures effectively capture fine-grained color and texture vari-
ations on limited agricultural datasets, achieving high ac-
curacy in plant disease recognition (Haque et al. 2025). Its
dense connectivity enables feature reuse and improves gra-
dient flow, reducing overfitting when training images are
limited. GWO was selected as a wrapper-based method to
optimize both dimensionality reduction and classification
performance. It balances maximizing accuracy while min-
imizing selected features, performing well on agricultural
classification problems. GWO reduced dimensionality by
60.45% while maintaining or improving RF accuracy, con-
firming the selected subset preserved the most informative
features for lemon leaf disease recognition.

@ Springer

Technical Methodologies

In this section, the theoretical foundations of the machine
learning models used for classification and the optimization
techniques employed in the study, which together constitute
the research’s conceptual framework, are discussed.

Support Vector Machine

This is a supervised learning method that performs well on
regression and classification tasks. The main purpose of this
method is to find the optimal hyperplane that separates the
data into distinct classes. Support vectors are the data points
that lie closest to the hyperplane’s classification boundary.
The space between the support vectors and the hyperplane
is called the margin. The SVM method maximizes this mar-
gin (Yu et al. 2025). If the data can be linearly separated,
SVM finds the optimal hyperplane that separates the data.
If the data cannot be linearly separated, it is mapped to
a higher-dimensional space via kernel functions and then
made linearly separable in that space. SVM is effective in
high-dimensional spaces. It is resistant to overfitting. It can
be used on both linear and nonlinear data. In addition to
these advantages, it has disadvantages, such as slow pro-
cessing of large datasets (Gambella et al. 2021).

Random Forest

This ensemble learning method works by combining sev-
eral decision trees. In short, it aims to build many decision
trees and then integrate their predictions to produce a model
that is more accurate and stable. One of the best features
of the RF is that it can address both classification and re-
gression problems, which are the building blocks of other
machine learning algorithms (Breiman 2001). Each deci-
sion tree in the RF is constructed in parallel, and these
trees may be either classification or regression trees. The
nodes in each decision tree are partitioned using the best
features that yield the most appropriate solution among all
features (Mohan et al. 2019; Speiser et al. 2019).

Gray Wolf Optimization Algorithm

Metaheuristic optimization techniques have become in-
creasingly popular in recent years (Mirjalili et al. 2014).
These techniques are increasingly used not only by com-
puter scientists but also by researchers in many other fields.
The GWO algorithm is a metaheuristic optimization algo-
rithm developed by Seyedali Mirjalili and his team in 2014.
It is a nature-inspired algorithm that mimics the hunting
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and social hierarchy behaviors of gray wolves. GWO is
a swarm intelligence algorithm for solving global opti-
mization problems. The algorithm is based on the social
structures and hunting strategies of gray wolves (Lu et al.
2025). Gray wolf packs exhibit a hierarchical structure. The
leader wolf is called the alpha wolf, the assistant wolf is
called the beta wolf, and there are also wolves called delta
and omega in the pack. Each of these wolves is used to
model different solutions and their effects on one another
(Mirjalili et al. 2025).

Evaluation Metrics

We employed several different evaluation indicators to as-
sess the effectiveness of our model in this investigation.
The main criteria were accuracy, precision, recall, and the
F1-score. Accuracy indicates the proportion of samples that
were correctly classified, whereas precision and recall as-
sess how well the model identifies positive cases. The F1-
score is the harmonic mean of precision and recall. It pro-
vides a balanced assessment of the model’s performance,
which is helpful when the data is not evenly distributed.

Accuracy is a widely used metric for evaluating a model’s
overall performance in classification problems. This metric
is defined as the proportion of correctly classified examples
out of the total number of examples. It is represented by
the following formula:

TP + TN
x 100
TP + TN + FP + FN

Accuracy = (

Another important metric used in classification is preci-
sion. Precision is defined as the ratio of true positive exam-
ples to the total number of positive examples classified by
the model. The formula is given below.

TP
TP + FP

Precision =

Another widely used performance metric in classification
problems is sensitivity (recall). This metric indicates the
proportion of truly positive examples correctly classified as
positive by the model. In other words, sensitivity measures
how well the model identifies examples from the positive
class.

TP

Recall = —.
TP + FN

The F1-score allows the evaluation of precision and sen-

sitivity together. It is calculated as the harmonic mean of

these two values. The F1-score yields more meaningful re-

sults, particularly when the data are imbalanced, i.e., when
there are very few positive instances (Haridasan et al. 2023).

2 x (Precision x Recall)

F1 — Score = —
Precision + Recall

Results

The proposed method was implemented in Python 3.10
using TensorFlow 2.12 and Scikit-learn 1.2. Experiments
were performed on an NVIDIA Tesla T4 16 GB GPU pro-
vided by Google Colab, with 12.7 GB RAM. DenseNet121
weights were loaded from the Keras applications module
pre-trained on ImageNet. The random state was fixed at
42 for all stochastic operations to ensure reproducibility.

Model performance was evaluated using two approaches:
(1) a single 70/30 stratified train-test split for generating
confusion matrices and computing final accuracy metrics,
and (2) five-fold stratified cross-validation to assess model
stability and generalization capability.

The convergence curve of the GWO algorithm is pre-
sented in Fig. 4. The sharp decrease in early iterations shows
rapid improvement of initial solutions. The fitness value de-
creases through the 30th iteration and stabilizes thereafter,
indicating convergence to the optimal solution.

To evaluate GWO-based feature selection benefits, RF
and SVM classifiers were trained on two feature sets: the
full 1024-dimensional vectors (original features) and GWO-
selected features. The dataset was split into 70% training
and 30% test sets using stratified sampling (random state=
42). The accuracy values reported in the confusion matri-
ces and classification tables (Tables 4-7) refer to this sin-
gle holdout test set evaluation. In addition, five-fold strati-
fied cross-validation was performed independently to assess
model stability, with results reported as mean + standard de-
viation. GWO reduced features from 1024 to 405, achieving
60.45% reduction (Table 3).

Classification performance was evaluated using con-
fusion matrices across all four configurations. Figure 5
presents the confusion matrix for RF with original
DenseNet121 features.

RF achieved 96.97% accuracy; Bacterial Blight, Citrus
Canker, and Dry Leaf were perfectly classified, while An-
thracnose and Curl Virus showed minor misclassifications.
Table 4 presents detailed precision, recall, and Fl-score
metrics.

Table3 Summary of selected feature count and selection rate with
Gray Wolf Optimization

Original features Selected features Feature reduction
Sizes size rate

1024 405 60.45%

@ Springer
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Table 4 Classification performance: Random Forest with complete
DenseNet121 features

Class Precision Recall F1-score Support
Anthracnose 0.90 0.90 0.90 30
Bacterial Blight 1.00 1.00 1.00 32
Citrus Canker 0.96 1.00 0.98 53
Curl Virus 0.97 0.89 0.93 35
Deficiency Leaf 1.00 0.97 0.98 58
Dry Leaf 1.00 1.00 1.00 56
Healthy Leaf 0.94 0.98 0.96 63
Sooty Mold 0.94 0.98 0.96 46
Spider Mites 1.00 0.94 0.97 34

Table 4 shows weighted average precision, recall, and
Fl-score all achieved 0.97, demonstrating strong overall
performance. Three classes (Bacterial Blight, Dry Leaf, and
Deficiency Leaf) achieved perfect or near-perfect precision
(1.00). However, Anthracnose achieved 0.90 across all met-
rics and Curl Virus obtained 0.89 recall, suggesting that dis-
eases with distinctive visual features are easier to classify,
while those with subtle or overlapping symptoms require
more discriminative features.

The confusion matrix for SVM with original features
(Fig. 6) shows the SVM classifier achieved the highest
overall accuracy of 98.30% among all methods. Bacterial
Blight, Citrus Canker, Dry Leaf, and Healthy Leaf achieved
perfect classification. Minor misclassifications remained in
Anthracnose, Curl Virus, and Sooty Mold, likely due to
overlapping visual symptoms. Table 5 demonstrates SVM
achieved exceptional performance with the complete fea-
ture set. Weighted average precision, recall, and F1-score
all reached 0.98, surpassing RF performance. Four classes
achieved perfect recall (1.00). Anthracnose improved to
0.93 recall compared with RF’s 0.90, and Curl Virus in-
creased from 0.89 to 0.94 recall. SVM’s strong performance
on the full feature set suggests it handles high-dimensional
spaces more effectively than RF without requiring dimen-
sionality reduction.

This behavior is consistent with SVM’s theoretical pro-
perties: the RBF kernel implicitly maps features to a higher-
dimensional space, making it naturally suited for dense,
high-dimensional inputs such as DenseNet121 features. In
contrast, RF relies on random feature subsampling at each
split, which may reduce its ability to exploit all 1024 fea-
tures simultaneously. GWO-based selection mitigates this
by retaining only the most discriminative 405 features, al-
lowing RF to achieve more focused and accurate splits.

Figure 7 presents the confusion matrix for RF with
GWO-selected features, achieving 97.64% accuracy. The
matrix demonstrates strong performance with most classes
achieving 93-100% recall. Three classes (Citrus Canker,
Dry Leaf, and Healthy Leaf) achieved perfect recall (1.00).
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Minor misclassifications were observed in Anthracnose
(93% recall) and Sooty Mold (93% recall). Compared with
the original features, GWO-based selection improved ac-
curacy from 96.97% to 97.64% while reducing the feature
set by 60.45%.

Table 6 demonstrates GWO’s impact on RF performance.
With only 405 selected features, the classifier achieved
97.64% accuracy, a 0.67 percentage point improvement
over the complete feature set. Weighted average metrics
all reached 0.97. Dry Leaf maintained perfect classification
(1.00), while Healthy Leaf achieved perfect recall despite
a slight precision decrease. Anthracnose showed improved
precision (0.97 vs 0.90) but slightly lower recall (0.93 vs
0.90), suggesting GWO selected more specific features for
this disease class. Curl Virus demonstrated enhanced pre-
cision (1.00 vs 0.97) while maintaining comparable recall.
GWO thus achieved simultaneous dimensionality reduction
and accuracy improvement for RF. Figure 8 presents the
confusion matrix for SVM with GWO-selected features,
achieving 97.34% accuracy. Three classes (Citrus Canker,
Dry Leaf, and Healthy Leaf) achieved perfect classification.
Compared with SVM using all features (98.30%), accuracy
decreased by only 0.96 percentage points despite 60.45%
feature reduction, demonstrating the effectiveness of GWO.

Table 7 shows that SVM’s performance with GWO-
selected features achieved 97.34% accuracy with only 405
features compared to 98.30% with 1024 features. This
represents a minimal accuracy reduction (0.96 percent-
age points) despite a 60.45% decrease in dimensionality.
Weighted average metrics all reached 0.97. Four classes
maintained near-perfect or perfect recall. Anthracnose
showed enhanced recall (0.97 vs 0.93), indicating GWO
selected more sensitive features. These results demonstrate
substantial dimensionality reduction with minimal perfor-
mance compromise, favorable for applications requiring
reduced computational complexity. Figure 9 compares
SVM and RF performance across classes. Both approaches
achieve high accuracy, with both models achieving 100%
accuracy for Dry Leaf and Healthy Leaf. Other classes
show accuracy ranging from 93% to 99%, demonstrating
that both models successfully classify plant diseases.

Figure 10 compares training times for classifiers trained
on original and GWO-selected feature sets. RF training time
was reduced from 13.33 to 7.76s (41.8% reduction) and
SVM from 2.32 to 0.70s (69.8% reduction) after GWO
feature selection. All experiments were conducted on an
NVIDIA Tesla T4 16 GB GPU via Google Colab (Python
3.10, TensorFlow 2.12, Scikit-learn 1.2, random state =42)
to ensure reproducibility.

Table 8 presents results compared with studies on
the same dataset. Siam et al. achieved 96.19% using
DenseNet121. Among proposed models, DenseNet121+
SVM achieved the highest accuracy (98.30%). GWO-opti-
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mized models achieved 97.64% (RF) and 97.34% (SVM),
demonstrating that the proposed approaches achieve com-
petitive or improved accuracy compared to the baseline
study on the same dataset, though direct comparison with
other studies is limited due to differences in dataset, class
count, and experimental setup.

Gradient-weighted Class Activation Mapping (Grad-
CAM) visualization (Fig. 11) identifies regions the model
focused on during classification. For the Deficiency Leaf
class, the heatmap highlights yellowish discoloration
and wilting areas in red and orange, indicating where
DenseNet121 focused on detecting nutrient deficiency.

Multi-class receiver operating characteristic (ROC) anal-
ysis (Fig. 12) for SVM with GWO-selected features shows
most classes achieve high area under the curve (AUC) val-
ues (above 0.94), indicating the feature-selection step pre-
serves disease category separability even after dimension-
ality reduction.

Discussion

To contextualize our approach, we compared results with
recent studies on citrus and lemon leaf disease detection
(Table 1). Our method achieved 98.30% accuracy using
SVM with original features and 97.64% using RF with
GWO-selected features, demonstrating competitive perfor-

Fig.5 Normalized confusion
matrix for Random Forest with
original DenseNet121 features

Anthracnose

Bacterial Blight -

Citrus Canker -

Curl Virus -

Deficiency Leaf -

Actual Class

Dry Leaf -

Healthy Leaf -

Sooty Mold -

Spider Mites -

mance on this dataset. It should be noted that the dataset
used in this study consists of 1354 images across nine
classes, which, while sufficient for demonstrating the pro-
posed framework’s effectiveness, represents a relatively
limited sample size. The high accuracy values may partly
reflect the controlled image acquisition conditions of the
dataset (Ayoub et al. 2025). Generalization to larger, more
diverse, or field-collected datasets remains to be validated
in future work. Furthermore, the absence of external val-
idation on an independent dataset is acknowledged as
a limitation of this study. The five-fold cross-validation
results (standard deviation: 0.44%-0.82%) suggest that
overfitting is unlikely within the current dataset; how-
ever, external validation would be necessary to confirm
the model’s robustness and generalizability across differ-
ent imaging conditions, geographic regions, and lemon
cultivars. Among studies using the same dataset, Siam
et al. (2024) achieved 96.19% accuracy using DenseNet-
121 with end-to-end training. Our approach improves this
by 2.11 percentage points while offering three advantages:
(1) computational efficiency—traditional machine learning
classifier training requires seconds versus hours for deep
network fine-tuning, (2) feature interpretability—GWO
identifies discriminative feature subsets enabling analysis
of critical representations, and (3) deployment feasibil-
ity—dimensionality reduction facilitates implementation
on resource-constrained edge devices.

1.0

-04

-02

=00

Predicted Class
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Fig.6 Normalized confusion
matrix for Support Vec-
tor Machine using original
DenseNet121 features (1024
features)
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The effect of GWO-based feature selection on perfor-
mance and complexity was analyzed through confusion
matrices (Figs. 5, 6, 7 and 8). Removing redundant fea-
tures improved RF performance from 96.97% to 97.64%.
DenseNet121’s dense connectivity encourages feature reuse
across layers, which, while beneficial for gradient flow,
tends to produce correlated and partially redundant fea-
tures in the final 1024-dimensional vector. GWO effectively
identifies and discards these redundant dimensions, retain-
ing only the most discriminative subset. This explains why
a 60.45% reduction in feature count did not degrade—and
in fact slightly improved—RF classification accuracy. For
SVM, a slight decrease occurred after feature selection,

Table 5 Classification performance metrics for Support Vector
Machine using DenseNet121-extracted features without feature
selection

- 0.8

- 0.6

-04

-0.2

- 0.0

Predicted Class

which can happen when the selected subset excludes fea-
tures that are individually weak but jointly useful for mar-
gin-based decision boundaries. Despite this, reducing the
1024-dimensional feature vector lowers computational cost
for training and inference. Multi-class ROC curves (Fig. 12)
confirm that class separability is largely preserved after di-
mensionality reduction.

While some studies report higher accuracies (Islam et al.
2024: 99% with InceptionV3, Zhu et al. 2024: 98.68% with
Multi-Models Fusion Network), they address simpler four
to six class problems. Our 98.30% accuracy on a nine-class
problem represents substantially greater classification dif-
ficulty. Unlike studies applying complete deep features or

Table 6 Classification performance metrics for Random Forest with
Gray Wolf Optimization-selected features

Class Precision Recall F1-score Support Class Precision Recall F1-score Support
Anthracnose 0.93 0.93 0.93 30 Anthracnose 0.97 0.93 0.95 30
Bacterial Blight 1.00 1.00 1.00 32 Bacterial Blight 0.97 0.94 0.95 32
Citrus Canker 1.00 1.00 1.00 53 Citrus Canker 0.96 1.00 0.98 53
Curl Virus 0.94 0.94 0.94 35 Curl Virus 1.00 0.94 0.97 35
Deficiency Leaf 0.98 0.98 0.98 58 Deficiency Leaf 1.00 0.97 0.98 58
Dry Leaf 1.00 1.00 1.00 56 Dry Leaf 1.00 1.00 1.00 56
Healthy Leaf 1.00 1.00 1.00 63 Healthy Leaf 0.93 1.00 0.96 63
Sooty Mold 0.96 0.96 0.96 46 Sooty Mold 0.96 0.93 0.95 46
Spider Mites 0.97 0.97 0.97 34 Spider Mites 0.97 0.97 0.97 34
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Fig.7 Confusion matrix ob-
tained from classification using
Random Forest after feature
selection
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end-to-end learning, we demonstrate that bio-inspired opti-
mization can improve performance while reducing dimen-
sionality. This counterintuitive finding suggests that careful
feature selection from pre-trained models can match or ex-
ceed exhaustive feature usage.

Our contribution demonstrates that systematic optimiza-
tion of established techniques achieves competitive accu-
racy while addressing real agricultural constraints: limited
training data (1354 images), computational resources (mo-
bile/Internet of Things [IoT] devices), and real-time infer-

Table 7 Classification performance metrics for Support Vector
Machine with Gray Wolf Optimization-selected features

Class Precision Recall F1-score Support
Anthracnose 0.94 0.97 0.95 30
Bacterial Blight 0.97 0.97 0.97 32
Citrus Canker 0.96 1.00 0.98 53
Curl Virus 1.00 0.94 0.97 35
Deficiency Leaf 1.00 0.97 0.98 58
Dry Leaf 1.00 1.00 1.00 56
Healthy Leaf 0.98 1.00 0.99 63
Sooty Mold 0.98 0.96 0.97 46
Spider Mites 0.94 0.97 0.96 34

1.0
0.00 0.00 0.00 0.00 0.03 0.00 0.00
0.8
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Predicted Class

ence requirements, while recent advances in agricultural
imaging continue to open new possibilities for more so-
phisticated learning frameworks (Haque et al. 2025; Gulzar
et al. 2024). This represents a shift from accuracy-maxi-
mization to a balance between accuracy and deployability,
critical for practical agricultural artificial intelligence (AI)
systems.

The integration of DenseNet121 with GWO-based fea-
ture selection offers several advantages. First, GWO re-
duced dimensionality by 60.45% while maintaining high

Table 8 Classification accuracy of different methods

Literature Methods Classification
accuracy (%)

Siam DenseNet121 96.19

et al.

Proposed Feature Extraction 96.97

model (DenseNet121)+ Random Forest

Proposed Feature Extraction 97.64

model (DenseNet121)+ GWO + Ran-

dom Forest

Proposed Feature Extraction 98.30

model (DenseNet121)+ SVM

Proposed Feature Extraction 97.34

model (DenseNet121)+ GWO+ SVM

GWO Gray Wolf Optimization, SVM Support Vector Machine

@ Springer
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Fig.8 Confusion matrix of
the Support Vector Machine
classifier after Gray Wolf Opti-
mization feature selection
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accuracy, improving computational efficiency. Second, our
method leverages pre-trained features with traditional clas-
sifiers, reducing computational requirements compared to
end-to-end deep learning. Third, the approach achieves con-
sistently high performance across multiple classifiers (RF:
97.64%, SVM: 98.30%), demonstrating robustness and gen-
eralizability.

GWO-based feature selection provides substantial com-
putational advantages for practical deployment. Training
time decreased by 27% for RF (1.92s— 1.415s) and 70%

@ Springer
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for SVM (0.26s— 0.08s). Cross-validation time was re-
duced by 42% for RF and 70% for SVM. These improve-
ments, combined with 60.45% memory reduction, enable
real-time on-device processing (~150-200ms per image)
on smartphones and edge devices. For RF, feature selec-
tion improved accuracy (+0.67 pp), revealing that deep rep-
resentations contain redundant features. While SVM ex-
perienced a modest reduction in accuracy (—0.96 pp), the
accuracy—efficiency trade-off is favorable for deployment
scenarios that prioritize computational constraints.
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Fig. 10 Training times of the Random Forest and Support Vector Ma-
chine (SVM) models for both the original and Gray Wolf Optimization
(GWO)-selected feature sets

Limitations

Despite promising results, this study has several limitations.
The publicly available dataset was collected under con-
trolled conditions in a single geographic region (Jamalpur
district, Bangladesh) in 2024 and contains 1354 images
with 100-210 samples per class. Cross-dataset validation
with independent datasets from different geographic loca-
tions, climate zones, or lemon varieties was not performed,
which limits the assessment of real-world generalization.
While this sample size is adequate for traditional machine
learning classifiers using pre-extracted features, it remains
relatively small for training modern deep learning architec-
tures from scratch.

The dataset also lacks variability typically encountered
under field conditions, such as diverse lighting environ-
ments, complex backgrounds, partial leaf occlusions, and
physical leaf damage. Furthermore, the dataset assumes
a single disease label per image. In real agricultural en-
vironments, multiple diseases may appear simultaneously

Original Image

Fig. 11 Gradient-weighted
Class Activation Mapping
(Grad-CAM) visualizations for
the Deficiency Leaf class. Left:
original image, right: Grad-
CAM heatmap

on the same leaf, which would require multi-label classifi-
cation approaches.

Several methodological limitations should also be ac-
knowledged. Statistical significance tests such as t-tests
or Wilcoxon signed-rank tests were not conducted to de-
termine whether performance differences between models
were statistically meaningful. In addition, feature selection
was limited to the GWO algorithm, without comparison
to alternative optimization approaches such as Genetic Al-
gorithms, Particle Swarm Optimization, or traditional di-
mensionality-reduction techniques including PCA and mu-
tual information. Benchmarking against recent deep learn-
ing architectures such as Vision Transformers, EfficientNet,
or ConvNeXt was also not performed. Although GWO re-
duced the feature dimensionality by 60.45%, deployment
of the full DenseNet121 feature extraction pipeline on re-
source-constrained IoT devices would require additional
optimization through model compression techniques such
as quantization, pruning, or knowledge distillation. Finally,
this study focuses on algorithm development and evalua-
tion rather than the implementation of a complete farmer-
oriented application with real field validation.

Future Direction

Several research directions could extend this work toward
practical agricultural deployment. Future studies should
evaluate the proposed framework on larger and more
diverse datasets collected under different environmental
conditions to better assess generalization capability. De-
velopment of multi-label classification frameworks would
allow simultaneous detection of multiple diseases occurring
on the same leaf.

Further research may also explore systematic a compar-
ison of alternative feature selection and optimization meth-
ods to determine the most effective dimensionality-reduc-

Grad-CAM Heatmap
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Fig. 12 Multi-class receiver operating characteristic curves for the Support Vector Machine classifier using Gray Wolf Optimization-selected

DenseNet121 features. (AUC Area under the curve)

tion strategies for plant disease classification. Benchmark-
ing the proposed framework against modern deep learning
architectures such as Vision Transformers and EfficientNet
would provide additional insight into performance differ-
ences between hybrid and end-to-end approaches (Zangana
et al. 2025).

In addition, lightweight model optimization techniques
should be investigated to support deployment on edge de-
vices and mobile platforms used in agricultural monitoring
systems. Integration of the proposed model into mobile ap-
plications, combined with field validation studies and col-
laboration with agricultural extension services, would fa-
cilitate translation of the proposed framework into practical
tools for farmers and crop management professionals.

Conclusions

This study presented a hybrid framework for classifying
lemon leaf diseases using a combination of deep learn-
ing feature extraction and machine learning classification.
Deep features were extracted from lemon leaf images us-

@ Springer

ing a pre-trained DenseNetl121 network and subsequently
refined through Gray Wolf Optimization (GWO) for fea-
ture selection. The selected features were evaluated using
Random Forest (RF) and Support Vector Machine (SVM)
classifiers. Experimental results demonstrate strong classi-
fication performance across both models. RF achieved an
accuracy of 96.97% using the original feature set and im-
proved to 97.64% after GWO-based feature selection. SVM
achieved the highest performance with 98.30% accuracy us-
ing the full feature set and 97.34% using the reduced feature
subset. These results indicate that GWO can significantly
reduce feature dimensionality (60.45%) while maintaining
high classification accuracy.

Gradient-weighted Class Activation Mapping (Grad-
CAM) visualization further confirmed that DenseNetl121
effectively focuses on disease-relevant regions of the leaf
images, improving interpretability of the model predictions.
In addition, GWO-based feature selection reduced training
time, storage requirements, and computational complexity,
demonstrating the potential of the proposed framework for
efficient agricultural disease detection. Overall, the results
show that combining deep feature extraction with wrapper-
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based feature selection provides a practical and efficient
approach for plant disease classification. The proposed
method offers a balance between classification accuracy
and computational efficiency, which is important for real-
world agricultural monitoring systems.
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