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Abstract

Plant diseases threaten agricultural productivity, and automated image analysis can support early identification of visible disease symptoms. This
study introduces HybOptic-CNN, a convolutional neural network (CNN) whose learning rate and batch size are selected using a hybrid Whale
Optimization Algorithm-Grey Wolf Optimizer (WOA-GWO). Nine disease classes were selected from the 22-class CCMT field-image dataset,
and 152 local farm leaf images were collected in Enugu State, Nigeria. Of the local images, 122 (80.3%) were added to the model-development
data for training and validation, whereas 30 (19.7%) formed an independent Nigerian hold-out set excluded from augmentation, class balancing,
early stopping, validation, and hyperparameter selection. Across 10 model-development runs, the optimized model achieved 96.8 + 0.4% mean
validation accuracy, 95.2 + 0.5% macro-precision, 94.9 + 0.6% macro-recall, and 95.0 + 0.5% macro-F1, compared with 90.3 + 0.9% validation
accuracy and 86.3 + 1.2% macro-F1 for the baseline. The optimized model improved mean validation accuracy by 6.5 percentage points and
converged 14.6 epochs earlier. On the independent 30-image Nigerian hold-out, HybOptic-CNN achieved 93.3% accuracy and 93.1% macro-F1
across four represented disease classes. A web application integrating the trained classifier was also demonstrated. These results support improved
model-development performance through hybrid hyperparameter selection and motivate broader multi-location field evaluation.
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1. Introduction to food security and rural livelihoods. Cassava, maize, rice,
) ] ) o yam, and tomato are some of the major crops prone to dif-
Agriculture is one of the core foundations of Nigeria’s econ-  ferent kinds of plant diseases associated with fungi, bacteria,

omy, as it provides employment and contributes substantially  yjryges, and pests [1]. Nigeria’s tropical climate can exacerbate
these diseases; high humidity and temperature variations create
favourable conditions for pathogen proliferation. Early and ac-
curate plant disease detection is therefore critical for preventing
large crop-yield losses and sustaining agricultural productivity
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[2].

Manual visual observation by farmers or agricultural exten-
sion officers remains a conventional method of plant disease
detection in Nigeria. Although useful in some instances, sub-
jectivity, slow diagnosis, and the limited availability of experts
in rural communities restrict its application, particularly across
vast farmlands [3]. Moreover, disease identification can be diffi-
cult because of variations in lighting conditions, leaf morphol-
ogy, and disease presentation [4]. These constraints highlight
the need for automated and intelligent systems capable of pro-
viding timely and dependable disease detection across varied
agricultural settings [5].

Recent developments in deep learning, particularly convo-
lutional neural networks (CNNs), have been highly successful
in image classification, including plant disease detection [6].
CNNs can automatically learn hierarchical features from leaf
images, including edges, textures, and lesion patterns, and can
classify healthy and diseased crops [7]. Nonetheless, CNN
models depend strongly on effective hyperparameter settings,
such as learning rate, number of layers, kernel size, and dropout
rate [8]. Traditional optimization methods, such as grid search
or manual tuning, are computationally costly and may fail to
identify optimal configurations within a complex search space
[9].

To address these limitations, this study combines a CNN
with a hybrid Whale Optimization Algorithm and Grey Wolf
Optimizer (WOA-GWO) [10-12]. WOA contributes global
exploration of the hyperparameter search space, while GWO
strengthens exploitation around promising candidate solu-
tions. The hybrid procedure is used to improve the model-
development configuration with respect to validation loss, clas-
sification performance, and convergence behaviour. The inclu-
sion of locally collected Nigerian field images further enables
assessment under environmental variations that differ from the
principal CCMT data source.

This work makes five main contributions. It develops and
evaluates the HybOptic-CNN framework for nine-class plant
disease classification using field-acquired CCMT images sup-
plemented by locally collected Nigerian images; applies a hy-
brid WOA-GWO procedure to select key training hyperparam-
eters using validation loss as the optimization objective, thereby
reducing reliance on manual trial-and-error tuning; incorpo-
rates locally collected Nigerian field images into model devel-
opment while retaining an independent local hold-out subset
to assess transfer under variations in illumination, background,
occlusion, and disease presentation; demonstrates functional
software integration through a web-based plant disease clas-
sification application; and provides a repeated-run comparison
between the baseline CNN and the WOA-GWO-optimized con-
figuration, complemented by an independent Nigerian hold-out
assessment.

2. Related works

Recent research has shown substantial progress in deep-
learning-based systems for plant disease detection. Reddy et

al. [13] designed a portable mobile tool to identify plant dis-
ease and its severity through a custom PyTorch CNN and clas-
sical image processing. Trained on the PlantVillage dataset, the
model achieved 92.06% test accuracy, with per-class precision,
recall, and Fl-scores exceeding 85% across 39 categories. In
addition to classification, the paper evaluated disease severity
using an OpenCV and NumPy pipeline to measure the ratio of
diseased area to total leaf area and provide interpretable per-
centage results. The system was implemented as a React Native
application with a Flask backend, providing real-time predic-
tions and Grad-CAM images in approximately 1-2 s. Similarly,
Kennedy and Chelladurai [14] implemented a MobileNet-based
web diagnostic system achieving approximately 95% accuracy
and integrating confidence thresholds and interactive feedback
to enhance reliability. Jothilakshmi and Sharanesh [6] further
extended disease detection to autonomous rover-based moni-
toring, where InceptionResNetV2 achieved 95.24% accuracy,
demonstrating the applicability of CNN models in large-scale
agricultural settings.

Several studies have focused on efficient and accurate
model architectures. Ashurov ef al. [2] enhanced Mo-
bileNetV2 using depth-wise separable convolutions, Squeeze-
and-Excitation (SE) blocks, and residual connections, achiev-
ing 98% accuracy and an F1-score of 98.2% with a lightweight
8.5 MB model suitable for real-time deployment. Karuna
et al. [15] compared VGG16, VGG19, GoogleNet, and
DenseNet201, with DenseNet201 achieving 99.17% validation
accuracy and 98.82% test accuracy. Chandrasekaran et al. [16]
applied transfer learning with ResNet on the New Plant Dis-
eases Dataset containing more than 87,000 images, achieving
99.3% accuracy and outperforming CNN, MobileNet, and Ef-
ficientNet architectures. Sujatha et al. [17] combined CNN
feature extractors with SVM and kNN classifiers, achieving up
to 99.1% accuracy on certain datasets, although performance
varied with crop complexity. These studies indicate that deeper
architectural developments and hybrid CNN—machine-learning
models can improve classification robustness.

Extensive reviews also indicate broader trends and issues
in the field. Wang et al. [18] pointed out that deep-learning
approaches, including classification, detection, segmentation,
and transfer learning, are more effective than conventional di-
agnostic methods, although generalisation and computational
cost remain challenges. In a review of 278 papers, Upadhyay
et al. [19] indicated that multimodal imaging methods, such
as RGB, multispectral, and hyperspectral sensing, may be im-
portant for future applications because deep-learning models
consistently outperform conventional machine-learning mod-
els. Having analysed 160 studies, Pacal et al. [20] found that
classification is well developed, but further research on detec-
tion, severity estimation, and segmentation is needed. Shoaib
et al. [21] also reported that classification accuracies frequently
exceed 95%, yet challenges such as environmental variability,
limited datasets, and computational constraints persist.

Architectures beyond traditional CNNs have also been pro-
posed. Borhani er al. [22] explored the use of a Vision
Transformer (ViT) and reported an Fl-score of 0.9877 on the
PlantVillage dataset using fewer parameters than CNN-based
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models, although inference was slower. Rodriguez-Lira et
al. [23] observed that residual architectures remain prominent,
while MobileNet-type networks are attractive for edge-oriented
applications. Isinkaye et al. [24] stressed the importance of
combining deep learning and content-based filtering systems to
offer treatment suggestions in addition to disease detection. Is-
lam et al. [25] introduced PlantCareNet, achieving up to 97%
accuracy across multiple datasets and demonstrating adaptabil-
ity to region-specific agricultural conditions, although visually
similar diseases remained challenging. Important gaps there-
fore remain in hyperparameter selection, field-image transfer,
and locally contextualized evaluation. These gaps motivate the
present HybOptic-CNN study and its combination of repeated
validation analysis with an independent Nigerian field-image
hold-out.

3. Research methodology

This study adopted a quantitative experimental design
to develop and evaluate the proposed HybOptic-CNN for a
nine-class plant disease classification problem. The model-
development data comprised the selected CCMT field images
supplemented by 122 of the 152 locally collected Nigerian im-
ages. The Nigerian images were divided 122:30 (80.3%:19.7%)
into model-development and independent hold-out subsets, re-
spectively. The 30-image Nigerian hold-out was excluded from
all model-development activities, including fitting, validation,
augmentation, class balancing, early stopping, and WOA-GWO
optimization, until final evaluation of the selected model. Par-
titioning was performed before study-specific data augmenta-
tion to prevent variants of the same original image from ap-
pearing in different partitions. The CNN was trained using
the Adam optimizer and cross-entropy loss, while WOA-GWO
tuned the learning rate and batch size according to the lowest
validation loss. Model-development performance was evalu-
ated using accuracy, macro-precision, macro-recall, macro-F1,
convergence, and class-wise metrics across repeated runs. The
selected model was then evaluated separately on the Nigerian
hold-out before software deployment.

3.1. Data collection

In this study, the Crop Pest and Disease Detection (CCMT)
dataset was used as the principal image source. The published
dataset contains 24,881 raw images and 102,976 augmented im-
ages of cashew, cassava, maize, and tomato collected under var-
ied field conditions in Ghana, with 22 original classes [26]. The
original class distribution and study inclusion are shown in Ta-
ble 1.

Of the 22 original CCMT categories, nine disease categories
comprising 11,712 original images were selected for the clas-
sification experiment. The 13 excluded categories comprised
healthy classes, pest classes, and disease categories outside the
defined nine-class classification scope.

The original classes are Cashew (Anthracnose, Gummosis,
Healthy, Leaf Miner, and Red Rust); Cassava (Bacterial Blight,
Brown Spot, Green Mite, Healthy, and Mosaic); Maize (Fall

Armyworm, Grasshopper, Healthy, Leaf Beetle, Leaf Blight,
Leaf Spot, and Streak Virus); and Tomato (Healthy, Leaf Blight,
Leaf Curl, Septoria Leaf Spot, and Verticillium Wilt). Nine dis-
ease classes were retained for the present classification task:
Cashew Anthracnose, Cashew Gummosis, Cashew Red Rust,
Cassava Bacterial Blight, Cassava Mosaic, Maize Leaf Blight,
Maize Streak Virus, Tomato Leaf Blight, and Tomato Verti-
cillium Wilt. The remaining 13 classes, comprising healthy
categories, pest categories, and disease categories outside the
defined nine-class scope, were excluded. The CCMT source
reports raw crop totals of 6,549 cashew, 7,508 cassava, 5,389
maize, and 5,435 tomato images.

To increase local contextual relevance, 152 additional leaf
images were collected from farms in Ngwo, Udi LGA, Enugu
State, Nigeria, covering Cassava Mosaic, Cassava Bacterial
Blight, Maize Leaf Blight, and Tomato Leaf Blight. The Nige-
rian collection was divided at the original-image level using the
approximately 80:20 allocation reported in the study: 122 im-
ages (80.3%) formed the local model-development subset and
were incorporated into the training/validation workflow, while
30 images (19.7%) were reserved as an independent Nigerian
hold-out set. The hold-out images were excluded from model
fitting, validation-based early stopping, WOA-GWO hyperpa-
rameter selection, oversampling, and augmentation. The local-
image distribution is summarized in Table 2.

The Nigerian field-image collection was partitioned at the
original-image level before augmentation. The 122-image de-
velopment subset was incorporated into the training/validation
workflow, while the 30-image hold-out was kept completely
separate until completion of model selection. All images were
resized so that the shorter side equalled 224 pixels while pre-
serving aspect ratio, centre-cropped to 224 x 224 pixels, and
normalized to [0, 1]. Figure 1 presents examples of the Nige-
rian disease images used in the study.

3.2. Data preprocessing

All CCMT and Nigerian images were processed using a
consistent pipeline. Partition assignment was performed at the
original-image level before any study-specific augmentation so
that augmented variants of a source image remained within the
same partition. For the Nigerian collection, 122 images be-
longed to the model-development pool and followed the same
training/validation procedure as the CCMT development data,
while the 30-image Nigerian hold-out remained completely
separate.

Random rotations, horizontal and vertical flips, zoom,
brightness adjustment, and shearing were applied only to train-
ing images. Validation images and Nigerian hold-out images
received only deterministic resizing, centre cropping, and nor-
malization. Pixel values were normalized to [0, 1]. Class im-
balance was addressed within the training data using oversam-
pling and class-weighted loss; neither procedure was applied
to validation or hold-out images. The resulting data were or-
ganized into the nine retained disease classes and loaded into
PyTorch Datal.oaders for model development, repeated vali-
dation analysis, and final hold-out evaluation. Accordingly,
augmentation, oversampling, class-weight adjustment, model
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Table 1: Original CCMT class distribution and study inclusion.

Crop Original CCMT class Raw images Study status
Cashew Anthracnose 1,729 Retained
Cashew Gummosis 392 Retained
Cashew Healthy 1,368 Excluded
Cashew Leaf Miner 1,378 Excluded
Cashew Red Rust 1,682 Retained
Cassava Bacterial Blight 2,614 Retained
Cassava Brown Spot 1,481 Excluded
Cassava Green Mite 1,015 Excluded
Cassava Healthy 1,193 Excluded
Cassava Mosaic 1,205 Retained
Maize Fall Armyworm 285 Excluded
Maize Grasshopper 673 Excluded
Maize Healthy 208 Excluded
Maize Leaf Beetle 948 Excluded
Maize Leaf Blight 1,006 Retained
Maize Leaf Spot 1,259 Excluded
Maize Streak Virus 1,010 Retained
Tomato Healthy 500 Excluded
Tomato Leaf Blight 1,301 Retained
Tomato Leaf Curl 518 Excluded
Tomato Septoria Leaf Spot 2,343 Excluded
Tomato Verticillium Wilt 773 Retained
Total 22 classes 24,881 9 retained; 13 excluded

Table 2: Distribution of locally collected Nigerian images.

Dataset component Number of images Percentage Experimental role
Model-development subset 122 80.3% Training/validation workflow
Independent Nigerian 30 19.7% Final post-selection field
hold-out evaluation

Total 152 100.0% —

L

(a) Cassava Mosaic (b) Maize Leaf Blight (c) Tomato Leaf Blight

Figure 1: Samples from the collected dataset.

fitting, early stopping, and hyperparameter selection were re- 3.3. The CNN architecture
stricted to the model-development data and were not applied to The CNN was designed to learn discriminative visual fea-

the 30 Nigerian hold-out images. tures from RGB leaf images resized to 224 x 224 x 3. The fea-
ture extractor comprises four convolutional blocks with 32, 64,
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128, and 256 filters, respectively, using 3 X 3 kernels. Each con-
volution is followed by ReLU activation, batch normalization,
2 X 2 max pooling, and dropout. The fixed convolutional-block
dropout schedule is 0.30, 0.30, 0.40, and 0.50 for Blocks 1-
4, respectively. These architectural settings were held constant
in the baseline and optimized models so that the comparison
isolates the effect of the reported WOA-GWO-selected training
hyperparameters.

After the final convolutional block, the feature maps are flat-
tened and passed through fully connected layers of 128 and 64
neurons. Both dense layers use ReLU activation and a fixed
dropout rate of 0.40. The output layer contains nine neurons
corresponding to the nine retained disease classes. During train-
ing, PyTorch CrossEntropyLoss is computed directly from the
output logits; softmax is applied only during inference to obtain
class probabilities. In the revised specification, filter counts,
kernel size, dropout schedule, and the maximum epoch cap are
fixed architectural/training settings. The WOA-GWO search is
therefore described only for the training hyperparameters that
differ between the baseline and optimized configurations, prin-
cipally learning rate and batch size.

Filter counts, kernel size, dropout schedule, fully connected
dimensions, and the maximum epoch cap were fixed for both
configurations. WOA-GWO selected only the learning rate and
batch size.

3.4. Hybrid WOA-GWO hyperparameter optimization

The Hybrid Whale Optimization Algorithm and Grey Wolf
Optimizer (WOA-GWO) was used to select training hyperpa-
rameters for the fixed CNN architecture. In the revised spec-
ification, the search concerns the learning rate and batch size,
while the filter configuration, 3 X 3 kernel size, layer-specific
dropout schedule, and maximum epoch cap are treated as fixed
design choices. Each candidate solution therefore represents
a candidate learning-rate/batch-size configuration. Validation
cross-entropy loss is used consistently as the fitness function,
with lower validation loss indicating a better candidate. The
WOA component promotes global exploration of the search
space, whereas the GWO component promotes exploitation
around high-performing candidate solutions [10-12].

X = [, B]. ()

In Eq. (1), n denotes the learning rate and B denotes the
batch size. Each candidate solution in the population therefore
represents one learning-rate/batch-size configuration. The ob-
jective (fitness) function is presented in Eq. (2).

f(X) = Validation loss. 2)

Lower f(X) indicates better performance.

The GWO simulates grey wolves’ hunting strategy and so-
cial hierarchy: alpha (@), beta (8), delta (9), and omega (w).
Equation (3) presents the position-update model as

D, =|Cy - X, — Xil,
Dg =|Co- X5 - Xi|, 3)
Ds =1C5- X5 - Xil.

Then, the new position of agent X; is obtained by averaging
the influences of the three leaders using Eq. (4):

1
X(t+1)= §(Xa - A -D, +X,3_A2 Dﬁ

4)
+ X5 —As - D(;)
The coefficients A and C are defined in Eq. (5):
A=2a-r —a, C=2n. (®)]

Here, X,, X, and X; are the position vectors of the best
three solutions (the «, 3, and 6 wolves) at the current iteration;
X; is the position vector of the ith candidate solution (the w
wolf); A}, Ay, and As are coefficient vectors calculated using
Eq. (5) for each leader; and C;, C;, and C5 are random co-
efficient vectors calculated using Eq. (5) for each leader. The
control parameter a decreases linearly from 2 to O over the it-
erations and is computed as @ = 2 — 2t/ty.x, Where ¢ is the
current iteration and ., is the maximum number of iterations.
The vectors r| and r, are drawn from a uniform distribution on
[0, 1], that is, rj, 5 ~ U(O, 1).

The purpose of the GWO component is to exploit the best-
known solutions found so far while guiding the population to-
ward promising regions of the search space. As the parameter a
decreases, the algorithm transitions from global exploration to
local exploitation.

WOA simulates humpback whales’ bubble-net feeding us-
ing encircling-prey and spiral-updating models, as shown in
Egs. (6) and (7), respectively.

D=IX"-X|, X(+1)=X -A-D. ©)

Xit+ 1) =D - cos2nl) + X*. (7

Here, X* is the best solution found so far, b is the logarith-
mic spiral constant, [ ~ U(—1, 1), and A decreases linearly from
2 to 0. This component encourages global exploration and helps
avoid premature convergence.

The hybrid WOA-GWO optimization procedure is summa-
rized in Algorithm 1.

The WOA-GWO optimization used a population of 10 can-
didate solutions and 15 iterative update cycles. The initial pop-
ulation required 10 fitness evaluations, followed by 150 evalua-
tions across the 15 optimization iterations. Thus, the complete
search required 160 candidate-model evaluations, calculated as
10+ (10x 15). Each candidate evaluation used a fixed 10-epoch
training budget, and validation cross-entropy loss was used con-
sistently as the fitness criterion.

3.5. The HybOptic-CNN model

The HybOptic-CNN is the fixed CNN architecture trained
using the WOA-GWO-selected training configuration. The
optimization objective is validation loss; therefore, the opti-
mization should be interpreted as targeting predictive model-
development performance rather than computational efficiency.
The architecture contains four convolutional feature-extraction
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Algorithm 1: Hybrid WOA-GWO hyperparameter optimization pseudocode.

Component Specification

Input CNN model architecture

Search variables Learning rate € [0.0001, 0.0010]; batch size B € {16, 32, 64, 128}

Population size, N 10

Maximum iterations, MaxIter 15

WOA/GWO switching 0.50

probability, p

Fitness-evaluation training 10 epochs per candidate solution

budget

Random-seed procedure Seed 42 was used for WOA-GWO population initialization and candidate fitness

evaluation. The subsequent repeated baseline and optimized training runs were
independently initialized and were not deliberately paired.

Fitness function Validation cross-entropy loss; lower values indicate better fitness
Output Optimized hyperparameter vector X* = [n*, B*]
Procedure 1. Initialize population {X; | i = 1, ..., N}, where N = 10, within the learning-rate range

[0.0001, 0.0010] and batch-size set {16, 32, 64, 128}.

2. Evaluate fitness f(X;) for each candidate by training the CNN for 10 epochs and
computing validation cross-entropy loss.

3. Identify X* as the candidate with the lowest validation loss.

4. Fort=1,...,15, update each candidate. Draw r uniformly from [0, 1]. If r < 0.50,
update X; using the WOA encircling/spiral rule; otherwise, update X; using the GWO
alpha, beta, and delta leaders. Project the learning rate to [0.0001, 0.0010] and map the
batch size to the nearest valid value in {16, 32, 64, 128}. Re-evaluate the candidate by
training for 10 epochs, compute the validation cross-entropy loss, and update X* if the
candidate improves the fitness. Decrease a linearly from 2 to O over the 15 iterations.

Return X* =[0.0007,64] as the selected training-hyperparameter configuration.
Convolutional Base (Feature Extraction) Fully Connected Layers (Classification)
Conv Block 2 Conv Block 3 Conv Block 4 Output Layer
64 Filters 128 Filters 256 Filters Flatten FC Layer1 FC Layer2 9 Neurons
Input 3¢3 Kemel 3+3 Kemel 343 Kenel 128 Neurons 64 Neurons (SoftMax)
RGB Leaf Image T
224x224x3 = y . . .
. . @ Y Class 1
= : ' ! O - clss3
= | oz 30 Conv2D (64, 3:3) Conv2D (128, 3x3) Conv2D (256, 3¢3) ® o o iy = @
i + ¥ + O @ O @ - cosso
ReLU RelU RelU RelU
ki it + + Dense (128
224x224x3 Botch Horrelza e et U DR D 4( j Dans:(ﬂﬂl] Dm:m
+ M M M RelU RelU Softhax
Max Pooling (2x2) Max Pooling (2x2) Max Pooling (2<2) Max Pooling (2x2) T -
¥ * ¥ v Dropout (0.4) Dropout (0.4)
Dropout (0.3) Dropout (0.3) Dropout (0.4) Dropout (0.5) Multi-class
Classification
1125112532 56+56x64 26x26%128 14x14x256 {9 Classes)
Hyperparameter Optimization Training Configuration - Evaluation Sc ope
Search Variables: a Optimizer: Adam Optimized By
H . Hybrid WOA-GWO -
ybrid WOA-GWO . Le t Predictive performance
- arning rate » o Loss Function:
(thlz OpTTfaén: A!gor;tnm « Batch size | Categorical Cross-Entropy ? + @ and convergence were
rey Wolf Optimizer) .
Architecture fixed @ Activation: ReLU (hidden layers) evaluated in Colab.
SoftMax (output layer) Edge benchmarking: future work
Convolution ReLU Activation Batch Normalization Max Pooling Dropout Flatten  [_] Fully Connected All Convolutions use 3x3 kemels with stride 1 and 'same’ padding.
Figure 2: Architecture of the HybOptic-CNN model.
blocks, max-pooling operations, two fully connected layers, and a nine-class output layer, as summarized in Figure 2.
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The HybOptic-CNN in Figure 2 accepts RGB leaf images
of 224 x 224 x 3 pixels and uses four convolutional blocks
with 32, 64, 128, and 256 filters and 3 X 3 kernels. The fixed
dropout values are 0.30, 0.30, 0.40, and 0.50 across convolu-
tional Blocks 1-4, followed by fully connected layers of 128
and 64 neurons with dropout 0.40 after each dense layer. The
final layer outputs nine logits, with softmax used at inference.
In the reported comparison, the architecture is held constant
while WOA-GWO selects the learning rate and batch size.

This configuration combines CNN-based feature learning
with metaheuristic selection of training hyperparameters. Its
performance is evaluated against the manually configured base-
line in Section 4 using repeated validation runs, followed by a
supplementary assessment on the independent 30-image Nige-
rian hold-out. The web implementation demonstrates software-
level applicability, while broader multi-location field testing
and hardware-specific efficiency benchmarking are left for sub-
sequent deployment studies.

3.6. System implementation

The HybOptic-CNN was implemented in Python using Py-
Torch and trained in Google Colab with GPU acceleration. Im-
age preprocessing included resizing, centre cropping, normal-
ization, and training-only augmentation. Adam optimization
and cross-entropy loss were used, with early stopping based
on validation loss. Accuracy, macro-precision, macro-recall,
macro-F1, and per-class metrics were used for the repeated val-
idation comparison of the baseline and optimized configura-
tions.

The 30 Nigerian hold-out images were not used during
model fitting, validation, early stopping, augmentation, or
WOA-GWO selection. After the optimized configuration had
been selected, the final model was fixed and evaluated sep-
arately on the Nigerian hold-out using only resizing, centre
cropping, and normalization. The trained classifier was sub-
sequently integrated into a web-based application to demon-
strate functional software integration. Hardware-specific quan-
tities such as optimized-model training time, WOA-GWO
search cost, parameter count, model size, FLOPs, inference la-
tency, memory consumption, and smartphone/edge-device per-
formance were outside the present evaluation.

4. Experimental results and discussion

The proposed HybOptic-CNN was compared with a non-
optimized baseline CNN on the same nine-class classification
task. The two configurations use the same underlying architec-
ture and differ in the reported training hyperparameters. The
analysis distinguishes single-run descriptive results from the
10-run mean =+ standard deviation validation results. Validation
loss was used for WOA-GWO selection, so Tables 4—7 quan-
tify model-development performance. A separate 30-image
Nigerian hold-out, excluded from all model-development pro-
cedures, was retained for supplementary local-field assessment
after the final configuration had been fixed.

4.1. Training protocols

For the baseline non-optimized CNN protocol, the baseline
model used the fixed CNN architecture described in Section
3.3 and the same model-development dataset and data parti-
tions used for the optimized configuration. It was trained using
Adam with learning rate = 0.001, batch size = 32, convolu-
tional dropout values of 0.30, 0.30, 0.40, and 0.50, fully con-
nected dropout values of 0.40 and 0.40, and a maximum epoch
cap of 75. Early stopping was based on validation loss. No
WOA-GWO hyperparameter selection was applied.

For the optimized HybOptic-CNN protocol, the optimized
model retained the identical architecture, development dataset,
preprocessing procedure, and data partitions but used the
WOA-GWO-selected learning rate of 0.0007 and batch size of
64. Validation cross-entropy loss was the optimization objec-
tive. Filters, kernel size, layer-specific dropout values, fully
connected dimensions, and the 75-epoch maximum were fixed
and were not optimized. The baseline and optimized settings
are summarized in Table 3.

4.2. Performance of the non-optimized CNN

The non-optimized CNN was trained using the same
model-development dataset as the optimized HybOptic-CNN,
comprising the nine retained CCMT disease classes supple-
mented with the 122 Nigerian images assigned to the model-
development pool. Identical training/validation partitions and
preprocessing procedures were maintained for both configura-
tions so that the comparison reflected differences in training hy-
perparameters rather than differences in data composition. Fig-
ure 3 presents the training and validation behaviour of the base-
line model.

Figure 3 shows that the non-optimized CNN learned the
nine-class task, with the single-run validation accuracy reach-
ing 90.5% by epoch 75. Training and validation losses declined
during optimization, although the widening separation between
training and validation curves after approximately epoch 20
suggests mild overfitting. Table 4 summarizes this single-run
baseline validation performance. These values provide the
model-development reference against which the WOA-GWO-
optimized configuration is compared; the independent Nigerian
hold-out is treated separately in Section 4.4.

Table 4 results indicate that the non-optimized CNN
achieved moderate predictive performance, with macro-
averaged precision, recall, and Fl-score computed directly
from the nine per-class values reported in Table 5. The macro-
average F1-score of 86.5% reflects the simple arithmetic mean
across all nine disease classes, giving each class equal weight
regardless of sample size. Lower performance was observed
in visually challenging and under-represented classes such as
Cashew Red Rust (F1 = 82.5%) and Maize Leaf Blight (F1
= 84.8%), indicating sensitivity to class imbalance and subtle
symptom patterns. These findings establish the baseline against
which the optimized model is compared.

The Fl-scores obtained from the non-optimized CNN
ranged from 82.5% to 89.1% in the displayed single run, re-
flecting uneven validation performance across the nine disease
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Table 3: Selected hyperparameters for the optimized HybOptic-CNN.

Hyperparameter Baseline Optimized (WOA-GWO)
Learning rate 0.001 0.0007 (selected)
Batch size 32 64 (selected)
Filters (Blocks 1-4) 32, 64, 128, 256 32, 64, 128, 256 (fixed)
Kernel size 3x3 3 x 3 (fixed)
Conv-block dropout 0.30, 0.30, 0.40, 0.50 Same (fixed)
FC-layer dropout 0.40, 0.40 Same (fixed)
Maximum epochs 75 75 (fixed cap)
Training and Validation Accuracy Training and Validation Loss
92 4 =&~ Training Accuracy =&~ Training Loss
~@— Validation Accuracy —@— Validation Loss
90 0.6
88
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5 861
g 0.4
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Figure 3: Training and validation accuracy and loss for the non-optimized CNN.

Table 4: Overall performance metrics for the non-optimized
CNN.

Metric Non-optimized CNN
Training accuracy (%) 92.1
Validation accuracy (%) 90.5
Macro-average precision (%) 86.9
Macro-average recall (%) 86.1
Macro-average F1-score (%) 86.5
Convergence epoch 75

Training time (GPU h) 3.2

classes. Cashew Red Rust and Maize Leaf Blight recorded the
lowest F1-scores, suggesting that these classes were more dif-
ficult for the baseline configuration under the available data.
These baseline validation results provide the reference point
for assessing whether WOA-GWO selection improves accu-
racy, macro-level class balance, and convergence behaviour.
The independent Nigerian field-image assessment is reported
separately in Section 4.4 so that model-development validation
and local hold-out evaluation remain clearly distinguished.

4.3. Performance of the HybOptic-CNN

The HybOptic-CNN was evaluated on the same nine-class
validation task as the baseline. The optimized configuration
reached higher validation performance and earlier convergence
in the reported runs. Figure 4 presents the single-run learning
curves, whereas the repeated-run comparison is summarized
separately in Table 6.

The optimized CNN demonstrated improved validation
learning dynamics, reaching near-maximum validation accu-
racy earlier than the baseline in the displayed single-run curves.
For the repeated-run analysis, 10 baseline runs and 10 opti-
mized runs are summarized as mean =+ standard deviation. The
two sets of repeated runs were analysed as independent groups
using Welch’s two-sample #-test (n = 10 per group). The op-
timized model achieved 96.8 + 0.4% validation accuracy and
95.0 + 0.5% macro-F1, compared with 90.3 + 0.9% and 86.3
+ 1.2% for the baseline. The corresponding Welch tests indi-
cate very large between-group differences (validation accuracy:
t =20.87,df = 12.42, p = 4.79 x 10~'!; macro-F1: t = 21.16,
df = 12.03, p = 6.88 x 107!"). The standardized effect sizes are
interpreted together with the absolute percentage-point changes
reported in Table 6.

For the repeated-run comparison, 10 baseline runs and 10
optimized runs were summarized as mean + standard deviation.
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Table 5: Single-run per-class validation metrics for the non-optimized CNN.

Crop Disease class Precision (%) Recall (%) F1-score (%)
Cashew Anthracnose 88.5 87.9 88.2
Cashew Gummosis 86.2 85.6 85.9
Cashew Red Rust 83.1 81.9 82.5
Cassava Bacterial Blight 89.5 88.7 89.1
Cassava Mosaic 88.0 87.2 87.6
Maize Leaf Blight 85.3 84.3 84.8
Maize Streak Virus 86.7 86.0 86.3
Tomato Leaf Blight 88.8 88.2 88.5
Tomato Verticillium 85.8 85.0 854
Wilt
o Training vs Validation Accuracy Training vs Validation Loss
—&— Training Accuracy ™ —&— Training Loss
Validation Accuracy % =M=~ Validation Loss
5 0.40
94 0.35
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_ 92
% 5 025
5 90 S
4 0.20
88
0.15
86,
0.10 1
B84
0.05
1 20 30 40 50 60 10 20 30 40 50 60
Epoch Epoch
Figure 4: Training and validation accuracy and loss for the optimized CNN model.
Table 6: Repeated-run overall performance metrics.
Metric Baseline (mean + HybOptic-CNN (mean Welch ¢ (df) p-value Cohen’s d
SD) + SD)
Validation 90.3 +£0.9 96.8 +0.4 20.87 (12.42) 479 x 10~ 9.33
accuracy (%)
Macro-avg 86.7+1.1 952 +0.5 22.25(12.57) 1.80 x 10~1 9.95
precision (%)
Macro-avg recall 859+13 94.9 + 0.6 19.88 (12.67) 6.28 x 1071 8.89
(%)
Macro-avg 86.3+1.2 95.0+0.5 21.16 (12.03) 6.88 x 107! 9.46
Fl1-score (%)
Convergence 742 +1.5 59.6 +1.8 -19.70 (17.43) 2.34 x 10713 -8.81
epoch

The runs were treated as independent groups rather than delib-
erately matched pairs; consequently, Welch’s two-sample #-test
was used (n = 10 per group). The optimized model achieved
96.8 + 0.4% validation accuracy and 95.0 = 0.5% macro-F1,
compared with 90.3 + 0.9% and 86.3 + 1.2%, respectively, for

the baseline. Welch’s test indicated a substantial difference in
validation accuracy (¢t = 20.87, df = 12.42, p = 4.79 x 10711,
Cohen’s d = 9.33) and macro-F1 (+ = 21.16, df = 12.03,
p = 6.88 x 107! Cohen’s d = 9.46). Full statistical results
are presented in Table 6.
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Table 7 presents class-wise metrics from a representative
optimized run, whereas Table 6 presents the primary 10-run
mean + standard deviation comparison. Accordingly, the arith-
metic macro averages obtained from the class-wise values in
Table 7 should not be interpreted as the repeated-run perfor-
mance values reported in Table 6.

The single-run per-class results in Table 7 show higher val-
ues than the baseline table across all nine evaluated disease cat-
egories, including Cashew Red Rust, whose F1-score increased
from 82.5% in the baseline single run to 92.3% in the opti-
mized single run. All nine optimized single-run F1-scores ex-
ceeded 92%. These findings indicate improved class-wise val-
idation performance under the experimental conditions consid-
ered. The independent Nigerian hold-out provides an additional
local-field assessment for the four disease classes represented in
the Nigerian collection, while broader geographical and nine-
class field generalization would require a larger multi-location
hold-out dataset.

4.4. Independent Nigerian hold-out assessment

The Nigerian hold-out consisted of 30 field images repre-
senting Cassava Mosaic, Cassava Bacterial Blight, Maize Leaf
Blight, and Tomato Leaf Blight. These images were excluded
from training, validation, augmentation, early stopping, class
balancing, and WOA-GWO hyperparameter selection. After
model selection, the fixed HybOptic-CNN was evaluated on
the hold-out using only resizing, centre cropping, and normal-
ization. As shown in Table 8, the model correctly classified
28 of the 30 images, achieving 93.3% accuracy, 93.3% macro-
precision, 93.3% macro-recall, and 93.1% macro-F1. The result
was slightly below the 96.8 + 0.4% mean validation accuracy,
indicating good transfer to locally collected Nigerian field im-
ages.

The final HybOptic-CNN was evaluated on the indepen-
dent Nigerian hold-out comprising 30 field images across Cas-
sava Bacterial Blight, Cassava Mosaic, Maize Leaf Blight, and
Tomato Leaf Blight. The model correctly classified 28 of the 30
images, corresponding to an overall accuracy of 93.3%. Macro-
precision and macro-recall were both 93.3%, while the macro-
F1 score was 93.1%. The confusion matrix showed perfect clas-
sification of the eight Cassava Bacterial Blight images and the
seven Tomato Leaf Blight images, while one Cassava Mosaic
image was classified as Maize Leaf Blight and one Maize Leaf
Blight image was classified as Tomato Leaf Blight. These re-
sults indicate that the optimized model maintained strong clas-
sification performance on locally acquired Nigerian field im-
ages that were excluded from model development.

4.5. Software integration testing results

To demonstrate functional software integration of the pro-
posed HybOptic-CNN, the trained classifier was incorporated
into a web-based plant disease classification application. The
interface allows a user to upload a plant-leaf image, after which
the backend applies the model preprocessing pipeline and re-
turns the predicted disease class together with the model’s soft-
max output probability. Figures 5-8 illustrate example outputs
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Model Confidence: 100.0%

Figure 5: Tomato Verticillium Wilt classification result.

/@ HybOptic-CNN

Hybrid WOA-GWO Optimized CNN - Real-time Plant Disease Detection for Nigerian Crops

HybOptic-CNN ready « Real-time inferenc

& Upload Leaf Image B Detection Results

Click or drag & drop your leaf photo
PG« PNG - Max 8MB - Suppors Cassave, Maize, Cashew

Maize Streak Virus
Model Confidence: 100.0%

Q. Detect Disease

Figure 6: Maize Streak Virus classification result.

for Tomato Verticillium Wilt, Maize Streak Virus, Cassava Bac-
terial Blight, and Cashew Anthracnose. These demonstrations
establish software integration only; they are not measurements
of on-device computational efficiency or real-time edge perfor-
mance.

Figures 5-8 illustrate the software workflow for four exam-
ple images. The interface returned Tomato Verticillium Wilt,
Maize Streak Virus, Cassava Bacterial Blight, and Cashew An-
thracnose for the respective examples and displayed the associ-
ated softmax output values. These examples demonstrate that
the trained classifier was successfully connected to the web in-
terface; they are illustrative application outputs rather than an
independent accuracy or latency benchmark.

For each case above, the model assigned a high softmax
probability to the predicted class. These values are raw soft-
max outputs from the final layer and are presented as model
confidence scores within the application interface; probability
calibration was not separately performed. Figures 5-8 there-
fore demonstrate the end-to-end software workflow rather than
an accuracy or hardware benchmark. Dedicated measurements
of inference latency, memory use, energy consumption, FLOPs,
and model size are reserved for deployment-focused evaluation.
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Table 7: Single-run per-class validation metrics for the optimized HybOptic-CNN.

Crop Disease class Precision (%) Recall (%) F1-score (%)
Cashew Anthracnose 95.8 95.5 95.6
Cashew Gummosis 95.0 94.6 94.8
Cashew Red Rust 92.5 92.1 92.3
Cassava Bacterial Blight 96.7 96.3 96.5
Cassava Mosaic 95.9 95.7 95.8
Maize Leaf Blight 95.1 94.7 94.9
Maize Streak Virus 95.9 95.3 95.6
Tomato Leaf Blight 96.3 95.9 96.1
Tomato Verticillium 94.8 94.2 94.5
Wilt

Table 8: Model performance on the independent Nigerian hold-
out set.

Metric Result
Number of images 30
Represented disease classes 4
Accuracy (%) 93.3
Macro-precision (%) 93.3
Macro-recall (%) 93.3
Macro-F1 (%) 93.1

@ HybOptic-CNN
Hybrid WOA-GWO Optimized CNN - Real-time Plant tection for Nigerian Crops
HybOptic-CNN ready « Real-ti

& Upload Leaf Image @ Detection Results

Click or drag & drop your leaf photo
1PG « PNG + Max BMB - Supparts Cassavs, Maize, Cashew, Tomata

Cassava Bacterial Blight
Meadel Confidence: 100.0%

High Severity

Figure 7: Cassava Bacterial Blight classification result.

4.6. Study limitations

Several limitations should be considered when interpreting
the findings. First, the independent Nigerian hold-out con-
tains 30 images and represents four of the nine target disease
classes; it therefore provides a focused local-field transfer as-
sessment rather than a complete nine-class or nationwide Nige-
rian benchmark. Second, the Nigerian images were collected
from a single local area, and broader evaluation across multiple
agro-ecological zones, seasons, crop varieties, disease stages,
and imaging devices would strengthen external validity.
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Figure 8: Cashew Anthracnose classification result.

Third, the web application demonstrates functional soft-
ware integration, whereas computational efficiency on smart-
phones and edge hardware requires dedicated measurement of
model size, FLOPs, latency, memory use, and energy consump-
tion. Finally, exact replication of the optimization experiment
should be supported by the class-wise split manifest and the
numerical WOA-GWO run-control settings included with the
implementation code.

5. Conclusion and recommendations

This study introduced HybOptic-CNN, a CNN framework
in which WOA-GWO hybrid optimization was used to train
a nine-class plant disease classifier. During the 10-run re-
peated experiment, the optimized setting achieved 96.8 + 0.4%
validation accuracy, 95.2 + 0.5% macro-precision, 94.9 =+
0.6% macro-recall, and 95.0 £ 0.5% macro-F1. The baseline
achieved 90.3 = 0.9% validation accuracy and 86.3 + 1.2%
macro-F1. Therefore, the optimized setting improved the mean
validation accuracy by 6.5 percentage points (relative: +7.2%)
and reduced the mean convergence epoch by 14.6 epochs (from
74.2 £ 1.5 to 59.6 + 1.8 epochs). The single-run analysis with
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class-wise performance also demonstrated that the optimized
setting was superior across all nine considered classes.

Apart from the 10-run repeated validation analysis, 30 out
of 152 local Nigerian field images were held out during training
and used once the final model was selected. Independent test re-
sults on the 30-image Nigerian hold-out set achieved 93.3% ac-
curacy and 93.1% macro-F1. This demonstrated that the final
local model achieved good performance across the four cate-
gories of field images. The web application suggests that the
model can be deployed in a web-based interactive user inter-
face. To generalize the results to Nigerian field images, a sim-
ilar independent-test design should be considered across loca-
tions, seasons, crops, cameras, and all nine target classes. Fu-
ture work could benchmark the final model in terms of the num-
ber of FLOPs, inference time, memory footprint, and power
consumption to assess its feasibility for on-device deployment.

5.1. Recommendations

Based on the results of this study, future work should eval-
uate HybOptic-CNN on smartphones and resource-constrained
edge platforms and report model size, parameter count, FLOPs,
inference latency, memory consumption, and energy require-
ments before real-time on-device operation is claimed. Future
studies should also extend the present independent hold-out
design using larger datasets collected from multiple Nigerian
locations, seasons, crop varieties, disease stages, imaging de-
vices, and environmental conditions, with adequate representa-
tion of all nine target disease classes. In addition, future im-
plementations should preserve the separation between model-
development and independent field-test data and should pub-
lish the class-wise split manifest, random seeds, WOA-GWO
numerical settings, and evaluation code so that the reported pro-
cedure can be reproduced and extended.
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