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ABSTRACT

Potato leaf diseases represent a persistent threat to global food security, demanding diagnostic systems that are 
not only accurate but also computationally efficient and deployable in resource-constrained agricultural 
environments. This study introduces a unified framework that integrates the Feature Tokenizer Transformer 
(FT-Transformer) with the Improved iHOW Optimization Algorithm, a metaheuristic designed for simultaneous 
feature selection and hyperparameter tuning. The FT-Transformer alone provides a competitive baseline, 
achieving 81.61% accuracy and an F1-score of 81.45%. Incorporating iHOW-based feature selection raises 
accuracy to 90.90% while reducing redundancy and enhancing precision, recall, and generalization. A final stage 
of iHOW-guided hyperparameter optimization further improves performance to 98.35% accuracy and 98.33% 
F1-score, outperforming all comparative metaheuristic variants. Beyond predictive gains, the optimized model 
demonstrates strong efficiency, requiring only 12.45 s of training time and 256.8 MB of memory. Taken together, 
these results establish iHOW+FT-Transformer as a scalable, interpretable, and resource-conscious solution for 
real-time plant disease classification. The proposed pipeline advances the state of precision agriculture by 
enabling robust, low-overhead crop monitoring systems adaptable to diverse and low-resource farming contexts.

Keywords: Potato Disease Detection FT-Transformer iHOW Optimization Feature Selection Hyperparameter
Tuning Precision Agriculture

1. INTRODUCTION

The global demand for sustainable and intelligent agriculture
has intensified in recent years, driven by climate change, pop-
ulation growth, and the urgent need to safeguard food security.
Among the most persistent threats to agricultural productiv-
ity are crop diseases, which reduce both yield quantity and
quality and cause significant economic and social disrup-
tion—particularly in regions with limited access to timely
diagnostic resources [1, 2]. Potatoes (Solanum tuberosum),

a major staple crop worldwide, are especially vulnerable to
diverse bacterial and fungal infections that can trigger severe
losses if not detected and managed promptly [3].

Effective disease control depends on early-stage diagnosis
and targeted intervention. Conventional diagnostic practices,
often based on manual inspection by trained experts, are con-
strained by scalability, speed, and consistency [4]. These
limitations are magnified in large-scale farms and resource-
constrained rural settings where expert access is scarce. To
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address these challenges, agricultural research has increas-
ingly turned to digital and data-driven approaches. Within
this shift, artificial intelligence (AI)—and particularly ma-
chine learning (ML) and deep learning (DL)—has become
central to developing automated, reliable systems for plant
disease detection [5, 6].

ML-based methods enable scalable classification of crop dis-
eases from image data, extracting visual cues such as lesion
shape, discoloration, and textural anomalies [7]. Compared
with rule-based approaches, ML models improve sensitivity
and specificity, reduce human labor demands, and integrate
seamlessly into precision agriculture pipelines. Furthermore,
deployment on edge devices (e.g., smartphones or embedded
sensors) makes these solutions adaptable to real-world farm-
ing environments, including those with limited computational
resources [8].

Recent advances in transformer architectures have reshaped
AI, with early breakthroughs in natural language processing
and subsequent extensions into computer vision [9]. Their
attention mechanisms enable the capture of long-range de-
pendencies and contextual interactions—properties that have
proven effective for heterogeneous and structured data. The
Feature Tokenizer Transformer (FT-Transformer) [10] is one
such architecture, designed to process heterogeneous features
via tokenization and attention. Its ability to integrate dense
encodings with interpretable attention pathways makes it a
promising backbone for agricultural disease classification
[11].

Nonetheless, applying transformers to plant disease detec-
tion introduces challenges. High-resolution images yield
high-dimensional feature spaces, where many features are ir-
relevant or redundant, increasing computational cost and over-
fitting risk [12]. Field-acquired datasets often contain noise
from lighting variation, occlusion, and background clutter,
further complicating feature extraction [13]. Moreover, trans-
former performance is highly sensitive to hyperparameters
such as learning rate, embedding dimensions, and dropout,
making careful tuning essential [14]. Suboptimal configura-
tion can degrade convergence and generalization, particularly
with imbalanced or small datasets.

To address these issues, effective pipelines must integrate
dimensionality reduction, noise handling, and robust opti-
mization. Feature selection reduces redundancy by isolating
informative attributes, while hyperparameter optimization
calibrates model behavior for maximal performance. Meta-
heuristic algorithms are particularly suitable for these tasks,
offering flexibility and strong search capabilities in complex,
non-convex spaces without requiring gradient information
[15, 16].

In this work, we present an integrated pipeline combining
the FT-Transformer with the Improved Hybrid Optimization
Wrapper (iHOW). Unlike approaches that treat feature selec-
tion and hyperparameter tuning separately, iHOW enables
both within a single optimization procedure. This joint strat-
egy yields compact, discriminative feature sets while simulta-
neously calibrating transformer hyperparameters, enhancing
accuracy, reducing computational cost, and improving robust-
ness to unseen data.

The objectives of this study are threefold: (1) to establish the

FT-Transformer baseline performance on a curated dataset
of potato leaf diseases; (2) to enhance this baseline through
joint feature selection and hyperparameter optimization with
iHOW; and (3) to benchmark the proposed pipeline against
a broad suite of contemporary machine learning models and
metaheuristic optimizers. The overall aim is to deliver a reli-
able, scalable, and resource-efficient solution for AI-driven
plant disease diagnostics, directly supporting precision agri-
culture and sustainable farming practices.

Contributions

The key contributions of this work are as follows:

• We formalize a unified classification procedure that in-
tegrates the FT-Transformer with the iHOW optimiza-
tion algorithm to jointly address feature redundancy and
hyperparameter calibration in agricultural disease detec-
tion.

• iHOW is applied in a dual capacity: (i) as a binary
feature selector to eliminate redundant visual descrip-
tors and (ii) as a continuous optimizer to tune FT-
Transformer hyperparameters. This synergy enables
compact feature representations and robust generaliza-
tion.

• We implement a structured preprocessing pipeline to
improve image quality, reduce noise, and manage class
imbalance, thereby supporting consistent model perfor-
mance.

• We benchmark the iHOW + FT-Transformer pipeline
against diverse baselines, including attention-based, tree-
inspired, and hybrid deep learning architectures, as well
as alternative optimization strategies.

• The evaluation covers multiple stages—baseline classifi-
cation, feature selection refinement, hyperparameter op-
timization, and computational profiling—demonstrating
adaptability and efficiency under realistic constraints.

• The proposed pipeline is designed with deployment in
mind, offering a practical solution for real-time disease
monitoring in low-resource agricultural settings.

The remainder of this paper is organized as follows: Sec-
tion 2 reviews related work on transformer-based models,
metaheuristic optimization, and agricultural disease diagno-
sis. Section 3 describes the dataset, preprocessing, model
architectures, and the iHOW framework. Section 4 outlines
the evaluation metrics, Section 5 presents the results, and
Section 6 discusses findings on optimization impacts and de-
ployment implications. Section 7 concludes the study and
highlights directions for future work.

2. RELATED WORK

Research on potato leaf disease detection has advanced
rapidly with the adoption of machine learning (ML) and deep
learning (DL) methods. This review organizes prior work
into four thematic categories: (1) classical and hybrid ML
approaches, (2) optimized convolutional architectures, (3) ad-
vanced hybrid deep learning frameworks, and (4) studies em-
phasizing model efficiency, segmentation, and interpretability.
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Together, these categories illustrate the steady progression
from handcrafted features to highly optimized deep models.

2.1 Machine Learning Techniques and Feature Optimiza-
tion

Recent work in crop disease detection has also explored repre-
sentation learning beyond conventional supervised pipelines.
Paul et al. [17] applied self-supervised contrastive learning to
potato leaf disease classification, demonstrating the value of
learned visual representations when labeled data are limited.

2.2 Optimized Deep Learning Architectures

Recent studies increasingly employ convolutional neural net-
works (CNNs) optimized for efficiency and performance.
Reis and Turk [18] proposed MDSCIRNet, which combines
depthwise separable convolutions with transformer-based at-
tention for potato leaf disease detection. Nazir et al. [19]
introduced EfficientPNet, an EfficientNet-V2 variant aug-
mented with spatial-channel attention and transfer learning,
achieving 98.12% accuracy on PlantVillage images. Simi-
larly, Pandiri et al. [20] developed POT-Net, a CNN tuned via
the Whale Optimization Algorithm (WOA), reaching 99.12%
accuracy. These studies demonstrate how metaheuristics and
architectural modifications can yield state-of-the-art perfor-
mance.

2.3 Advanced and Hybrid Deep Learning Frameworks

More complex frameworks have been proposed to improve
transferability across potato disease classes. Lanjewar et
al. [21] investigated modified transfer-learning frameworks
for potato leaf disease identification, emphasizing efficient
reuse of pretrained visual representations. Mahum et al. [22]
extended DenseNet for multi-disease classification, incorpo-
rating reweighted loss functions to address class imbalance
and achieving 97.2%. Kumar and Patel [23] proposed a
hierarchical deep CNN combined with Intuitionistic Fuzzy
Local Binary Patterns (IFLBP), improving sensitivity and
specificity over conventional baselines. These approaches un-
derscore the potential of hybrid and hierarchical frameworks
in handling diverse agricultural scenarios.

2.4 Model Efficiency, Segmentation, and Interpretability

Several studies have prioritized robustness under real-world
conditions. Li et al. [24] introduced a three-stage system com-
bining instance segmentation (Mask R-CNN), classification
(VGG16, ResNet50, InceptionV3), and semantic segmenta-
tion (UNet, PSPNet, DeepLabV3+). This pipeline achieved
high pixel-level accuracy while handling background noise.
Restrepo-Arias et al. [25] employed Bayesian optimization to
train compact CNNs (MobileNet, SqueezeNet) for low-power
IoT settings, achieving accuracies around 96%. Although
focused on mango leaves, Mohapatra et al. [26] demonstrated
the adaptability of hybrid metaheuristics (Cat Swarm Opti-
mization and Black Widow Optimization) for CNN enhance-
ment, providing insights transferable to potato disease con-
texts.

2.5 Synthesis

Overall, the literature shows a consistent trend toward op-
timized and hybrid DL architectures, often enhanced with
metaheuristic algorithms or attention mechanisms. These

strategies have improved classification accuracy and gener-
alizability, laying the groundwork for real-time, resource-
conscious disease detection systems. Table 1 summarizes
representative contributions, highlighting diversity in models,
optimization strategies, and reported performance.

2.6 Research Gap and Our Contribution

Despite these advances, several gaps remain in the literature.
First, optimization is often fragmented: feature selection and
hyperparameter tuning are treated separately, typically via
grid search or simple evolutionary strategies. This separation
limits scalability and overlooks the benefits of joint optimiza-
tion, particularly for high-capacity architectures such as trans-
formers. Second, existing work is dominated by CNN-based
pipelines, which, though effective, rely on local receptive
fields and fixed kernels. Their limited ability to model long-
range dependencies restricts performance on complex leaf
disease patterns. In contrast, transformer architectures—well
established in tabular and multimodal domains—are largely
unexplored in this application area.

Third, computational efficiency remains underreported. Al-
though some studies propose lightweight models, few sys-
tematically benchmark metrics such as training time, memory
usage, or processor load. These measures are critical for
real-world deployment in edge or low-resource environments.
Finally, data preprocessing pipelines are inconsistently docu-
mented, hindering reproducibility and raising concerns about
data quality control.

To address these gaps, this study introduces a unified classi-
fication pipeline that integrates the FT-Transformer with the
Improved iHOW Optimization Algorithm. Unlike disjointed
strategies, iHOW performs both feature selection and hyper-
parameter tuning in a single framework, yielding compact
feature sets and well-calibrated models. Our contributions
extend beyond predictive accuracy: we explicitly evaluate
computational efficiency, apply a structured preprocessing
workflow, and benchmark against state-of-the-art baselines.
In doing so, we provide a robust and scalable solution tai-
lored for precision agriculture and real-time plant disease
monitoring.

3. MATERIALS AND METHODS

This section provides an overview of the sequential stages that
structure the entire study, from data acquisition to deployment.
The framework emphasizes the integration of preprocessing,
model optimization, and efficiency profiling to guarantee that
performance improvements are both statistically valid and
practically deployable.

Figure 1 presents the complete workflow, which is divided
into five logically connected modules. The process begins
with data preprocessing and stratified dataset partitioning,
ensuring balanced class representation. This is followed by
the joint optimization stage, where the improved Human
Learning Optimization Wrapper (iHOW) performs both fea-
ture selection and hyperparameter tuning. The subsequent
modules handle model training, evaluation, and deployment,
integrating accuracy and computational metrics to achieve a
compact and efficient configuration suitable for agricultural
edge computing. The inclusion of deployment and inference
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Table 1. Representative approaches for potato leaf disease detection and classification

Study Model Type Key Techniques Dataset Accuracy (%)

Paul et al. [17] Self-supervised learning Contrastive representa-
tion learning

Potato leaf images –

Reis and Turk [18] CNN–Transformer Depthwise separable con-
volution, attention

Potato leaf images –

Nazir et al. [19] EfficientNet-V2 Attention, transfer learn-
ing

PlantVillage (10,800 im-
ages)

98.12

Pandiri et al. [20] CNN (POT-Net) Whale Optimization Al-
gorithm (WOA)

Phenotyping dataset 99.12

Lanjewar et al. [21] Transfer learning Modified pretrained CNN
frameworks

Potato leaf images –

Mahum et al. [22] DenseNet-201 (enhanced) Reweighted loss, multi-
disease classification

PlantVillage + custom
classes (3852 images)

97.2

Kumar & Patel [23] HDLCNN IFLBP, fuzzy descriptors Custom dataset ∼97.5
Li et al. [24] 3-stage DL Segmentation + classifica-

tion pipeline
Real-world images with
clutter

95.3 (Cls.), 97.1
(Seg.)

Restrepo-Arias et al. [25] MobileNet, SqueezeNet Texture features,
Bayesian optimiza-
tion

PlantVillage (85×85 px) 96.3 (MobileNet)

Mohapatra et al. [26] CNN + CSUBW Cat Swarm + Black
Widow optimization

Mango leaf dataset ∼95.1

efficiency explicitly connects research outcomes to practical,
real-world applications such as mobile and UAV-based crop
monitoring.

3.1 Dataset

3.1.1 Dataset Description

The dataset used in this study is the publicly available Potato
Disease Dataset hosted on Kaggle [27, 28], curated by ex-
perts from the Bangladesh Agricultural Research Institute
(BARI). It consists of 451 high-resolution RGB images cate-
gorized into seven classes: six disease types and one healthy
control class. This expert-authenticated dataset ensures both
reliability and domain relevance.

The exact class distribution is shown in Figure 2. Healthy
Potatoes constitute the largest category (80 samples), fol-
lowed by Miscellaneous (74), Common Scab (62), Blackleg
(60), Dry Rot (60), Black Scurf (58), and Pink Rot (57). This
distribution reveals moderate imbalance but avoids severe
scarcity, ensuring that each class contributes meaningfully to
model training and evaluation.

The dataset’s pathological categories—Common Scab, Black-
leg, Dry Rot, Pink Rot, Black Scurf, and Miscella-
neous—capture visually distinct symptom patterns, while
the healthy class provides a reference for non-diseased speci-
mens. Each image is labeled according to expert annotation,
supporting a supervised multiclass classification task.

To promote fair evaluation and generalization, the dataset was
partitioned into training, validation, and test sets using strati-
fied sampling to maintain proportional class representation.
Specifically, an 80-10-10 ratio was adopted, corresponding to
360 images for training, 45 for validation, and 46 for testing.
This split ensures that all classes are consistently represented
across subsets while preserving statistical balance. Through-
out the entire optimization and evaluation pipeline, the test set
was strictly isolated and never used during feature selection
or hyperparameter tuning. All optimization procedures relied
exclusively on the training and validation sets to prevent data
leakage and to guarantee an unbiased estimate of general-
ization performance. This strategy ensures that all classes
are consistently represented across splits, reducing bias and
preventing overfitting.

3.1.2 Data Preprocessing

Given the variability of field-collected imagery, preprocessing
was essential to ensure robustness. The pipeline incorporated
the following stages:

• Resizing and normalization: Images were resized to a
fixed resolution compatible with CNN-based backbones,
and pixel intensities were normalized to a standardized
range to improve convergence.

• Color alignment: All images were converted to RGB
format to ensure consistency with downstream models.

• Data augmentation: To improve generalization, aug-
mentation included random horizontal flips (probability
0.5), rotations up to ±25◦, and brightness adjustments of
±20%. These operations mimic realistic field variations
in orientation and lighting.

• Class balancing: Oversampling and class reweighting
were employed to mitigate class imbalance, ensuring
adequate representation of minority classes during train-
ing.

• ROI focus: Background removal and region-of-interest
(ROI) cropping were used to focus the model on symp-
tomatic areas of the leaves or tubers, reducing back-
ground noise.

• Quality control: Corrupted or low-quality images were
excluded using entropy, brightness, and sharpness fil-
ters. Duplicate detection algorithms were also applied
to remove redundant samples.

3.1.3 Data Analysis

Exploratory data analysis (EDA) was conducted to assess
data quality and structural properties prior to training. Rep-
resentative images from each class are shown in Figure 3,
demonstrating diverse manifestations of disease symptoms
such as lesions, rot, and scabbing, as well as variations in
lighting and background.

To examine inter-class similarity, a cosine similarity heatmap
of feature vectors (Figure 4) revealed strong overlap among
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Figure 1. Overview of the proposed iHOW + FT-Transformer pipeline. The workflow begins with (a) data preprocessing and stratified splitting (80/10/10) of
the Potato Disease Dataset. In stage (b), iHOW performs joint optimization through feature selection (biHOW) and hyperparameter tuning of the

FT-Transformer using only the training and validation subsets. Stage (c) trains the FT-Transformer and baseline models (e.g., SAINT, TabNet, NODE) for
comparative evaluation. Stage (d) conducts comprehensive profiling based on predictive metrics (accuracy, F1-score, recall) and computational indicators (time,
memory, CPU, and inference latency). Finally, stage (e) deploys the best iHOW + FT-Transformer configuration for real-time, low-latency inference on edge

and mobile devices, ensuring scalability and efficiency in agricultural environments.

Figure 2. Distribution of images across disease classes in the Potato Disease
Dataset.

certain diseases such as Dry Rot, Miscellaneous, and Pink
Rot (similarity > 0.94). Conversely, healthy samples showed
markedly lower similarity to diseased classes, validating their
separability.

Dimensionality reduction techniques were applied to visu-
alize feature space distributions. UMAP projections (Fig-

ure 5) highlighted well-separated clusters for healthy leaves,
whereas disease classes showed partial overlaps, underscoring
the complexity of discriminating visually similar conditions.

Complementary t-SNE visualizations of K-Means clusters
(Figure 6) identified three broad groups, capturing latent struc-
tures across classes, though not perfectly aligned with labels.
This highlights the inherent variability and subtlety of visual
disease features.

Finally, Isolation Forest analysis in PCA space (Figure 7)
detected a small number of outliers, often corresponding to
atypical samples with background clutter or poor lighting.
Identifying and filtering such anomalies supports more reli-
able training.

In summary, EDA confirmed moderate class imbalance, par-
tial overlap among disease categories, and the presence of
noisy samples. These findings validated the need for rig-
orous preprocessing and informed the optimization design.
Together, these steps ensured that subsequent experiments
were grounded in high-quality, representative data.
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Figure 3. Representative images from each class of the dataset, including healthy and diseased samples.

3.2 Machine Learning Models

To evaluate the suitability of transformer-based architec-
tures for plant disease classification, we compared the FT-
Transformer against a diverse set of models spanning multiple
paradigms. This benchmarking suite includes convolutional
neural networks (CNNs), decision-tree-inspired differentiable
models, attention-based transformers, and hybrid frameworks.
The objective was to capture a broad performance landscape
and assess how inductive biases across architectures translate
to structured features derived from plant images.

3.2.1 FT-Transformer

The Feature Tokenizer Transformer (FT-Transformer) [10]
is a transformer variant specifically tailored for tabular and
structured data. Its central innovation lies in the feature to-
kenization mechanism, where each input feature is mapped

to an embedding vector and treated as a token. This design
allows the model to leverage multi-head self-attention to cap-
ture inter-feature dependencies that would be overlooked by
traditional feed-forward or tree-based methods.

While originally developed for tabular learning, the FT-
Transformer exhibits strong versatility. Its capacity to model
high-order interactions and contextual relationships makes
it suitable for tasks involving engineered feature sets de-
rived from image preprocessing pipelines. In plant disease
classification, where input features often combine color his-
tograms, textural descriptors, and morphological indices, the
FT-Transformer provides a principled way to integrate hetero-
geneous signals within a unified attention-based framework.
This ability to balance representational flexibility with in-
terpretability renders it a strong backbone for agricultural
diagnostics, particularly when combined with optimization
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Figure 4. Cosine similarity heatmap of class-wise feature vectors.

strategies that address feature redundancy and hyperparame-
ter sensitivity.

3.2.2 Benchmark Models

For comparison, we selected seven widely studied archi-
tectures: SAINT, TabNet, NODE, DeepGBM, xDeepFM,
RETab, and LeNet-5. These models were chosen for their
relevance to structured or image-derived data and for their
empirical success in related domains. Importantly, models
such as SAINT, TabNet, NODE, DeepGBM, xDeepFM, and
RETab were evaluated on the same engineered feature repre-
sentations as the FT-Transformer, while LeNet-5 was applied
directly to raw image inputs, providing a vision-specific base-
line.

SAINT (Self-Attention and Intersample Attention Trans-
former) [29] extends the transformer framework by incor-
porating both column-wise (feature) attention and row-wise
(intersample) attention. This dual mechanism enables the
model to learn dependencies among features as well as cor-
relations between samples, making it effective in scenarios
where structured metadata complements image-derived fea-
tures.

TabNet [30] employs sequential attention to select sparse
subsets of informative features at each decision step. Its
design balances predictive performance with interpretabil-
ity, offering transparency into which attributes drive specific
classifications.

NODE (Neural Oblivious Decision Ensembles) [31] com-
bines the structure of oblivious decision trees with neural
optimization. By stacking differentiable decision trees into
an ensemble, NODE captures hierarchical relationships while
maintaining end-to-end trainability.

DeepGBM [32] integrates gradient boosting decision trees
(GBDT) with neural networks. It includes specialized mod-
ules (CatNN and GBDT2NN) to process categorical and nu-
merical inputs, leveraging the interpretability of GBDT while

benefiting from neural feature abstraction.

xDeepFM (Extreme Deep Factorization Machine) [33] was
designed for recommender systems but is adaptable to struc-
tured agricultural features. It combines a Compressed Interac-
tion Network (CIN) for explicit feature interaction modeling
with a deep neural component for implicit high-order interac-
tions.

RETab is a transformer-based architecture developed for
robustness under noisy or imbalanced conditions. It employs
efficient attention mechanisms and targeted regularization,
making it relevant for agricultural datasets where feature
quality and class balance vary.

LeNet-5 [34] is a classical CNN that, despite its simplicity,
remains an effective baseline for vision-based tasks on small
datasets. Its inclusion provides a reference point for evalu-
ating the relative benefits of tabular transformers and hybrid
optimization approaches.

3.2.3 Summary

This set of models covers a spectrum of inductive biases: from
local spatial filters (LeNet-5) to global attention over feature
tokens (FT-Transformer, SAINT), and from tree-inspired en-
sembles (NODE, DeepGBM) to hybrid interaction models
(xDeepFM). By controlling inputs and evaluation protocols,
this diversity enables a nuanced assessment of strengths and
limitations across paradigms, and establishes a basis for quan-
tifying the advantages of transformer-based classification
enhanced by iHOW optimization.

3.3 Feature Selection and Hyperparameter Optimization

High-dimensional learning tasks, especially those relying
on image-derived features, are often hindered by redun-
dancy, irrelevance, and noise. These issues increase com-
putational burden and can reduce classification accuracy and
interpretability. Feature selection addresses this by isolating
informative attributes, thereby enhancing both efficiency and
predictive power. At the same time, hyperparameter opti-
mization is critical for tailoring architectures such as the FT-
Transformer to task-specific requirements, ensuring robust
generalization across diverse datasets. This section examines
how metaheuristic algorithms, and in particular iHOW, serve
dual roles in (i) reducing dimensionality via feature selec-
tion and (ii) calibrating hyperparameters for maximal model
performance.

3.3.1 iHOW Metaheuristic Optimization

In this study, the Improved Human Learning Optimization
Wrapper (iHOW) is employed as the principal metaheuristic
for both feature selection and hyperparameter tuning. iHOW,
originally proposed by El-Kenawy et al. [35], is inspired
by the human learning process—from data collection and
knowledge acquisition to adaptive decision-making. It was
specifically designed to overcome limitations of traditional
metaheuristics, including premature convergence, stagnation
in local optima, and inefficiency in high-dimensional or mul-
timodal search landscapes.
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Figure 5. UMAP projection of high-dimensional feature embeddings.

Cognitive Design and Mathematical Basis. Each candi-
date solution evolves through distinct phases—data collec-
tion, learning, information processing, knowledge acquisi-
tion, and refinement—mimicking human learning. At itera-
tion t, the position X(t) ∈ Rn is updated according to explo-
ration and exploitation rules governed by adaptive coefficients
{r1,r2, . . . ,r5}. Exploration encourages diverse search trajec-
tories, while accumulated learning progressively shifts the
search toward exploitation. A decaying memory factor K
enables a smooth transition across these phases, ultimately
converging to the global best solution Xbest.

Unified Optimization. Unlike modular approaches that sep-
arate feature selection from hyperparameter tuning, iHOW
integrates both into a joint optimization process. The fitness
function balances predictive error with feature sparsity:

Fitness = α ·Eval +β · |S|
n
, (1)

where Eval is the validation error, |S| the selected subset size,
n the total feature count, and α,β weighting factors. This
design encourages compact, discriminative feature sets along-
side robust hyperparameter calibration.

Comparative Performance. Prior evaluations show that
iHOW surpasses algorithms such as Harris Hawks Optimiza-
tion (HHO), Differential Evolution (DE), and the Sine Co-
sine Algorithm (SCA) [35], delivering improved convergence
stability and reduced computational overhead. In feature se-
lection tasks, biHOW consistently produces smaller, more
informative subsets while sustaining high classification accu-

racy.

In summary, iHOW offers a cognitively inspired, mathemati-
cally grounded framework for solving complex optimization
problems in high-dimensional learning. Its six phases—data
collection, learning, information processing, knowledge ac-
quisition, exploration, and convergence—enable a systematic
balance of diversification and intensification. This makes
it especially effective for noisy, multimodal landscapes. A
simplified procedural overview is provided in Algorithm 1.

3.3.2 Joint Feature Selection and Hyperparameter Tuning
Using iHOW

For discrete optimization tasks such as feature selection,
iHOW is implemented in its binary form (biHOW). Con-
tinuous outputs are mapped to {0,1} using a transfer function
such as the sigmoid:

S(x) =
1

1+ e−x , binary decision:

{
1 if S(x)> r,
0 otherwise,

(2)

where r ∼U (0,1). This mapping enables probabilistic inclu-
sion or exclusion of features according to fitness.

Formally, let x = [x1,x2, . . . ,xn] ∈ {0,1}n represent a candi-
date subset of n features. The objective is to identify x∗ that
minimizes a composite fitness function:

Fitness(x) = α ·Eval(x)+β · ||x||1
n

, (3)

where Eval(x) is the validation error using subset x, ||x||1 is
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Figure 6. t-SNE projection of K-Means clusters across disease categories.

the number of selected features, and α,β control the trade-off
between predictive accuracy and compactness. This process
reduces dimensionality, improves the signal-to-noise ratio,
and enhances generalization. For deep models, where train-
ing cost scales with input size, such reduction also yields
efficiency gains.

Other binary metaheuristics—such as binary Harris Hawks
Optimization (bHHO), binary Moth Flame Optimization
(bMFO), and binary Sine Cosine Algorithm (bSCA)—have
been applied to feature selection. However, their reliance
on fixed stochastic heuristics and less adaptive knowledge
modeling can result in weaker convergence and larger feature
subsets, as shown in comparative studies [35].

Hyperparameter tuning is equally critical for models like the
FT-Transformer, where performance is sensitive to param-
eters such as learning rate η , number of attention layers L,
attention heads H, dropout rate ρ , and batch size B. Let
θ ∈ Rd denote a d-dimensional vector of hyperparameters,
each bounded within feasible ranges. The optimization seeks
the configuration θ

∗ minimizing validation loss:

θ
∗ = argmin

θ
Lval( f (·;θ)), (4)

where f (·;θ) denotes the FT-Transformer parameterized by
θ , and Lval is the validation loss.

This optimization is carried out within a unified framework
that adaptively balances exploration and exploitation. By
leveraging accumulated knowledge, iHOW navigates the hy-
perparameter space more efficiently than exhaustive strategies
such as grid or random search. Unlike gradient-based meth-
ods, which may be unstable in non-differentiable or rugged
spaces, iHOW is derivative-free and capable of handling dis-
crete, continuous, or mixed-type hyperparameters.

3.3.3 Benchmark Optimization Algorithms

To rigorously assess the merits of iHOW, we benchmarked
it against diverse metaheuristics embodying different search
philosophies (e.g., predator–prey dynamics, cosmological
metaphors, and evolutionary propagation). The selected opti-
mizers include:

• HHO (Harris Hawks Optimization): Models the co-
operative hunting strategies of hawks, with strong ex-
ploratory capabilities [36].

• MVO (Multiverse Optimization): Inspired by cosmo-
logical principles of white/black holes and wormholes,
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Figure 7. Outlier detection using Isolation Forest in PCA-reduced feature space.

balancing diversification and intensification [37].

• SBO (Satin Bowerbird Optimizer): Based on mating
rituals of bowerbirds, designed for rapid convergence in
unimodal landscapes [38].

• SCA (Sine Cosine Algorithm): Employs sine and co-
sine operators to alternate between exploration and ex-
ploitation, offering simplicity and low computational
cost [39].

• TSH (Tree-Seed Heuristic): Simulates tree growth and
seed propagation, effective in large-scale continuous
optimization [40].

• SAO (Adaptive Smell Agent Optimization): An adap-
tive variant combining binomial crossover and Linnik-
flight exploration for engineering optimization [41].

• JAYA (Jaya Optimization Algorithm): A parameter-
free method that iteratively drives solutions toward the
best candidate and away from the worst [42].

All algorithms were evaluated under identical experimental
settings to ensure comparability. Performance metrics in-
cluded classification accuracy, feature subset compactness,
hyperparameter configuration quality, and computational
efficiency. Across these dimensions, iHOW consistently
achieved superior or competitive outcomes, supporting its
role as a general-purpose optimizer for machine learning
pipelines.

3.4 Evaluation Metrics

To comprehensively assess the performance of the proposed
framework, two complementary categories of evaluation met-
rics were employed. The first focuses on the predictive qual-
ity of disease classification across multiple classes, while
the second measures the effectiveness and stability of fea-
ture selection and hyperparameter optimization carried out
by metaheuristic algorithms.

3.4.1 Classification Performance

The predictive capability of the FT-Transformer and baseline
models was evaluated in the context of multiclass potato
disease classification using six standard metrics derived from
the confusion matrix. Each entry of the matrix represents the
number of correctly or incorrectly classified samples for a
given class, enabling both per-class and global assessments.

Table 2 summarizes the definitions and formulations of these
metrics. Together, they capture different dimensions of model
behavior: sensitivity to minority classes (recall/TPR), relia-
bility of positive predictions (precision/PPV), the trade-off
between recall and precision (F1-score), and the balance be-
tween overall correct and incorrect classifications (accuracy,
specificity, and NPV). Such metrics are particularly relevant
for agricultural applications, where misclassification of rare
but destructive diseases can lead to disproportionate agro-
nomic and economic consequences.
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Algorithm 1 Proposed iHOW Optimization Algorithm

1: Initialize population size N, learning rates (r1,r2,r3, . . .),
knowledge factor K, and maximum iterations T .

2: Initialize population X = {x1,x2, . . . ,xN} with random
solutions.

3: Set learning parameters and knowledge decay factor.

4: Step 1: Data Collection Phase
5: for each individual xi ∈ X do
6: Collect raw data Di
7: Store data for processing
8: end for

9: Step 2: Learning Phase
10: for each individual xi ∈ X do
11: Perform learning on Di
12: Update learning score LSi using r1,r2,r3
13: Save learning outcome for next iteration
14: end for

15: Step 3: Information Processing
16: for each individual xi ∈ X do
17: Process LSi to extract useful information
18: Generate insights and update local knowledge pool
19: end for

20: Step 4: Knowledge Acquisition
21: for each individual xi ∈ X do
22: Fuse current experience and information
23: Update knowledge score KSi
24: Store updated knowledge state
25: end for

26: Step 5: Exploration and Optimization
27: for t = 1 to T do
28: for each individual xi ∈ X do
29: Explore search space using LSi, KSi, and DSi
30: Compute updated knowledge factor Kt = 2−2·t/T

31: If new solution is better, update xi
32: Update global best solution xbest if needed
33: end for
34: end for

35: Step 6: Convergence
36: if termination condition met then
37: Return xbest as the optimized solution
38: else
39: Continue learning and exploration
40: end if

Table 2. Classification performance metrics used for evaluation

Metric Mathematical Expression

Accuracy
T P+T N

T P+T N +FP+FN
Sensitivity (True Positive Rate,
TPR)

T P
T P+FN

Specificity (True Negative Rate,
TNR)

T N
T N +FP

Positive Predictive Value (PPV)
T P

T P+FP
Negative Predictive Value
(NPV)

T N
T N +FN

F1-Score 2 · PPV ·T PR
PPV +T PR

3.4.2 Feature Selection and Optimization Performance

In addition to classification outcomes, it is essential to evalu-
ate the effectiveness of the optimization stage. Metaheuristic

algorithms such as iHOW are designed not only to reduce
classification error but also to yield compact, stable, and ef-
ficient feature subsets. To capture these properties, several
optimization-oriented metrics were computed, as listed in
Table 3.

Table 3. Feature selection and optimization metrics

Metric Mathematical Expression

Average Error
1
M

M

∑
j=1

(
1
N

N

∑
i=1

MSE(V̂i −Vi)

)
Average Selected Size

1
M

M

∑
j=1

|S j |

Average Fitness
1
M

M

∑
j=1

Fj

Best Fitness min
j∈[1,M]

Fj

Worst Fitness max
j∈[1,M]

Fj

Standard Deviation
(Fitness)

√√√√ 1
M−1

M

∑
j=1

(Fj − F̄)2

Here, M denotes the number of optimization runs, N the num-
ber of validation instances, S j the set of features selected in
the j-th run, and Fj the associated fitness score. Collectively,
these metrics quantify both the reliability of optimization
outcomes (via stability and variance) and their efficiency (via
subset size and error reduction). This dual perspective ensures
that performance is evaluated not only in terms of accuracy,
but also in terms of computational and practical utility for
deployment in real-world agricultural contexts.

4. EXPERIMENTAL RESULTS

4.1 Experimental Setup

This section presents the empirical validation of the proposed
iHOW-enhanced Feature Tokenizer Transformer (iHOW +
FT-Transformer) framework. The experiments were designed
to evaluate performance along four key dimensions: (i) clas-
sification accuracy, (ii) feature selection quality, (iii) hyper-
parameter optimization effectiveness, and (iv) computational
efficiency. At each stage, the framework was benchmarked
against a diverse set of state-of-the-art models and metaheuris-
tic optimizers to ensure comparative rigor and external va-
lidity. Results are reported using the standardized evaluation
metrics defined in Section 3, with the best-performing model
or algorithm highlighted in bold within the result tables for
clarity.

To guarantee fairness in comparison, all baseline mod-
els—including transformer-based, CNN-based, and hybrid
architectures—were trained under identical experimental con-
ditions. This included use of the same preprocessed dataset
(see Section 3.2), standardized training budgets (maximum
epochs, batch size, and early stopping criteria), and uniform
application of data augmentation techniques. Hyperparam-
eter tuning was performed consistently across models, with
each allocated the same optimization budget and constrained
search space. These controls ensured that observed differ-
ences in performance reflected architectural or algorithmic
capabilities rather than experimental bias.

For metaheuristic-based optimization, reproducibility was en-
sured by standardizing initialization and control parameters
across all algorithms. Table 4 lists the parameters employed,
which were selected based on original algorithmic formula-
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tions and validated through prior literature. This preserved 
fidelity to canonical designs while ensuring convergence sta-
bility within the context of image-based disease classification 
tasks.

4.2 Baseline Performance

The first stage of benchmarking evaluates the FT-Transformer 
in its unoptimized form against several established deep learn-
ing and hybrid models. Table 5 summarizes classification 
results for FT-Transformer, SAINT, TabNet, NODE, 
Deep-GBM, xDeepFM, RETab, and LeNet-5 across six 
standard metrics. The FT-Transformer achieves the highest 
scores in accuracy
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Table 4. Metaheuristic algorithm parameters used in experiments

Algorithm Parameter(s) and Value(s)

iHOW r1 = 0.1, r2 = 0.1, r3 = 0.1, r4 = 0.2, r5 = 0.2
HHO Escape energy E ∈ [−1,1], jump strength J ∈ (0,2)
MVO Maximum diffusion level: 1
SBO Control parameters (r2, r3, r4): [0, 1]
SCA Mutation ratio: 0.1, Crossover probability: 0.9
TSH Error-tolerant arc mapping for solution conversion
SAO PID controller tuning: Kp = 14.6265, Ti = 0.0448, Td = 0.0000102553
JAYA Variable range (xi): [−100,100], random numbers (r1, r2): [0,1]

 (0.816), sensitivity (0.811), and F-Score (0.814), demonstrat-
ing its ability to effectively capture complex feature interac-
tions and construct robust representations. Notably, it consis-
tently outperforms other transformer-based models such as 
SAINT and RETab, as well as hybrid architectures like Deep-
GBM and xDeepFM. These findings validate FT-Transformer 
as a strong baseline model and justify its selection as the core 
classifier for further optimization in this work.
Figure 8 provides a stacked bar chart of the six metrics. The 
FT-Transformer clearly emerges as the top performer, achiev-
ing the highest aggregate values across all dimensions. This 
balanced performance underscores its ability not only to max-
imize true positive detection but also to minimize both false 
positives and false negatives, establishing a solid foundation for 
subsequent optimization.

Table 5. Baseline comparison of classification models across six metrics

Models Accuracy Sensitivity (TPR) Specificity (TNR) PPV NPV F-Score

FT-Transformer 0.8161 0.8108 0.8214 0.8182 0.8142 0.8145
SAINT 0.7973 0.7909 0.8036 0.7982 0.7965 0.7945
TabNet 0.7883 0.7818 0.7946 0.7890 0.7876 0.7854
NODE 0.7793 0.7727 0.7857 0.7798 0.7788 0.7763
DeepGBM 0.7703 0.7636 0.7768 0.7706 0.7699 0.7671
xDeepFM 0.7613 0.7545 0.7679 0.7615 0.7611 0.7580
RETab 0.7523 0.7455 0.7589 0.7523 0.7522 0.7489
LeNet-5 0.7432 0.7364 0.7500 0.7431 0.7434 0.7397

Figure 8. Stacked bar chart comparing baseline model performance across six evaluation metrics.
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Figure 9. Histograms with normal distribution curves fitted to each performance metric across models.

Figure 10. Empirical Cumulative Distribution Function (ECDF) plots with mean, median, and ±1 standard deviation bands.
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Figure 9 presents histograms overlaid with fitted normal
curves for each metric, providing insight into distributional
properties across models. Most metrics approximate a normal
distribution, though slight skewness is observed in F-Score
and TPR. These trends highlight variability in how different
architectures balance sensitivity and precision, reinforcing
the importance of robust and consistent model design.

Figure 10 shows ECDF plots for all metrics. The majority
of models cluster near the mean, but the FT-Transformer
consistently exceeds average performance. This visualization
reinforces the earlier finding that FT-Transformer provides a
uniformly stronger baseline across classification metrics.

Figure 11 complements the ECDF by explicitly showing the
number of models falling into different performance ranges.
The FT-Transformer occupies the upper quantiles across all
metrics, reflecting consistent superiority and reinforcing its
reliability as a baseline classifier.

Finally, Figure 12 provides Q–Q plots for each classifica-
tion metric. Most values lie close to the diagonal reference
line, confirming the approximate normality indicated in his-
tograms. This supports the use of parametric statistical tests
in subsequent performance comparisons, while also revealing
that deviations are minor and localized.

In summary, across all evaluation metrics, the FT-Transformer
consistently outperforms competing models, validating its
robustness as a baseline classifier and justifying its role as the
foundation for iHOW-based optimization.

4.3 Feature Selection Comparison

The second experimental stage evaluates the effectiveness
of binary iHOW (biHOW) in selecting informative feature
subsets relative to other binary metaheuristics. Table 6 re-
ports the average classification error, average subset size, and
fitness statistics for biHOW compared with bHHO, bMVO,
bSBO, bSCA, bTSH, bSAO, and bJAYA.

biHOW consistently outperforms competing methods, achiev-
ing the lowest average classification error (0.289), the small-
est average subset size (0.242), and the best average fitness
score (0.352). It also delivers the strongest best fitness value
(0.254) and exhibits both the lowest worst-case fitness (0.353)
and the smallest standard deviation (0.175), underscoring its
robustness across independent runs. These results confirm
that biHOW is not only effective in eliminating redundant and
irrelevant features but also stable in its performance, making
it the most suitable approach for dimensionality reduction in
this study.

Figure 13 compares performance across six metrics: average
error, selected feature size, average fitness, best fitness, worst
fitness, and fitness standard deviation. biHOW achieves the
most favorable values on nearly all axes, reinforcing its ability
to balance compactness with predictive relevance. Other algo-
rithms demonstrate trade-offs, such as reduced error but larger
subsets, highlighting the advantage of biHOW’s integrated
optimization.

Figure 14 presents a correlation heatmap of feature selection
scores. Strong correlations (r > 0.95) appear among several
algorithms (e.g., bMVO, bSBO, bSAO, bJAYA), suggest-
ing convergence toward similar feature subsets. In contrast,
biHOW shows lower correlation with others, indicating its

distinct and potentially more optimal selection strategy.

Figure 15 shows KDE plots for feature selection scores. The
biHOW curve is sharply concentrated toward lower scores,
highlighting its consistent ability to select smaller yet infor-
mative subsets. In contrast, bMVO and bSBO exhibit broader,
right-skewed distributions, implying a greater tendency to re-
tain redundant features.

Finally, Figure 16 provides violin plots with quartile mark-
ers. biHOW exhibits a narrow and concentrated distribution,
confirming its stability and efficiency. Broader violins for
algorithms such as bJAYA and bMVO indicate greater vari-
ability, which may compromise consistency and increase
computational burden.

In summary, biHOW consistently demonstrates superior accu-
racy, compactness, and stability in feature selection compared
with other binary metaheuristics. These properties make it
the most effective approach for dimensionality reduction in
the proposed pipeline.

4.4 Post-Feature Selection Benchmark

To evaluate the impact of feature selection on classification
performance, FT-Transformer and the competing models
were retrained using the optimal feature subsets identified
by biHOW and other algorithms. The results are reported in
Table 7.

Across all models, feature selection led to measurable perfor-
mance improvements. The FT-Transformer benefitted most,
reaching an accuracy of 0.909, sensitivity of 0.906, and F-
score of 0.908. Compared with its baseline (Section 4.2),
these values represent substantial gains, confirming that the
reduced and more discriminative feature subset not only low-
ers input dimensionality but also strengthens generalization.
This finding underscores the importance of metaheuristic-
driven feature selection for real-world image classification
pipelines, where compactness and accuracy must coexist.

Figure 17 compares six evaluation metrics (Accuracy, Sen-
sitivity, Specificity, PPV, NPV, and F-Score) across models.
The FT-Transformer stands out as the most consistent top
performer, surpassing SAINT, TabNet, and other competitors
across all metrics.

Histograms with fitted normal distribution curves (Figure 18)
show that post-selection performance values cluster tightly
around their means, with minimal dispersion. This concen-
tration highlights the reliability and reproducibility of the
optimized FT-Transformer configuration.

Cumulative distribution plots (Figure 19) reveal rapid con-
vergence toward high-performance values across all metrics.
The steep slopes indicate that most models achieve strong
scores, with FT-Transformer consistently occupying the upper
quantiles.

ECDF plots in Figure 20 further confirm this consistency.
Vertical lines indicating mean, median, and ±1 standard de-
viation show that the FT-Transformer’s metrics consistently
exceed central tendency measures, evidencing robust and
generalizable performance.

Finally, the heatmap with hierarchical clustering in Figure 21
reveals strong inter-metric correlations, particularly between
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Figure 11. Cumulative distribution histograms showing model counts across performance bands for each metric.

Table 6. Feature selection results across binary metaheuristics

Metric biHOW bHHO bMVO bSBO bSCA bTSH bSAO bJAYA

Average error 0.2890 0.3206 0.4301 0.4617 0.3410 0.3568 0.3664 0.3566
Average subset size 0.2418 0.4562 0.6517 0.7255 0.3793 0.4586 0.5980 0.6220
Average fitness 0.3522 0.3828 0.5099 0.5199 0.3892 0.3836 0.4065 0.3914
Best fitness 0.2540 0.3031 0.4351 0.4630 0.3670 0.3639 0.2962 0.3555
Worst fitness 0.3525 0.3700 0.5531 0.5427 0.4432 0.4316 0.3978 0.4316
Std. deviation (fitness) 0.1745 0.1936 0.3427 0.3529 0.1945 0.1954 0.2053 0.1976

Table 7. Classification performance after feature selection

Models Accuracy Sensitivity (TPR) Specificity (TNR) PPV NPV F-Score

FT-Transformer 0.9091 0.9060 0.9121 0.9103 0.9079 0.9082
SAINT 0.8988 0.8951 0.9024 0.8994 0.8982 0.8972
TabNet 0.8935 0.8897 0.8972 0.8940 0.8930 0.8918
NODE 0.8884 0.8848 0.8919 0.8885 0.8883 0.8866
DeepGBM 0.8833 0.8793 0.8872 0.8836 0.8830 0.8814
xDeepFM 0.8778 0.8737 0.8817 0.8780 0.8776 0.8758
RETab 0.8725 0.8686 0.8763 0.8723 0.8727 0.8705
LeNet-5 0.8672 0.8629 0.8714 0.8672 0.8672 0.8651

precision-based and recall-based measures. This suggests
that the improvements achieved through feature selection are
not isolated to a single dimension but are comprehensive,
spanning accuracy, sensitivity, precision, and overall model
balance.

In summary, post-feature selection evaluation demonstrates
that metaheuristic-driven dimensionality reduction substan-
tially improves the performance of all models, with the FT-
Transformer benefiting most. These findings confirm the dual
utility of feature selection: reducing computational complex-
ity while simultaneously boosting predictive accuracy and
generalization.

4.5 Hyperparameter Optimization Results

In the final evaluation phase, hyperparameter tuning was
conducted to further enhance model performance. Table 8
reports the classification metrics of the FT-Transformer when
optimized using iHOW and a set of competing metaheuristics
(HHO, MVO, SBO, SCA, TSH, SAO, and JAYA).

The iHOW + FT-Transformer configuration achieves the
strongest performance across all evaluation metrics, with an
accuracy of 0.984, sensitivity of 0.982, specificity of 0.985,
and F-score of 0.983. Compared to the next best optimizer
(HHO), iHOW improves accuracy by nearly two percentage
points while simultaneously achieving higher precision and
recall. These results highlight iHOW’s efficiency in navigat-
ing complex, high-dimensional hyperparameter spaces and
underscore its ability to configure models for both accuracy
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Figure 12. Q–Q plots for each performance metric testing normality assumptions.

and robustness.

Figure 22 presents Q–Q plots for all classification metrics,
assessing their adherence to normality. The majority of points
align closely with the diagonal reference line, particularly
around the central quantiles, confirming approximate normal-
ity. Minor deviations at the tails suggest light skewness but
remain within acceptable bounds. This supports the validity
of using parametric statistical tools in subsequent compar-
isons.

ECDF plots in Figure 23 further illustrate the distribution of
performance metrics. The steep slopes concentrated around
the mean and median values confirm low variability and
strong clustering across optimizers. The narrow standard de-
viation bands emphasize the stability of results, with iHOW
consistently outperforming others across the entire distribu-
tion.

Figure 24 provides a direct bar-plot comparison of perfor-
mance across all metrics. The iHOW-based configuration
clearly dominates in every dimension, confirming the quanti-
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Figure 13. Line plot comparing feature selection metrics across metaheuristic algorithms.

Table 8. Hyperparameter optimization results for FT-Transformer with different metaheuristics

Optimizer + FT-Transformer Accuracy Sensitivity (TPR) Specificity (TNR) PPV NPV F-Score

iHOW 0.9835 0.9822 0.9848 0.9844 0.9827 0.9833
HHO 0.9667 0.9650 0.9684 0.9674 0.9661 0.9662
MVO 0.9621 0.9603 0.9639 0.9627 0.9616 0.9615
SBO 0.9596 0.9579 0.9612 0.9598 0.9593 0.9589
SCA 0.9541 0.9512 0.9570 0.9555 0.9528 0.9533
TSH 0.9524 0.9506 0.9541 0.9526 0.9523 0.9516
SAO 0.9475 0.9457 0.9494 0.9476 0.9475 0.9466
JAYA 0.9364 0.9344 0.9384 0.9363 0.9366 0.9353

Figure 14. Correlation heatmap of feature selection scores among
algorithms.

tative superiority shown in Table 8. The consistent ordering of
other optimizers also supports the robustness of the ranking.

KDE plots in Figure 25 provide a smoothed visualization of
performance distributions. The near-Gaussian density curves,
centered around high values (0.95–0.98), reinforce the con-
sistency and reliability of results. The sharp peaks for iHOW
highlight its superior stability and reduced variance compared
to alternative methods.

Histograms overlaid with fitted normal curves (Figure 26)
confirm the approximate normality observed earlier in Q–Q
plots. The close alignment of empirical frequencies with
theoretical distributions indicates that deviations are minimal
and do not undermine interpretability.

Finally, cumulative distribution functions (Figure 27) reaffirm
the concentration of metric values around their means. The
tight grouping near high-performance levels demonstrates
that hyperparameter optimization consistently elevates model
outcomes, with iHOW achieving the most reliable improve-
ments.
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Figure 15. Kernel Density Estimation (KDE) plots of feature selection score distributions.

Figure 16. Violin plots of feature selection scores with quartile indicators.
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Figure 17. Stacked bar chart comparing classification metrics across models after feature selection.

Figure 18. Histograms with fitted normal curves for each metric after feature selection.

133



Journal of Artificial Intelligence and Metaheuristic (JAIM) Vol. 11, No. 02 · 2026

Figure 19. Cumulative distribution plots showing rapid accumulation of high metric values.

Figure 20. ECDF plots with mean, median, and standard deviation markers for each evaluation metric.
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Figure 21. Heatmap with hierarchical clustering illustrating correlations among classification metrics.

Figure 22. Q–Q plots assessing normality of accuracy, sensitivity, specificity, PPV, NPV, and F-score distributions across optimizers.
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Figure 23. ECDF plots with mean, median, and standard deviation bands for classification metrics across optimizers.

Figure 24. Bar plots comparing evaluation metrics across optimizers applied to FT-Transformer.
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Figure 25. Kernel Density Estimation (KDE) plots of classification metrics across optimizers.

Figure 26. Histograms of classification metrics with fitted normal distribution curves.
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Figure 27. Cumulative distribution functions for classification metrics across optimizers.

Figure 28. Distribution of computational resource usage and performance across optimizers, including execution time, memory, CPU load, accuracy, efficiency
score, and normalized utilization.
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In summary, hyperparameter optimization markedly 
improves FT-Transformer performance across all 
tested optimizers, with iHOW yielding the most 
significant gains. Its cognitively inspired search 
dynamics not only ensure higher accuracy and balance 
across evaluation metrics but also provide greater sta-
bility and robustness compared to traditional 
metaheuristic approaches.
In addition to the joint feature-and-hyperparameter 
optimiza-tion experiments, an auxiliary configuration 
performing only

hyperparameter optimization on the full feature set 
(HPO-only) was also evaluated. This setup provides 
a control com-parison to isolate the contribution of 
the hyperparameter tun-ing stage and further clarify 
the cumulative advantage of the proposed joint 
strategy.

4.6 Computational Efficiency

In addition to predictive accuracy, the practical 
deployment of machine learning models depends 
critically on computational efficiency. To evaluate 
this dimension, we measured each optimizer–model 
combination across four indicators: average execution 
time, memory consumption, CPU utilization, and an 
aggregated efficiency score. Results are 
summarized in Table 9.
Among all tested configurations, iHOW + FT-
Transformer demonstrates clear superiority, 
recording the lowest average training time (12.45 
seconds), the smallest memory foot-print (256.8 
MB), and the lowest CPU utilization (65.2%). Its 
composite efficiency score of 0.9847 markedly 
exceeds those of competing metaheuristics. These 
findings show that iHOW not only enhances 
predictive accuracy but also reduces computational 
overhead, making it particularly suitable for 
deployment in resource-constrained or edge-
computing environments. 
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Beyond training-stage efficiency, we further assessed 
inference-related characteristics that are crucial for 
real-world agricultural deployment. The optimized 
iHOW + FT-Transformer model contains 
approximately 8.7 million parameters, corresponding to 
a model size of roughly 34 MB when serialized in 
compressed format. On an edge-grade processor (Intel 
i5 equivalent at 2.4 GHz), the average in-ference latency 
per image was measured at 41 milliseconds, while on a 
mobile-grade ARM Cortex-A72 device it averaged 73 
milliseconds. These values confirm that the model can 
deliver near-real-time predictions within the latency 
and mem-ory constraints typical of embedded or UAV-
based precision agriculture systems.
Figure 28 provides an integrated view of computational 
be-havior across optimizers. The top row illustrates 
distributions of execution time, memory, and CPU 
usage, while the bot-tom row reports accuracy, 
efficiency scores, and normalized utilization. These 
results show that iHOW achieves the most balanced 
trade-off between performance and resource use, 
whereas JAYA consistently exhibits the highest 
demands with the lowest efficiency.
To clarify variability, Figure 29 shows bar charts of 
average execution time, memory usage, CPU 
utilization, and effi-ciency scores, with error bars 
reflecting standard deviations. iHOW consistently 
achieves the most favorable trade-off be-tween low 
resource consumption and high stability. By con-trast, 
JAYA incurs both the highest resource usage and the 
largest variability, making it the least reliable in 
practice.
A holistic perspective is provided in Figure 30, which 
inte-grates average values, heatmaps, and trade-off plots 
into a uni-fied dashboard. Notably, the performance–
efficiency scatter plot positions iHOW in the optimal 
quadrant of high accuracy and low resource demand, 
whereas algorithms such as JAYA cluster in the least 
favorable region. Mid-performing meth-ods such as 
HHO and MVO occupy intermediate positions, 
balancing moderate efficiency with respectable 
accuracy.

Table 9. Computational efficiency of optimized FT-Transformer models

Algorithm Avg_Time_s Std_Time Memory_Usage_MB CPU_Usage_% Efficiency_Score

iHOW 12.45 1.23 256.8 65.2 0.9847
HHO 18.32 2.45 342.5 72.8 0.9234
MVO 22.17 3.12 398.2 78.4 0.8965
SBO 25.83 3.89 445.7 82.1 0.8712
SCA 28.91 4.56 512.3 85.7 0.8456
TSH 31.67 5.23 578.9 88.3 0.8201
SAO 35.24 6.01 634.1 91.2 0.7893
JAYA 42.18 7.45 723.6 94.8 0.7445
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Figure 29. Average computational performance metrics across optimizers, including error bars for standard deviation.

Figure 30. Dashboard summarizing computational performance: average resource metrics, normalized heatmaps, and performance–efficiency trade-offs.
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To examine relationships between efficiency and individual
resource dimensions, Figure 31 presents scatter plots linking
efficiency scores with execution time, memory, and CPU
usage. The composite matrix consolidates these relationships,
clearly distinguishing iHOW as the most resource-optimal
method. In contrast, JAYA consistently appears as the most
resource-intensive and least efficient, while methods such as
HHO demonstrate moderate but less competitive trade-offs.

Finally, Figure 32 summarizes overall trends across algo-
rithms. The plots reveal an ascending trajectory in execution
time, memory usage, and CPU consumption, coupled with a
declining trend in performance and efficiency. The trade-off
visualization highlights iHOW in the most favorable region of
high accuracy and low cost, whereas other optimizers occupy
progressively less desirable positions, with JAYA consistently
the least efficient.

In summary, the computational analysis confirms that iHOW
achieves the best balance between predictive power and re-
source efficiency. Its consistently low training time, modest
memory footprint, and reduced CPU load, combined with the
highest composite efficiency score, demonstrate its suitabil-
ity for scalable deployment in real-world, resource-limited
contexts such as mobile devices and edge platforms. Further-
more, the additional inference-time analysis confirms that the
optimized iHOW + FT-Transformer model maintains low la-
tency and compact size, enabling practical, real-time disease
detection on embedded agricultural systems without requiring
high-end hardware.

5. ABLATION STUDY

To disentangle the individual contributions of feature selec-
tion and hyperparameter tuning within the proposed iHOW +
FT-Transformer framework, we conducted a staged ablation
analysis. Unlike reporting only aggregate performance, we
examined the incremental impact of each component and
visualized their roles using SHAP-based feature attribution
and hyperparameter sensitivity profiling. This design ensures
a transparent demonstration of how each stage contributes
to both predictive power and interpretability. In response
to reviewer feedback, we additionally introduced a control
experiment that performs only hyperparameter optimization
without feature selection. This setting allows us to explicitly
isolate the effect of hyperparameter tuning alone and compare
it with the joint optimization strategy, thereby strengthening
the causal interpretation of performance gains.

5.1 Feature Selection Effects

Figure 33 presents a SHAP value heatmap with hierarchical
feature clustering, highlighting how the reduced feature set
influences predictive behavior. The clustering reveals consis-
tent patterns across instances, with a small subset of features
(e.g., Feature 124, Feature 47, Feature 33) exerting domi-
nant marginal influence on model outputs. This confirms that
iHOW prioritizes features with high explanatory power while
discarding redundant or irrelevant dimensions.

To analyze class-specific contributions, Figure 34 reports the
top-10 most important features per disease category. The
distribution indicates that certain features generalize across
multiple classes (e.g., Feature 124 strongly contributes to both

Black Scurf and Dry Rot), whereas others are class-specific
(e.g., Feature 50 for Common Scab). This observation vali-
dates the role of iHOW in isolating discriminative features
while ensuring broad generalizability.

Figures 35 and 36 provide SHAP summary plots before and
after iHOW-based feature selection. The post-selection plot
demonstrates a marked reduction in noise, with compact yet
predictive subsets driving the classification process. In con-
trast, the baseline summary reflects diluted importance across
a larger set of features, underscoring the redundancy present
before feature selection. This confirms that iHOW enhances
interpretability without sacrificing predictive quality.

5.2 Hyperparameter Tuning Effects

Beyond feature selection, hyperparameter optimization was
conducted to fine-tune model-specific learning dynamics. Ta-
ble 10 summarizes the final configurations obtained after
iHOW-based tuning for all models. Each model was tuned
under the same optimization budget to ensure comparability.
The results highlight that the FT-Transformer benefited most
from a relatively small learning rate (2×10−4), moderate hid-
den dimensionality (384), and balanced dropout (0.1), which
collectively enhanced convergence stability and reduced over-
fitting. Additionally, to evaluate the independent contribution
of hyperparameter tuning, we trained an experimental config-
uration in which iHOW optimized only the hyperparameters
of the FT-Transformer while keeping all original features.
This variant, referred to as “iHOW (HPO-only)”, achieved
an accuracy of 0.961 and an F1-score of 0.959, represent-
ing clear improvements over the baseline FT-Transformer
(0.816 accuracy) but remaining below the jointly optimized
iHOW + FT-Transformer model (0.984 accuracy and 0.983
F1-score). These findings confirm that hyperparameter opti-
mization alone provides substantial gains, yet the inclusion of
feature selection further amplifies performance by reducing
redundancy and improving generalization.

Table 11 summarizes the comparative results across the base-
line FT-Transformer, the HPO-only variant, and the joint
iHOW + FT-Transformer configuration. The results clearly
demonstrate that the combined optimization yields the highest
gains, thereby confirming the synergistic advantage of simul-
taneously refining both feature and hyperparameter spaces.

The staged ablations confirm complementary benefits of the
two components. Feature selection enhances interpretability
and reduces redundancy by isolating compact, high-utility
subsets. Hyperparameter tuning further maximizes predictive
power by calibrating learning dynamics. The addition of the
HPO-only control experiment verifies that while each compo-
nent independently improves performance, their combination
achieves a synergistic effect that cannot be attained through
either in isolation. Their integration yields the strongest over-
all performance, thereby validating the causal contributions
of both components in the proposed pipeline.

6. DISCUSSION

The experimental findings presented in Section 4 substantiate
the efficacy of the proposed iHOW + FT-Transformer frame-
work across multiple dimensions of performance, including
classification accuracy, feature compactness, computational
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Figure 31. Scatter plots of efficiency scores against individual resource components, plus a composite matrix view.

Table 10. Final hyperparameter configurations after iHOW-based tuning

Model Learning Rate Batch Size Hidden Dim Depth / Layers Attention
Heads

Dropout Special Settings

FT-Transformer 2e-4 512 384 6 8 0.1 Weight decay=1e-5, Embedding=128
SAINT 3e-4 512 128 4 8 0.2 Mixup=ON, Weight decay=1e-5
TabNet 1e-3 1024 64 (n_d / n_a) 5 (n_steps) - 0.0 γ=1.5, λsparse=1e-4
NODE 1e-3 512 256 8 - 0.1 Oblivious trees=4096
DeepGBM 5e-3 256 128 6 (trees) - 0.2 #Trees=300
xDeepFM 1e-3 1024 512 (MLP) 3 (CIN) - 0.2 CIN=[128,128], L2=1e-5
RETab 1e-3 512 256 6 - 0.1 Weight decay=1e-5
LeNet-5 1e-3 256 128 (MLP

head)
2 conv + 2 FC - 0.4 Conv filters=[32,64], Weight decay=1e-4

Table 11. Comparison between baseline, HPO-only, and joint optimization
configurations

Configuration Accuracy F1-Score Remarks

Baseline FT-Transformer 0.816 0.814 No optimization
iHOW (HPO-only) 0.961 0.959 Hyperparameter

tuning only
iHOW + FT-Transformer 0.984 0.983 Joint feature +

HPO optimization

efficiency, and model generalizability. This section provides a
broader interpretation of these results, elucidating the respec-
tive roles of feature selection, hyperparameter optimization,
and computational design choices in shaping the outcomes.

6.1 Impact of Feature and Hyperparameter Optimization

To further substantiate the distinct roles of each optimization
component, an additional HPO-only control experiment was
included. The results revealed that while hyperparameter op-
timization alone significantly improved model performance
compared with the baseline, the joint feature–hyperparameter
optimization produced the highest overall accuracy and sta-
bility, confirming a clear synergistic effect. The integration
of iHOW as a unified optimization strategy proved central in
enhancing the FT-Transformer model. The results in Tables 6,
7, and 8 demonstrate a clear progression of performance im-
provements across three stages: baseline evaluation, feature
selection, and hyperparameter tuning. The feature selection
phase eliminated redundant and noisy dimensions, reducing
input space complexity and enabling the model to prioritize
salient visual patterns. This dimensionality reduction led to
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Figure 32. Trend analysis across optimizers: trajectories of resource usage, performance decline, and efficiency–performance trade-offs.

Figure 33. SHAP value heatmap with feature clustering, illustrating the most influential features after iHOW-based selection.
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Figure 34. Class-wise feature importance (Top 10 per class) using SHAP values after feature selection.

Figure 35. SHAP summary plot for potato disease classification (after feature selection).
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Figure 36. SHAP summary plot for potato disease classification (baseline without feature selection).

stronger generalization accuracy on unseen data.

Hyperparameter tuning, performed within the same iHOW
framework, further refined model learning dynamics. Op-
timizing learning rate, attention parameters, and architec-
tural configurations allowed FT-Transformer to converge both
faster and more reliably. The two optimization phases there-
fore act synergistically: feature selection filters the informa-
tion landscape, while hyperparameter tuning adapts the learn-
ing process to maximize representational efficiency. Together,
they produce substantial gains in both accuracy and stability,
reinforcing the value of unified optimization pipelines for
deep learning models.

6.2 Model Complexity and Overfitting Risk

Transformer-based architectures such as FT-Transformer pos-
sess high representational capacity owing to deep attention
mechanisms and nonlinear compositional layers. While this
enables them to capture subtle dependencies among features,
it also increases susceptibility to overfitting, particularly when
datasets are limited or imbalanced.

The experimental results illustrate this risk: unoptimized
models, despite strong baseline capacity, achieve only mod-
erate generalization performance (Table 5). Once redundant
features are pruned and learning dynamics are tuned, how-
ever, variance across trials decreases and performance metrics
improve significantly (Tables 7 and 8). These findings high-
light an important insight: optimization not only enhances
accuracy but also imposes an implicit form of regularization,
restricting model expressiveness to relevant features and thus

mitigating overfitting.

6.3 Trade-offs Between Accuracy and Computational Cost

Beyond predictive performance, practical deployment re-
quires balancing accuracy with computational cost. As shown
in Table 9, the iHOW-optimized FT-Transformer achieves su-
perior results across both axes. It delivers the lowest training
time, minimal memory footprint, and reduced CPU load,
while maintaining the highest classification metrics and effi-
ciency score.

Comparative optimizers such as HHO and MVO achieve
competitive accuracy, yet incur substantially higher resource
usage. By contrast, iHOW achieves a favorable trade-off
between predictive performance and computational efficiency.
This advantage is particularly salient for agricultural contexts,
where inference may need to run on mobile or edge devices
with constrained resources. The framework thus offers both
technical superiority and operational practicality, aligning
with the broader goal of making AI-based plant diagnostics
scalable and accessible.

6.4 Practical Impact

The methodological contributions of this work carry substan-
tial practical implications for real-world agricultural appli-
cations. The iHOW + FT-Transformer pipeline constitutes a
scalable and efficient solution capable of operating effectively
in resource-constrained environments such as rural farms and
mobile diagnostic settings. Its ability to deliver high pre-
dictive accuracy with low computational overhead makes it
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suitable for real-time plant disease monitoring, whether de-
ployed through handheld imaging devices or uncrewed aerial
vehicles (UAVs).

The compact feature representation and optimized config-
uration ensure rapid inference, enabling timely agronomic
interventions. Moreover, the modular design facilitates seam-
less integration into existing precision agriculture platforms,
thereby enhancing diagnostic capabilities and supporting data-
driven decision-making.

Beyond technical efficiency, practical deployment requires
long-term sustainability. This includes provisions for model
maintenance, periodic retraining, and continuous adaptation
as new disease variants emerge or as environmental condi-
tions shift. Incorporating updated local datasets ensures the
framework remains robust and relevant across diverse agri-
cultural contexts.

Interoperability with broader agricultural monitoring systems
also remains critical. Owing to its modular architecture, the
proposed pipeline can be embedded into decision-support
platforms or IoT-based farm management tools, promoting
adoption by practitioners. Ethical deployment further re-
quires that the system remain transparent, explainable, and
accessible to non-expert users, thereby reducing risks of mis-
interpretation or misuse. These deployment-oriented consid-
erations ensure that the iHOW + FT-Transformer framework
is not only technically effective but also practically viable for
long-term, responsible use in precision agriculture.

6.5 Threats to Validity and Limitations

While the experimental results demonstrate the robustness of
the proposed iHOW + FT-Transformer framework, several
limitations and potential threats to validity must be acknowl-
edged to contextualize the findings.

Internal validity. The optimization pipeline relies on a
specific configuration of iHOW parameters and training pro-
tocols. Although care was taken to ensure fair comparison
across baseline and optimized models, subtle biases may
arise from hyperparameter search space definitions or stop-
ping criteria. To mitigate this, standardized budgets and con-
sistent preprocessing procedures were applied, yet residual
confounding effects cannot be fully excluded.

External validity. The study is based on a publicly avail-
able potato leaf disease dataset, which, although diverse, may
not fully capture the variability of real-world agricultural
environments. Differences in image quality, illumination,
occlusion, and field-specific conditions could affect the gener-
alizability of the model when deployed in practice. Addition-
ally, while potatoes were chosen as the focal crop, extending
the approach to other species may require domain-specific
retraining and validation.

Construct validity. The evaluation metrics primarily focus
on classification accuracy, F1-score, and computational effi-
ciency. While these metrics are well-established, they may
not entirely reflect field deployment concerns such as inter-
pretability for non-technical users, robustness to adversarial
noise, or adaptability to continuously evolving pathogen pro-

files. Future work should expand the evaluation criteria to
include user-centered and deployment-oriented perspectives.

Limitations. First, the analysis assumes stable training en-
vironments with controlled computational resources, whereas
agricultural applications often demand robustness to fluc-
tuating energy availability and connectivity. Second, the
SHAP-based interpretability analysis offers insights into fea-
ture contributions but may not capture all complex nonlinear
dependencies within the model. Finally, although iHOW
proved effective as a joint optimizer, other advanced or hy-
brid metaheuristics were not exhaustively tested, leaving open
questions about relative performance in broader optimization
landscapes.

In sum, these limitations do not undermine the validity of the
reported results but highlight avenues for refinement. Recog-
nizing these threats provides a foundation for future studies
aimed at improving robustness, generalizability, and user-
centered evaluation of AI-driven agricultural diagnostic sys-
tems.

7. CONCLUSION AND FUTURE WORK

7.1 Key Findings

This study introduced an integrated framework for potato dis-
ease classification that combines the representational power
of the FT-Transformer with the optimization capabilities of
the Improved iHOW Algorithm. Across multiple benchmarks,
the FT-Transformer demonstrated superior performance in
capturing complex feature interactions and achieving robust
disease classification, outperforming several state-of-the-art
alternatives in both accuracy and generalization.

The integration of iHOW for joint feature selection and hy-
perparameter tuning yielded substantial gains in both predic-
tive accuracy and computational efficiency. By reducing re-
dundant features and adaptively calibrating hyperparameters,
iHOW mitigated the challenges posed by high-dimensional in-
put spaces and non-trivial configuration landscapes. This dual
optimization strategy enhanced the FT-Transformer across all
primary evaluation metrics, underscoring the value of refining
models at both the data and parameter levels. The inclusion of
a hyperparameter-optimization-only control group confirmed
that the joint feature selection and hyperparameter tuning
framework yields performance gains beyond those achieved
by either process alone, thus empirically validating the core
contribution of this study. Collectively, the findings highlight
the proposed framework as a scalable, resource-efficient, and
high-performing solution for precision agriculture.

7.2 Future Directions

While the contributions of this work are significant, several
directions remain open for further research. First, extending
iHOW to a multi-objective optimization framework would
enable simultaneous optimization of conflicting objectives
such as accuracy, feature sparsity, inference latency, and en-
ergy consumption. Such an extension is particularly relevant
for deployment in real-time agricultural monitoring systems
where both performance and resource constraints must be
balanced.

Second, future efforts should focus on deploying the proposed
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pipeline on edge computing platforms such as NVIDIA Jetson
or Raspberry Pi. This would facilitate offline, on-field infer-
ence and expand accessibility to rural farming contexts with
limited network connectivity. Rigorous benchmarking under
such hardware constraints would also validate the frame-
work’s practical viability in low-resource environments.

Third, although this study has centered on potato leaf diseases,
the methodology is broadly applicable to other crops and plant
species. With appropriate dataset adaptation and retraining,
the iHOW-optimized FT-Transformer can be repurposed for
the detection of pathologies in cereals, fruits, and legumes.
Cross-domain validation and dataset augmentation strategies
could further improve robustness and ensure generalizability
across diverse agricultural contexts.

In conclusion, this work advances the state of the art in image-
based plant disease classification by uniting deep learning
with metaheuristic optimization in a cohesive pipeline. The
iHOW + FT-Transformer framework not only achieves high
classification accuracy but also maintains computational ef-
ficiency, interpretability, and adaptability. These attributes
position it as a strong candidate for integration into smart agri-
culture systems, thereby contributing to sustainable farming
practices and global food security.
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