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Abstract. Modern deep learning (DL) techniques, es-
pecially convolutional neural networks (CNNs), have
greatly increased the precision of multiclass classifica-
tion tasks used to diagnose plant diseases. To detect
multiclass leaf diseases in corn and apple plants, this
study aims to develop a reliable and effective model.
The proposed DeepForestNet integrates mid-level feature
representations from DenseNet201 and MobileNetV2
through a shallow fusion mechanism. The fused feature
vector is classified using a Random Forest (RF) classifier
to enhance generalization and robustness. To further
optimize model performance, the hyperparameters are
fine-tuned using the Particle Swarm Optimization (PSO)
and Improved Grey Wolf Optimization (IGWO) algorithms.
The effectiveness of these optimization techniques is vali-
dated through comparative statistical analysis using the
Wilcoxon signed-rank test and convergence evaluation.
The IGWO-optimized DeepForestNet achieves a classi-
fication accuracy of 97.59% for apple leaf diseases (13
classes) and 97.19% for corn leaf diseases (4 classes),
outperforming baseline and PSO-tuned variants. The
proposed IGWO-driven DeepForestNet demonstrates
high accuracy, stability, and convergence, making it a
promising framework for automated and precise plant leaf
disease identification in precision agriculture.

Keywords. Multiclass leaf disease classification, deep-

ForestNet, feature fusion, IGWO, statistical analysis.

1 Introduction

Current agricultural production struggles to meet
the rapidly increasing demand for food, necessitat-
ing improved productivity and sustainability. Leaf

infections can cause significant economic and en-
vironmental losses by reducing crop quality, under-
scoring the importance of early disease detection
[53]. Traditionally, professional visual inspections
have been the primary method for diagnosing plant
diseases, but this approach can be costly and
time-consuming, particularly for small producers
in emerging regions [26].

To address these challenges, automated meth-
ods for detecting leaf diseases are becoming in-
creasingly critical. As a powerful tool for analyzing
leaf images for disease detection, machine learning
(ML) is gradually replacing traditional visual inspec-
tions, providing more efficient and timely disease
control in agriculture [30]. Vision-based methods
have been developed recently to identify leaf dis-
eases. These techniques usually entail using Con-
volutional Neural Networks (CNNs) based on deep
learning (DL) for disease diagnosis and extracting
visual information from leaf images. However,
these techniques often suffer from lower recognition
efficiency due to the complexity of feature extraction
and the need for extensive image preprocessing [5].
Despite leveraging large image datasets to identify
distinguishing features, these approaches still face
challenges in achieving high accuracy.

The CNN model relies on a trial-and-error ap-
proach to enhance performance and reduce pro-
cessing time by tuning hyperparameters using
optimization algorithms [31]. These innovative
optimization techniques offer a robust solution to
the challenge of disease identification. Various
optimization strategies have been found to greatly

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 515-535

doi: 10.13053/CyS-30-1-6010



ISSN 2007-9737

516 Shantilata Palei, Puspanjali Mohapatra

improve the performance of the majority of models,
especially when handling high-dimensional real-
world problems [26].

The contributions of this paper include:

— Developed DeepForestNet, a hybrid shallow
fusion model that integrates mid-level features
extracted from DenseNet201 and MobileNetV2
through feature concatenation. The fused
representation is classified using a Random
Forest (RF) classifier, enhancing multiclass leaf
disease identification performance.

— Propose an improved method of the GWO
algorithm to optimize with the DeepForestNet
model.

— PSO, GWO, and IGWO algorithms are used
to tune DeepForestNet hyperparameters to
maximize performance.

— IGWO-driven DeepForestNet model performs
better in comparison to the standard optimiza-
tion algorithms, i.e., PSO and GWO classifica-
tion accuracy and reduced model complexity.

— Conducted detailed statistical analyses with the
Wilcoxon signed rank test to compare PSO,
GWO, and IGWO impacts on model perfor-
mance.

The structure of this study: Literature review is
included in Section 2. The suggested method is
explained in Section 3. The results are evaluated in
Section 4. Conclude the study in Section 5.

2 Literature Review

DL models have significantly advanced leaf disease
detection and crop recognition. Jiang et al. [17]
developed an improved CNN model to classify
five types of apple leaf disease. Waheed et al.
[48] introduced an optimized DenseNet model that
efficiently recognizes corn leaf diseases with high
accuracy, using fewer parameters than other CNN
architectures such as EfficientNet, VGG19, NASNet,
and Xception Net.

In a comparative analysis of ML and CNN models
for identifying soybean disease, Nikith et al. [27]
demonstrated the better accuracy of CNN. Banerjee
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et al. [8] examined a hybrid CNN and RF model for
diagnosing bitter Orange leaf diseases, demonstrat-
ing improved diagnostic accuracy. Kilicarslan et al.
[18] proposed ML models with CNN models such
as MobileNetV2 and EfficientNetV2BO0 to classify
apple varieties.

Optimization algorithms have been integrated
with DL models to enhance plant disease classi-
fication performance. Raja et al. [38] incorporated
Red Deer optimization and PSO to boost the per-
formance of MobileNetV3, XGBoost, and neural
network models, leading to improved accuracy and
convergence rates. Sowmiya et al. [45] used
quantum whale optimization with AlexNet, VGG16,
ResNet50, and DenseNet121 models for Tomato
leaf disease detection, demonstrating significant
improvements in classification accuracy.

Naik et al. [26] explored the CNNs for paddy
grain recognition, focusing on improving the model’s
performance by integrating GWO. By using GWO,
the CNN was able to more effectively tune its
hyperparameters, leading to improvements in both
training and testing accuracy, demonstrating the
potential of optimization algorithms in boosting
DL models.

Similarly, Tamilvizhi et al. [47] optimized
SqueezeNet and Deep Stacked Autoencoders with
PSO to identify sugarcane leaf diseases. PP et
al. [35] applied Harris Hawks Optimization (HHO)
to DenseNet-121 and DenseNet-201 models for
weed identification. HHO enabled more effective
hyperparameter tuning, which improved the
deep feature extraction capabilities of DenseNet
models. As a result, these models achieved
high classification accuracy.  Prasannakumar
et al. [36] employed a Dynamic Differential
Annealed Optimization algorithm to enhance a
Contextual Mask Auto-Encoder for plant disease
identification. This approach significantly improved
detection accuracy.

The growing use of ML-DL hybrid models with
optimization strategies for plant disease diagnosis
is highlighted. Table 1 summarises the pertinent pre-
vious research conducted during the past five years.
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Ref. ML and DL Model Applied Optimization Algorithm Objective
[12] LSTM, BiLSTM, GRU, RNN Red Fox Optimization Crop selection and yield predic-
tion
[38] MobileNetV3, XGBoost, NN mod-  Red Deer Optimization, PSO Plant Disease Detection
els
[49] EfficientNetB5 - Assessment of baby corn quality
[45] AlexNet, VGG16, ResNet50, Quantum Whale Optimization Tomato leaf disease detection
DenseNet121, PCA
[26] CNN Grey Wolf Optimization Recognition of Paddy grains
[47] SqueezeNet, Deep Stacked Au-  Particle Swarm Optimization Identification of Diseases in Sug-
toencoder arcane Leaves
[35] DenseNet-121, DenseNet-201 Harris Hawks Optimization Weed Identification
[4] DCNN, GoogleNet Dipper Throated Optimization, Crop classification
Modified Sine Cosine Algorithm
[3] MobileNetv2, GRU Improved Artificial Ecosystem  Insect detection
Optimization
[19] MobileNetV2 - Diagnosis of Diseases in Plant
Leaves
[7] MobileNetV2, DenseNet121, In-  Genetic Algorithm Crop Pests classification
ceptionResNetV2
[43] Mask-R-CNN, SqueezeNet, Adaptive Snake Optimization apple, tomato, and corn disease
Deep Q-Net detection
[20] DCNN - Crop Leaf disease detection
[22] UNet, Deep Batch Normalized Bald Eagle Search Optimization, Leaf disease detection
AlexNet Mayfly Algorithm
[34] - Grasshopper Optimization, Mod-  Leaf disease detection
ified Artificial Bee Colony Opti-
mization
[40] EfficientNet, RF, AdaBoost, - Crop Leaf disease detection
Stochastic Gradient Boosting
[23] ELM, k-means - Leaf disease detection
[11] EfficientNet(BO—B7), kNN, Ad- - Tomato disease detection
aBoost, RF, LR, Stochastic Gra-
dient Boosting
[5] Dilated Residual Network, CNN-  Salp Swarm Optimization Grape leaf classification
Gated Recurrent Unit
[1] CNN Ant Colony Optimization Plant Leaf disease detection
[2] ELM, RF Ant Colony Optimization Wheat yield prediction

[10]

U-net, Mask RCNN

Leaf disease detection

[14]

kNN, SVM, RF, CNN

Artificial Plant Optimization

Leaf disease detection

(18]

DNN, Speeded up robust feature

Grasshopper Optimization

Leaf Disease Detection

3 Proposed Methodology

Multiclass leaf disease classification includes de-
scribing the dataset, preprocessing, hyperparame-
ter tuning, feature extraction, and classification.

3.1 Dataset Description

In this study, an automated apple and corn disease
classification has been implemented. The Kag-
gle and Plantvillage databases contain the apple

and corn leaf dataset used in this study [32] [39].
This study examines a 4-class maize leaf disease
dataset and a 13-class apple dataset. Figs 1 and 2
show the samples of each class of the leaf dataset.

Dataset preprocessing uses several steps to
prepare images for model training. Initially, images
are decoded and converted into the JPEG format
for consistency. Data augmentation is performed
by rotating images at angles of 30°, 60°, 90°, 120°,
and 180° to increase diversity and model robust-
ness. The images, originally in varying dimensions
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- (k) Powdery Mildew
(i) Mosaic

Fig. 1. Apple Leaf Image Dataset Samples

(c) Gray Leaf Spot

(a) Bight

(b) Common Rust

Fig. 2. Corn Leaf Image Dataset Samples

are resized uniformly to [224x224] pixels. Color
conversion, such as RGB to grayscale or other
transformations, is applied to simplify processing.
Lastly, the dataset is divided into X¢,4in, Xva, and
Xiest (80%, 20%, respectively).

3.2 Methods Used in the Study

This study introduces DeepForestNet, a shallow
fusion-based multiclass leaf disease classifica-
tion model that integrates DenseNet201 and Mo-
bileNetV2 for efficient mid-level feature representa-
tion. The proposed framework takes an input leaf
image of size (224 x 224 x 3), which is processed
independently by both CNN backbones.

From DenseNet201, feature maps are extracted
from an intermediate convolutional block
conv3_blockl12 out, approximately 28 x 28 x 512,
and a Global Average Pooling (GAP) operation is
applied to obtain a 512-dimensional feature vector
(F1). Similarly, from MobileNetV2, the intermediate
feature maps block_6_expand_relu, approximately
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28 x 28 x 256 are extracted and processed using
GAP to generate a 256-dimensional feature
vector (F3).

These two mid-level feature vectors are then
concatenated to form a fused representation (F' =
[F1, F3]) of dimension approximately 768. Instead
of relying on a fully connected or softmax layer,
the fused features are fed into an RF classifier,
which leverages an ensemble of decision trees and
majority voting to perform the final classification.

The model is evaluated on two
datasets—comprising 13 apple leaf disease
classes and 4 corn disease classes—to validate
its robustness and generalization capability.
By performing feature fusion at intermediate
layers, DeepForestNet effectively captures both
fine-grained and structural information, leading
to improved accuracy and stability compared
to conventional CNN-based classifiers. Fig. 3
illustrates the proposed DeepForestNet model.

DeepForestNet uses PSO and GWO as standard
optimization algorithms to tune hyperparameters
with optimal values. PSO and GWO individually
operate to find the best hyperparameter values for
the DeepForestNet model. The model leverages
both PSO and GWO optimizers and the optimized
hyperparameter values identified by these two algo-
rithms. DeepForestNet extracts features from the
dataset using the best-tuned hyperparameters.

The GWO algorithm was inspired by the hunting
behavior and social hierarchy of grey wolves and
was first proposed by Seyedali Mirjalili in 2014
[41]. Grey wolves exhibit a strict social hierarchy
with alpha (X,,), beta (X3), delta (X5), and omega
wolves (X;). This hierarchy influences their hunting
strategy, where alpha wolves lead, followed by
beta and delta wolves, and finally omega wolves
[29]. During a hunt, wolves encircle their victim, as
illustrated in Egs. (1) and (2) [24]:

— — —

D=|C-X,(t)—X@®)|, (1)

—

X(t+1)=X,(t)—A-D. )

Here, wolf’s position vector is X (¢), X,(t) is the
prey’s position, and current iteration (¢). Egs. (3)
and (4) are show coefficient vectors A and C [21]:



ISSN 2007-9737

IGWO-Driven DeepForestNet: A Hybrid Shallow Fusion Model for Multiclass Leaf Disease Classification 519

_—

Conv3_block12_out

224*%224%3 C

block6_expand_relu

28*28*256

i G |
—> A
28*28+512 L P \ 7
6
(512D) 8 —> RF Classifier
Ty D
i G |
LA
o
(256D)

Fig. 3. Proposed DeepForestNet Model

C=2a 7 —a, (3)
A=213, (4)

where random values are r; and r; in [0,1], and
control parameter a that drops from 2 to 0 linearly,
as shown in Eq. (5):

a:z(l—tfn). 5)

Where the maximum number of iterations is t,,.
The three best solutions so far, X, Xz, and X;,
guide the position update of the remaining wolves
through Egs. (6)—(12) [13]:

Do =1Ci- X - X|, (6)
s = |Gy - X5 — X, (7)
Ds=|Cs - X5 — X|, (8)
(1 = Xo — A1 - Dy, 9)
Xy = X3 — Ay - Dy, (10)
X3 = X5 — A3 - Dy, (11)
(IR SR, R

3

To improve performance, the GWO is modified
into an IGWO. The first enhancement adjusts the
parameter @ using a non-linear decay, as shown in
Eq. (13), replacing the linear Eq. (5):

=2 (1— (;)25> (13)

This non-linearity helps maintain a better balance
between exploration and exploitation during itera-
tions. The updated position vector of a search agent
is also refined using weighted contributions from the
three best wolves, as defined in Eq. (14):

X(t+1):3xl+2g(2+)(3. (14)

Algorithm 1 presents the step-by-step process of
IGWO-driven DeepForestNet, and Fig. 4 illustrates
the IGWO algorithm in detail.

Fig. 5illustrates the multiclass image leaf disease
classification model comprising phases named P1
to P5. In P1, the apple and corn dataset is collected.

P2 shows the 13 classes of an apple leaf dataset
and 4 for the corn datasets. In P3, preprocessing
techniques are applied to the datasets. The pre-
processed data are given to the proposed model
in P4. In P4 (A) and P4 (B), DenseNet201 and
MobileNetV2 are individually trained using both
datasets. In P4 (C) DeepForestNet trains the model.

This method needs time to tune and build the
model as it is found to determine the model parame-
ters on the trial-and-error method. To overcome the
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Algorithm 1 Proposed IGWO-driven DeepForest-
Net Model

1: Input: Apple and Corn dataset X, Labels y, DeepForestNet Model

2: Output: Optimized hyperparameters for the model

3: Initialize GWO parameters: bounds 1b, ub, max_iterations, population
sizen

4: Splitdata into X¢rain, Xval, and Xiest

5: Define fitness function:

6: function FITNESSFUNCTION(position)

7:

8:

9:

Decode position to hyperparameters: learning rate, decay rate,
epochs, dropout, n1, n2, n3, nd
Initialize model with these hyperparameters
Train model on Xi,qin, Ytrain With early stopping based on
validation loss
10: return Validation accuracy
11: end function
12: Initialize the wolf population z; (i = 1,2,...
hyperparameters
13: Calculate FITNESSFUNCTION
14: Identify (X, ), (X ), and (X ) search agents
15: for t = 1 to max_iterations do

,m) with random

16: for each search agent i do

17: for each dimension d of the search agent’s position do
18: Modify the agent’s location using Eq (14)

19: end for

20: end for

21: Adaptively revise parameters a, A, and C

22: Assess fitness for every search agent

23: Refresh X, X3, X5 with the new best solutions

24: end for

25: Return X, (the best hyperparameter values)

26: Initialize and train the final model with the optimized hyperparameters
on the combined training and validation set

27: Evaluate the DeepForestNet’s performance on X ..+

limitations that arise due to the randomly chosen hy-
perparameters, evolving algorithms like PSO, GWO,
and IGWO are utilized to determine the optimal
hyperparameters. The RF classifier categorizes
features extracted by combined DeepForestNet
model, optimized through tuned hyperparameters,
into multiple disease classes. In P5, the model
performance is shown using various classification
measures.

4 Results Evaluation

4.1 Experimental Setup

The experiment uses a Kaggle Notebook Disk
Space of 73.1 GB, RAM of 13 GB, GPU Memory
of 15.4 GB, and Accelerator - GPU P100. The
batch size of 128, maximum epoch of 50, a valida-
tion frequency of 1 and an Adam optimizer used
for training. Table 2 shows the optimal value of
the hyperparameters after applying the proposed
optimization algorithms.
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Fig. 4. Flowchart of the IGWO-Driven DeepForestNet
model for hyperparameter tuning

This paper uses parameters such as Accuracy,
macro and micro Precision, macro and micro
recall, macro and micro F'1, Matthews Correlation
Coefficient (M CC) and Kappa Coefficient (Kappa).

Here, True Positives (p), True Negatives (q),
False Positives (r), and False Negatives (s) is used
to calculate the values. In the Kappa measures,
class no. (i), total no. of class (w), truth class ¢
values (x;;), total prediction value (z;) and total
truth values (y;) [32]. Egs. (15) to (26) shows
all the mathematical formulae. The loss function
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(L) is given in Eq. (27). In L, C is the no. of -
classes. Binary indicator is y. if class c is the correct Micro.Recall — —2ai1Pi (20)
classification for the sample. Predicted probability i+ s
(9.) of class c: .
Macro_Recall = 1 Z Recall; (21)
___p+tgq . T om < v
Accuracy = —————, (15) i=1
prq+r+s
Precision X Recall
Fl1=2 22
Precision = , (16) " Precision + Recall’ (22)
p+r
) . > pi Micro_Precision x Micro_Recall
Micro_Precision = —>=t—— 17 Micro_.F1 =2 = -
Zi:l pi + 15 (17) Lero x Micro_Precision + Micro_Recall’
1 m
Macro_Precision = — Z PR;, (18)
= Macro_Precision x Macro_Recall
Macro_F1:2><M Precision + M Recall’
Recall = - i -, (19) acro_Precision acro_Reca
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Table 2. Optimal Hyperparameter Values

Optimization Hyperparameters Range Previous Value Optimal Value
Algorithm
DeepForestNet  Learning Rate [0.0001 — 0.005] 0.001 0.00093765
+ PSO (Apple)
Dropout Rate 0.1-0.4 0.2 0.25684264
Decay Rate 0.7-10.99 0.9 0.93268459
Number of Neurons (n1, [1024, 512, 256, 16] to [1536, 768, 256, 64] [1949, 588, 475, 43]
n2, n3, n4) [2048, 1024, 512, 256]
DeepForestNet  Learning Rate [0.0001 — 0.005] 0.001 0.00063789
+ PSO (Corn)
Dropout Rate 0.1-0.4 0.2 0.27589623
Decay Rate 0.7-0.99 0.9 0.96854263
Number of Neurons (n1, [1024, 512, 256, 16] to [1536, 768, 256, 64] [1113, 566, 452, 246]
n2, n3, n4) [2048, 1024, 512, 256]
DeepForestNet  Learning Rate [0.0001 — 0.005] 0.001 0.00127689
+ GWO (Apple)
Dropout Rate 0.1-0.4 0.2 0.23758612
Decay Rate 0.7-0.99 0.9 0.94126584
Number of Neurons (n1, [1024, 512, 256, 16] to [1536, 768, 256, 64] [1245, 650, 432, 126]
n2, n3, n4) [2048, 1024, 512, 256]
DeepForestNet  Learning Rate [0.0001 — 0.005] 0.001 0.00058902
+ GWO (Corn)
Dropout Rate 0.1-0.4 0.2 0.28569134
Decay Rate 0.7-0.99 0.9 0. 96125698
Number of Neurons (n1, [1024, 512, 256, 16] to [1536, 768, 256, 64] [2009, 977, 358, 100]
n2, n3, n4) [2048, 1024, 512, 256]
DeepForestNet  Learning Rate [0.0001 — 0.005] 0.001 0.00090217
+IGWO (Apple)
Dropout Rate 0.1-0.4 0.2 0.26892543
Decay Rate 0.7-0.99 0.9 0.93658725
Number of Neurons (n1, [1024, 512, 256, 16] to [1536, 768, 256, 64] [1366, 938, 400, 247]
n2, n3, n4) [2048, 1024, 512, 256]
DeepForestNet  Learning Rate [0.0001 — 0.005] 0.001 0.00061253
+ IGWO (Corn)
Dropout Rate 0.1-0.4 0.2 0.27589623
Decay Rate 0.7-0.99 0.9 0.95486312

Number of Neurons (n1,
n2, n3, n4)

[1024, 512, 256, 16] to
[2048, 1024, 512, 256]

[1536, 768, 256, 64]

[1918, 720, 260, 177]

MobileNetV2 on the apple and corn datasets are

(25) shown in Figs 6 and 7.

MOC — p.q—1.5 ’
Vi+r)p+s)(g+r)(g+s)
Kapo = “ER I T,

C
L=7 yelog(je)- (27)
c=1

4.2 Performance Analysis

This section presents the results obtained from
the implemented models. The training and val-
idation loss and accuracy of DenseNet201 and
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The confusion matrix, along with the accuracy
and loss graph over epochs for the DeepForestNet
model, is illustrated in Figs 8, 9, and 10.

A comparison of performance results between
standard DL models and DeepForestNet is shown
in Fig. 11, where DeepForestNet demonstrates
superior performance.

The detailed performance of all models is pro-
vided in Table 3, which highlights the effectiveness
of DeepForestNet across both datasets.
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Table 3. Classification Performance of DL Models (in %)

Dataset Model Accuracy Macro Micro Macro Micro Macro F1 Micro F1 MCC Kappa
Preci- Preci- Recall Recall Score Score
sion sion
DenseNet201 93.15 93.61 93.15 92.65 93.15 92.83 93.15 92.61 92.57
Apple Leaf MobileNetV2 92.32 91.89 92.32 92.32 92.32 91.65 92.32 91.67 91.66
DenseNet201+ 94.15 94.03 94.15 93.69 94.15 93.82 94.15 93.667 93.66
MobileNetVv2
DeepForestNet 95.35 94.95 95.35 94.77 95.35 94.78 95.35 94.96 94.95
DenseNet201 94.75 93.21 94.75 92.68 94.75 92.92 94.75 92.83 92.82
Corn Leaf MobileNetV2 93.00 92.51 93.00 89.76 93.00 90.73 93.00 90.50 90.38
DenseNet201+ 94.91 95.5 94.91 92.91 94.91 93.18 94.91 93.04 93.03
MobileNetV2
DeepForestNet 95.23 93.92 95.23 93.33 95.23 93.6 95.23 93.48 93.47

fraining and Validation Lo

1o =0 o an =0
Epochs

fraining and Validation Loss=

Training and Validation Accuracy

1o

Training and Validation Accuracy

(b) MobileNetV2

Fig. 6. Validation and Training Accuracy and Loss over Epochs with the Apple Leaf Dataset

4.2.1 Simulation Results of PSO-driven
DeepForestNet Model

The confusion matrices using the apple and corn
leaf dataset are shown in Fig. 12. Table 4 show
the PSO-driven DeepForestNet of all the experi-
mental parameter results. This table shows that
PSO-driven DeepForestNet using the corn dataset
displays better results with 96.06%.

4.2.2 Simulation Results of GWO-driven
DeepForestNet Model

Confusion matrices of this model using both
datasets are illustrated in Fig. 13. Table 5 rep-
resents the experimental results. It shows that

GWO-driven DeepForestNet using the corn dataset
achieves better overall performance, with an accu-
racy of 96.44%.

4.2.3 Simulation Results of IGWO-driven
DeepForestNet Model

The confusion matrices for IGWO-driven Deep-
ForestNet are shown in Fig. 14.

The apple dataset shows fewer severe misclassi-
fications overall.

The validation and training accuracy and loss
graphs for the apple and corn datasets are shown
in Figs 15and 17.
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Fig. 7. Validation and Training Accuracy and Loss over Epochs using Corn Leaf Dataset

Table 4. Results of PSO-driven DeepForestNet on Apple and Corn Leaf Datasets (in %)

Dataset Accuracy Macro Micro Macro Micro MacroF1 Micro F1 MCC Kappa
Preci- Preci- Recall Recall Score Score
sion sion
Apple Leaf  95.86 95.61 95.86 95.49 95.86 95.51 95.86 95.52 95.51
Corn Leaf 96.06 96.22 96.06 93.53 96.06 94.52 96.06 94.75 94.59
Table 5. Results of GWO-driven DeepForestNet on Apple and Corn Leaf Datasets (in %)
Dataset Accuracy Macro Micro Macro Micro Macro F1  Micro F1 MCC Kappa
Preci- Preci- Recall Recall Score Score
sion sion
Apple Leaf  96.21 96.10 96.21 95.86 96.21 95.91 96.21 95.897 95.892
Corn Leaf 96.44 96.52 96.44 94.22 94.44 95.1 96.44 95.25 95.11

Table 6. Results of IGWO-Driven DeepForestNet on Apple and Corn Leaf Datasets (in %).

Dataset Accuracy Macro Micro Macro Micro Macro F1 Micro F1 MCC Kappa
Preci- Preci- Recall Recall Score Score
sion sion
Apple Leaf  97.59 97.39 97.59 97.37 97.59 97.37 97.59 97.389 97.386
Corn Leaf 97.19 97.14 97.19 95.59 97.19 96.23 97.19 96.25 96.15

Table 6 illustrate the experimental results of
IGWO-driven DeepForestNet on apple and corn
datasets.

he apple dataset with this proposed model shows
superior results with an accuracy of 97.59%.

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 515-535
doi: 10.13053/CyS-30-1-6010

4.3 Convergence Analysis

The objective is to achieve the minimum possible
misclassification rate. The convergence graphs for
models concerning the apple leaf and corn leaf
datasets are presented in Fig. 18.
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Table 7. Statistical Analysis of Classification Accuracy and Average Running Time (mins) for All Models on Both Datasets

Models Apple Leaf Dataset Corn Leaf Dataset
Min Max Avg Std Time Min Max Avg Std Time
(mins) (mins)
DenseNet201 87.07 93.67 93.15 2412 20.34 88.71 9489 9475 2360 17.53
MobileNetV2 86.24 92.84 9232 1.622 2241 86.96 9328 93.00 1.577 18.02
DenseNet201 + 88.17 94.67 94.15 1515 1752 88.87 9495 9491 1.445 1436
MobileNetV2

DeepForestNet 89.37 9542 9535 1356 14.32 89.19 9533 9523 1.390 11.45
DeepForestNet + 88.69 96.38 9586 1.302 10.43 90.02 96.89 96.06 1.299 8.98

PSO
DeepForestNet + 90.03 96.73 96.21 1.151 8.29 90.40 97.22 96.44 1.147 6.87
GWO
DeepForestNet + 91.15 98.07 97.59 0.998 5.09 91.01 98.02 97.19 1.027 4.97
IGWO

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 515-535
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Fig. 13. Confusion Matrices of GWO-Driven DeepForestNet on both the Datasets

The IGWO-driven DeepForestNet model
achieves a faster convergence rate than the other
models on both datasets.

4.4 Statistical Analysis

Max is computed by Eq. (28).
Max. = max f. (28)

1<i<t,,

Where f indicates the accuracy:
Min is computed by Eq. (29):

Min. = min f;. (29)

1<i<tm,

Avg of f. f is computed by Eq. (30):
tm’ .
AVg. _ Zi:l(fl) . (30)

tm

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 515-535
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Table 8. Performance Comparison Using Wilcoxon Rank Analysis
Models Apple Dataset Corn Dataset
P-Value Sig. diff P-Value Sig._diff
DenseNet201 0.0149 ++ 0.0156 ++
MobileNetV2 0.0078 ++ 0.0065 ++
DenseNet201 + MobileNetV2 0.0191 ++ 0.0233 ==
DeepForestNet 0.0696 == 0.0821
DeepForestNet + PSO 0.1736 = 0.1988
DeepForestNet + GWO 0.4057 == 0.3643 ==

The Std evaluated by Eq. (31):

(31)

S \/ S (i — Mean)?
N-—-1
The statistical evaluation includes Maximum
(Max), Minimum (Min), Average (Avg), Standard
Deviation (Std), and Avg Running Time (in minutes)
[32]. Table 7 presents the comparative analysis of
model accuracies.

4.5 Wilcoxon Signed Rank Test

This paper presents a comparative analysis of
model misclassification rates using the Wilcoxon

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 515-535
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signed-rank test at a 0.05 significance level, with
results summarized in Table 8.

The symbols ’++, '—’, and ’==" denote cases
where the IGWO-driven DeepForestNet performs
significantly better, significantly worse, or shows
no significant difference compared to other models,
respectively.

As shown in Table 8, IGWO-driven DeepForest-
Net generally outperforms the other models across
both datasets, with a few cases indicating compara-
ble performance.
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Fig. 17. Accuracy and Loss over Epochs for IGWO-driven DeepForestNet on the Corn Leaf Dataset

4.6 Discussion and Comparison driven DeepForestNet achieved 97.59% accuracy,
97.39% macro_precision, 97.59% micro_precision,

Fig. 19 (a) and (b) illustrate the detailed perfor- 97.37% macro_recall, 97.59% micro_recall, 97.37%

mance metrics for Apple leaves, where IGWO-

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 515-535
doi: 10.13053/CyS-30-1-6010
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Fig. 19. PSO-driven DeepForestNet vs. GWO-driven DeepForestNet vs. IGWO-driven DeepForestNet on Apple Leaf

Dataset

macro_F1, 97.59% micro_F1, 97.389% MCC, and
97.386% Kappa.

Similarly, Fig. 20 (a) and (b) show results for corn
leaves, with IGWO-driven DeepForestNet obtaining
97.19% accuracy, 97.14% macro_precision, 97.19%
micro_precision, 95.59% macro_recall, 97.19% mi-
cro_recall, 96.23% macro_F1, 97.19% micro_F1,
96.25% MCC, and 96.15% Kappa.

Comparative analysis demonstrates that IGWO-
driven DeepForestNet outperforms other models in
all metrics. In the past five years, limited research
has explored apple and corn leaf disease detection

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 515-535
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using DL models with metaheuristic-based hyper-
parameter tuning.

Therefore, prior studies were selected for bench-
marking. Table 9 highlights the superiority of the
proposed IGWO-driven DeepForestNet over state-
of-the-art methods for both datasets.

5 Conclusion

This study proposed the IGWO-driven DeepForest-
Net model for multiclass classification of apple and
corn leaf diseases. IGWO, GWO, and PSO were
employed for hyperparameter tuning, with IGWO
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Dataset

and GWO outperforming PSO. The IGWO-driven
DeepForestNet achieved the highest classification
accuracy of 97.59% on the apple leaf dataset and
97.19% on the corn leaf dataset, outperforming
other models. Statistical and computational ana-
lyzes confirmed the effectiveness of the model for
the practical detection of plant disease.

The future recommendation will focus on ex-
panding the applicability of the model to other
plant species and disease data sets to evaluate
its generalizability. Additionally, recently proposed
metaheuristic algorithms will be explored for hy-
perparameter tuning and compared with IGWO
to further enhance classification accuracy. The
model will also be integrated into a real-time plant
health recommender system to enable early dis-
ease diagnosis and provide actionable treatment
recommendations for farmers.
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