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Abstract

Introduction. Early and reliable detection of tomato leaf diseases is critical for reduc-
ing yield loss and enabling precision agriculture. Recent advances in deep learning have
improved classification performance; however, challenges remain in interpretability and
robustness under real-field conditions.

Aim of the Study. This study aims to develop an accurate and explainable hybrid frame-
work that integrates handcrafted spectral-texture descriptors with deep convolutional fea-
tures to achieve high-performance multi-class classification of tomato leaf diseases across
ten categories.

Materials and Methods. A three-stage pipeline is proposed. Spectral features including
Excess Green (ExG), Excess Red (ExR), HSV color channels, and vegetation indices are
extracted from RGB images to simulate multispectral responses. Texture features derived
from Gray Level Co-occurrence Matrix (GLCM), Tamura descriptors, and FFT-based en-
ergy and entropy capture lesion morphology and frequency-domain patterns. These fea-
tures are classified using a Random Forest model. In parallel, an EfficientNetB0-based
CNN is fine-tuned on augmented images to learn deep spatial representations. Model in-
terpretability is achieved using SHAP for feature-level analysis and Grad-CAM for visual
localization. A late-fusion ensemble strategy integrates both models.

Results. The handcrafted feature-based Random Forest model achieves a baseline classifi-
cation accuracy of 89.2%, while the fine-tuned EfficientNetBO CNN attains 94% accuracy.
The ensemble framework further improves overall performance to 96%, demonstrating
enhanced robustness and generalization across all ten disease classes.

Discussion and Conclusion. The proposed hybrid and explainable framework effectively
combines domain-driven features with deep learning representations, delivering high ac-
curacy and transparent decision-making. Visual and feature-level explanations confirm
that biologically meaningful regions, such as necrotic and discolored areas, guide model
predictions. This approach provides a scalable and reliable solution for automated tomato
disease diagnosis, supporting real-world deployment in smart farming and precision agri-
culture systems.

Keywords: tomato leaf disease detection, spectral and texture features, efficientnet, shap
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Annomayus

BBenmenne. [{iisi TOYHOTO 3eMIIIEIINS PelIaloliee 3HaYCHUE B CHI)KSHUH MTOTEPh ypOXKast
MMeeT paHHss U TOYHas JUarHocTHKa Oojie3Hel JucTheB ToMarta. HemaBHMe mocCTHIKe-
HUS B 00J1acTH TITyOOKOro 00y4eHus! yIydmin 3G HEeKTUBHOCTh THarHOCTHKU OOJIe3HEH.
OJIHAaKO B PEAJIbHBIX TTOJIEBBIX YCIOBHAX OCTAIOTCSl HEPEIICHHBIMH MIPOOIEMBI HAJIEHKHO-
CTH MHTEPIIPETHPYEMOCTH KCILUTYyaTAIlMOHHBIX ITOKa3aTeleH.

Hens uccuenoBanus. [loryuenue BeICOKOd()(HEKTUBHON KiIacCU(pUKAINY 3a00JIeBaHUI
JIMCTHEB TOMATOB IO AECSTU KaTETOPHSIM C IOMOIIBI0 00ydeHHOH HEHpOHHOH CeTH Ha
OCHOBE COYETaHWs TOYHOW W TOHSATHOW THOPUIHOW CTPYKTYPBHI, pa3paOOTaHHOH cIie-
[HATNCTaMH TI0 aHAJIU3Y AAHHBIX CO CBEPXTOYHBIMH CHEKTPATbHBIMU U TEKCTYpPHBIMU
3JIEMEHTaMH.

MarepuaJjbl 1 MeToAbl. [Ipenoxen TpexsTanHblil KoHBelep. CeKTpaibHble IPU3HAKH,
Takue Kak n30sITok 3eneHoro (ExG), u3ositok kpacHoro (ExR), nBeroBsie kananer HSV
U BEreTaTUBHBIC UHJEKCHI, onyunian u3 RGB-u300paxeHuii 1as MOIEIMpPOBaHUs MHO-
TOCIIEKTPAJIBbHBIX peakunii. TekcTypHbIe NPU3HAKH, MOJYYEHHBIE M3 MaTPUIBI CMEXKHO-
ctn ypoBHe# ceporo (GLCM), neckpuntopos Tamypa n SHEpriu ¥ SHTPOINH HA OCHOBE
obicTporo npeodpaszosanust Pypse (FFT), M03BOISIOT BEISIBUTE CTPYKTYPY HOBPEKACHHI
U YaCTOTHBIE XapaKTEPUCTUKH. DTH IMOKA3aTeNN KJIACCU(PUIMPYIOTCS C HCIIOIb30BAHH-
€M METOJa «CIydJaiHOoro ronckay. [lapanenbHO HCIONB3yeTcs, CBEPXTOYHAs HEHPOH-
Has ceTh Ha ocHoBe EfficientNetB0, oOyueHHass Ha IOMOTHEHHBIX M300paKEHHUAX IS
n3ydeHHs] TTyOOKMX MPOCTPAHCTBEHHBIX NMPEACTABICHHUH. JlaHHBIC MHTEPHPETHPYIOTCS
C TIOMOIIIBIO HEHPOHHBIX ceTelt SHAP ni1s ananu3a npu3HaKOB IPH BBISIBICHUH OOJIE3HEH
u Grad-CAM st Bu3yanbHOU jtokaun3aiuu. Ctparerusi ancaM61eBoro 00y4eHH s ¢ Mo3-
HHM CIIMSHUEM JJaHHBIX 00beIUHseT 00€ MOJeIH.

Pe3yabTarsl uccieqoBanus. Mojenb «CiIydailHOTO IOMCKay, pa3paboTaHHas cIielua-
JIMCTaMHM TI0 aHAJM3Y JIaHHBIX, JOCTUraeT 0a30BOM TOYHOCTH AUAarHOCTUKH 89,2 %, B TO
BpeMsi Kak cBepxrouHass HelponHas cerh EfficientNetBO nocturaer tounoctu 94 %.
AHcam0OIeBasi CTPyKTypa JOIOJIHUTEIBHO yITydIIaeT IIoKa3aTeslb AUarHOCTUKY J10 96 %,
JIEMOHCTPHPYSI TIOBBIIICHHYIO YCTOIYMBOCTS M 0000IIAIONTYI0 CHOCOOHOCTB IO BCEM Jie-
CSITU KJIaccaM 3a00JICBaHHH.

Oocy:xaenue u 3akiaouenne. [Ipennoxernas TuOpuIHas CTpykrypa 3pGEeKTUBHO code-
TaeT B cebe XapaKTEePUCTHKH, 0OYyCIIOBICHHBIC MTPEAMETHON 00JIacThIO U MPEACTaBICHU-
SIMH TTyOOKOTO 00y9eHH s, 00ecTieunBasi BHICOKYIO TOUHOCTh AMATHOCTHKH U MTPO3PaTHOE
NpUHATHE pelleHni. BusyanbHble MOSCHEHNS U TMOACHEHHS HA yPOBHE MPU3HAKOB IMOA-
TBEP)KAAIOT, UTO OMOJIOTHUECKH 3HAUMMBIE OONACTH, TaKHe KaK HEKPOTHUECKHEe U obec-
[IBEYCHHBIC yYaCTKH, ONPEACIAIOT MPOTHO3HOE MOJEIUpPOBaHUE. DTOT MOAX0J obecrie-
YHMBaeT MaclITabUpyeMoe 1 HaJJeKHOE PELICHHUE JJIs aBTOMAaTU3UPOBAHHOM THarHOCTUKU
3a00JIeBaHUI TOMATOB, MOAXOASIIEE AJIsl IPAKTHYECKOTO IPUMEHEHHS B CHCTEMAaxX MHTEI-
JICKTYaJIbHOTO ¥ TOUHOTO 3eMJICCIIHSL.
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Kniouesvie crosa: BeisiBIeHNE 3a00/ICBaHUN JTUCTHEB TOMATOB, CHEKTPAJIBLHbIC U TEKCTY-
HbIE 0COOCHHOCTH, YPPEKTUBHAS CETh, 00BICHIMOCTE (OPMBI, aHCaAMOieeBOe 00ydeHHE

Kongnuxm unmepecos: aBTopbl 3asBISIOT 00 OTCYTCTBUU KOH(IMKTAa HHTEPECOB.

Jlis yumuposanus: Byxke I1., Maropu A.B.P. [HOpuaHbIi NOIXOM K AMArHOCTHKE 3a-
OoneBaHMH JINCTHEB TOMATOB, OCHOBAHHBIM Ha TIyOOKOM OOYYEHHH ¥ CHEKTPalbHO-
TEKCTypHOM aHanuse. Umnowcenepnvie mexnonozuu u cucmemol. 2026;36(1):97-113.
https://doi.org/10.15507/2658-4123.036.202601.097-113

INRODUCTION

Tomato (Solanum lycopersicum) is one of the most widely cultivated horticultural
crops and plays a critical role in global food security. However, its productivity is sig-
nificantly affected by foliar diseases such as Early Blight, Late Blight, Leaf Mold, and
Bacterial Spot, which can cause severe yield losses if not identified at early stages [1-3].
Traditionally, disease diagnosis relies on manual field inspection by experts, which is
time-consuming, subjective, and often impractical for large-scale agricultural deploy-
ment [4; 5].

Recent advances in artificial intelligence (Al) and computer vision have enabled
automated and accurate plant disease detection using image-based analysis [6; 7].
Machine learning and deep learning models have demonstrated strong capability in
extracting discriminative visual patterns from leaf images, enabling robust classifica-
tion across diverse disease categories [8; 9]. Earlier approaches primarily relied on
handcrafted features combined with classical machine learning classifiers, achieving
reasonable performance under controlled conditions [3—5]. Among modern approaches,
convolutional neural networks (CNNs) have emerged as a dominant paradigm due to
their hierarchical feature learning and high generalization ability in agricultural and
medical imaging domains [10—12]. In particular, studies highlight that deep CNN
architectures automatically capture multi-scale spatial patterns, texture variations, and
disease-specific morphological characteristics without the need for manual feature
engineering, thereby significantly improving robustness under varying illumination
and background conditions [ 13—15]. Furthermore, recent investigations emphasize that
transfer learning with pre-trained CNN models enhances classification accuracy and
convergence speed, especially when training data are limited, making these approaches
highly practical for real-world plant disease diagnosis systems [16]. Several studies
have specifically demonstrated the effectiveness of CNN-based models for tomato leaf
disease detection [17].

Beyond classification accuracy, the lack of interpretability in deep learning systems
has raised concerns regarding their deployment in real-world agricultural decision-
support systems. Black-box behavior limits trust and adoption by farmers and agrono-
mists. Explainable Artificial Intelligence (XAI) methods, particularly SHAP (SHapley
Additive exPlanations), provide a systematic way to interpret model predictions by
quantifying feature contributions at both global and local levels [18; 19]. This enhances
transparency, supports agronomic reasoning, and facilitates informed decision-making
in precision agriculture applications.

This study proposes a hybrid and explainable framework that integrates handcrafted
spectral and texture descriptors with deep CNN-based classification, followed by
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SHAP-based interpretability. The approach bridges the gap between high-performance
deep learning models and the need for transparency and feature-level understanding in
automated plant disease diagnosis systems. We further propose a novel disease clas-
sification approach utilizing an EfficientNet architecture with modified training layers
and evaluate the proposed design on a tomato leaf dataset.

We proposed a novel approach for disease category classification that utilizes an
efficient net with training layer modifications. We experiment our design on a dataset of
tomato leaves. The arrangement is as follows: Section II contains the literature review.
The recommended method for categorizing, identifying, and obtaining leaf attributes
was examined in Section I1I. Experimental settings are covered in Section I'V. Section V
contains the results and discussion. Section VI discusses the conclusion.

LITERATURE REVIEW

Early research in plant disease detection focused primarily on traditional image
processing and machine learning techniques. Barbedo and Bharate and Shirdhonkar
highlighted challenges related to illumination variability, background noise, and fea-
ture robustness in visible-spectrum plant images [20; 21]. Classical classifiers such as
Support Vector Machines and Artificial Neural Networks were widely explored using
handcrafted features including color histograms, texture descriptors, and shape-based
metrics [22-24].

With the advancement of deep learning, CNN-based architectures began to outper-
form traditional methods in large-scale plant disease recognition tasks. Studies have
demonstrated that deep models can automatically learn hierarchical representations
from raw images, significantly improving classification accuracy across multiple crop
species [7; 25]. Comparative studies by Arya and Singh and Barbedo further vali-
dated the superiority of deep learning over shallow machine learning approaches in
complex agricultural imaging scenarios [15; 26]. Hanpumep, 4T00bI 3auKCUpOBATH
nmocjaeayrmne nSMCHECHU B q)parMeHTI/IpOBaHHBIX JIUCTHAX JO TOI'O, KaK ITOABATCSA
BU3YaJIbHbIC CUMIITOMBEI, OBIJIM UCIIOJIL30BAaHEI ITOKA3aTEIIN OTpaXCHUA U BETCTallU.

Recent works have focused specifically on tomato leaf disease detection. Several
CNN-based frameworks have been proposed that achieved high classification perfor-
mance across multiple tomato disease categories [27-29]. A team of scientists led by
F. Rui proposed a multi-kernel inception aggregation network to improve feature fu-
sion and robustness under varying field conditions [30]. Studies have employed deep
neural networks for real-time tomato disease identification and have demonstrated the
feasibility of deploying such systems in precision agriculture environments [31; 32].

Hyperspectral and spectral feature-based approaches have also been explored to
enhance early disease detection. Reflectance measurements and vegetation indices have
been employed to detect physiological changes in infected leaves prior to the appear-
ance of visible symptoms [23; 33]. These studies highlight the importance of integrating
spectral characteristics with spatial texture information to improve detection sensitivity.

Transfer learning has emerged as a powerful strategy for addressing limited la-
beled agricultural datasets. Pre-trained deep representations significantly enhance
performance and convergence speed in plant and medical imaging tasks [34-36].
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Few-shot learning and cross-domain adaptation strategies have been developed to sup-
port robust classification under limited data scenarios [37; 38].

Despite these advances, model interpretability remains a critical gap. In reviews
by W. B. Demilie, as well as the authors from South Africa and Malaysia emphasize
that most deep learning-based plant disease detection systems prioritize accuracy over
explainability [18; 19; 39]. This limits their adoption for real-world agricultural deci-
sion support systems where understanding feature relevance and prediction rationale
is essential.

To address this limitation, recent research has begun incorporating Explainable Al
frameworks into agricultural imaging pipelines. However, the integration of spectral-
texture hybrid feature extraction with CNN classification and SHAP-based interpretability
remains limited in existing literature. This work contributes by unifying handcrafted
spectral and texture descriptors, deep feature learning, and model explanation into
a single, transparent, and high-performance tomato leaf disease diagnosis framework.

Our study contribution is two-fold: one can be proud of its valuable contribution to
tomato leaf disease detection based on deep learning and spectral-texture analysis and
explainability techniques. Despite attaining high classification accuracy, our approach
fills gaps for interpretation, biologically based lesion localization and feature diversity
leading to robust, reliable, and scalable plant disease diagnostic systems.

MATERIAL AND METHODS

This study proposes a hybrid, explainable method for classifying tomato leaf diseases
by combining handcrafted features with deep learning techniques. RGB images are
resized to 256x256 pixels and converted to grayscale to emphasize structure. Spectral
indices such as Excess Green, Excess Red, CIVE, VEG, and HSV components simulate
multispectral data to assess plant health. Texture features, including contrast, correlation,
and homogeneity (GLCM), and coarseness and directionality (Tamura), mimic human
texture perception. Additionally, FFT-based frequency features like energy and entropy
are extracted to capture lesion irregularities. These diverse features are concatenated into
a unified vector and classified using a Random Forest model. The approach achieves
89.2% accuracy, aligning with prior studies and confirming the value of handcrafted
spectral and texture features in early plant disease detection and classification.

Spectral and Texture Feature Engineering

Each RGB image /(x, y)€[0.255] is resized to 256x256 and converted to grayscale
G(x, ) =0.299R + 0.587G + 0.114B. We compute spectral indices such as:

ExG=2G-R - B;
ExR = 1.4R - G;
CIVE = 0.441R — 0.881G + 0.385B + 18.78745;
VEG =3

JR.B

as well as HSV transformations (H, S, V) = f(R, G, B) and mean channel intensities
uR, uG, uB. The RGB image is further transformed into the HSV color space, where
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Hue (H), Saturation (S), and Value (V) are obtained through a nonlinear mapping
f (R, G, B). This transformation decouples chromatic information from illumination,
enabling robust discrimination of diseased regions exhibiting color and brightness
variations.

The mean intensities of the red, green, and blue channels, denoted as uR, uG, and
uB, are computed as global spectral features by averaging pixel values over the entire
image. These features capture overall color characteristics and are expressed in digital
intensity units.

Texture descriptors include GLCM statistics-contrast, correlation, homogeneity,
dissimilarity — and Tamura features-coarseness, contrast, directionality-computed over
G(x, ¥) G(x, y) G(x, y). FFT-based spectral features derive from:

E=3YIF(u,v)’, H==% p (u,v)logp (u,v),

where F'is the Fourier transform and p its normalized power spectrum. Here, © and v
denote spatial frequency indices in the horizontal and vertical directions, respectively.
The spectral energy Erepresents the total power of the Fourier spectrum, while the
spectral entropy Hquantifies the distribution complexity of frequency components.
E: total spectral energy; u: horizontal spatial frequency index; v: vertical spatial fre-
quency index; H: spectral entropy.

These handcrafted features collectively form a vector, which trains a Random For-
est classifier RF(7'= 100) , achieving ~89.2% accuracy on disease classification.

Random Forest with 7= 100 trees or RF (7= 100)

A Random Forest classifier consisting of 100 decision trees. The extracted feature
vectors are classified using a Random Forest (RF) classifier consisting of 7= 100 deci-
sion trees.

Deep Learning via EfficientNetB0

A fine-tuned EfficientNetBO model with data augmentation and softmax out-
put achieves 94% accuracy in classifying ten tomato leaf diseases, using RGB images
resized to 64x64 and optimized with Adam and categorical cross-entropy for improved
generalization and pattern recognition.

Images are also downsampled to 64x64 and augmented with transformations-ro-
tations £20°, flips, zoom — to enhance robustness. Although the standard input size for
EfficientNetBO0 is 224x224, in this work, the tomato leaf images were resized to 64x64
to optimize computational efficiency and training speed without significantly compro-
mising performance. Preliminary experiments at 128x128 and 224x224 resolutions
showed less than a 1.5% difference in validation accuracy, indicating that the distinc-
tive color and texture cues of tomato leaf diseases remain discernible even at lower
resolutions. Similar resolutions have also been effectively used in lightweight agri-
cultural models, supporting the practicality of using 64x64 inputs for real-time field
applications.

We fine-tune a pretrained EfficientNetBO0, replacing its top as follows:

Z = GAP (EfficientNetBO (I)) — D, = ReLU (W,Z+ b))
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)A; = Soft max (WzDropout (D)) +b, )

where Z is the global average pooled feature vector extracted from EfficientNetBO;
G denotes the Global Average Pooling (GAP) operation; 4 denotes the activation func-
tion applied to the dense layer; P denotes the dropout operation used for regulariza-
tion; D, is the output of the first fully connected (hidden) layer after activation; R de-
notes the Rectified Linear Unit (ReLU) activation function; e is the base of the natural
logarithm used in the Softmax function; L denotes the categorical cross-entropy loss
function; U denotes the unit activation behavior of ReLU, i.e., max(0, x); W, and b,

are the weight matrix and bias vector of the first dense layer; ) is the predicted class
probability vector; W, and b, are the weight matrix and bias vector of the output layer.

This model is optimized via Adam (learning rate = 10™*) and categorical cross-
entropy over 10 classes:

10 N
=-2 v logy,
i=1

where L: denotes the categorical cross-entropy loss value; y: represents the ground-
truth label of the i-th class in one-hot encoded form; i is the class index (i = 1,...,10),
achieving ~94% validation accuracy.

Explainability with SHAP and Grad-CAM

SHAP and Grad-CAM are used to interpret model predictions by highlighting key
image regions like lesions and discoloration, confirming biologically relevant focus
areas and enhancing trust in the CNN's decisions for tomato leaf disease classification.
Explainability is enabled via two approaches:

SHAP: Feature contributions are computed as Shapley values ¢, under model f,
for spectral/texture RF inputs and CNN pixel inputs-highlighting biologically relevant
regions such as necrotic patches.

&=y |SMUFI=ISI=DI[ £ (S L4iH) - £ (8)]

SHAP assigns an importance value ¢, to each feature by computing its average mar-
ginal contribution to the model prediction over all possible feature subsets. This game-
theoretic formulation ensures fair and consistent attribution of predictions, enabling
the identification of spectral, texture, and pixel regions that are biologically relevant
to disease manifestation. ¢, Shapley value (importance) of feature i. F: Set of all fea-
tures; S: A subset of features not including i; f (-): Trained prediction model; 1 (S):
Model output using only features in S; f(SU{i}): Model output after adding feature i.
Grad-CAM: Class activation maps are generated by

c c c 1 a_)}
LCAM—ReLU(kZa Ak) a, =E§A_k
Where, L,,, denotes the Grad-CAM heatmap for class c; k indexes the feature

maps of the selected convolutional layer; a, represents the importance welght of the
k-th feature map for class c¢; A* is the corresponding activation map; A denotes
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the activation at spatial location (i, j); y¢ is the pre-Softmax score for class ¢; and 7, j
are spatial indices.

Soft-Voting Ensemble

To leverage the complementary strengths of both models, we apply a soft voting
ensemble technique, where the predicted class probabilities from the CNN and Ran-
dom Forest are weighted and fused. This ensemble strategy improves the overall clas-
sification accuracy to 96%, surpassing the individual model performances.

The final prediction merges the CNN and RF outputs via soft-voting:

A

yensemble :argmax[}\‘;CNN-’-(l_;\');RFjL }\‘E[O’l]

for each class ¢, combine the CNN’s and Random Forest’s predicted probabilities us-
ing a weighted average, then choose the class with the highest combined score. Opti-
mizing A on validation data yields ~96% accuracy, outperforming each model indepen-
dently. A soft-voting ensemble is employed by combining the class probability outputs
of the CNN and Random Forest models using a weighted average. The final prediction
corresponds to the class with the maximum fused probability, where the weighting
parameter A is tuned on validation data to balance the contributions of both models.

The final framework in fig. 3, thus, combines the interpretability of feature-based
models with the representational power of deep learning, while ensuring transparency
and reliability via explainable Al. This makes the system well-suited for deployment
in precision agriculture, enabling accurate, trusted, and farmer-friendly disease diag-
nostic tools.

RESULTS AND DISCUSSION

We curated a dataset of 10,000 annotated tomato leaf images, resized and augment-
ed them, and extracted spectral, texture, color, geometric, and wavelet-based features.
These fed into a CNN that classified disease types and estimated lesion severity via
bounding box regression. Training used the Adam optimizer with cross-entropy and
MAE losses. Performance was evaluated using accuracy, F'1 score, IoU, and MAE.
Implemented in PyTorch and TensorFlow, results were interpreted via confusion ma-
trices, ROC curves, and visual lesion comparisons.

Images were sourced from the PlantVillage dataset, balanced using trimming tech-
niques. A custom data generator split the data into training, validation, and testing sets.
Python tools supported training, visualization, and evaluation, enabling both hand-
crafted and deep learning-based feature extraction and model assessment.

The system was evaluated using handcrafted and deep models on ten tomato leaf
diseases. Stratified 5-fold cross-validation ensured consistent performance across
classes, with key diseases like Early Blight and Leaf Mold included, as shown
in Figures 1 and 2.
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Fig. 1. Flowchart Diagram of our architecture

Source: figures 1-3 are compiled by the authors of the article.
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Source: figures 4 and 5 are compiled by the authors of the article in the program (using Python (Ten-
sorFlow/Keras, OpenCV, and Matplotlib).
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Fig. 5. SHAP Summary Plot

The Convolutional Neural Network (CNN) model achieved the highest classification
accuracy of 94%, outperforming the Random Forest classifier, which achieved 93%
using the extracted spectral and texture features. The CNN demonstrated better gener-
alization, particularly for disease classes with higher visual variability such as Tomato
Septoria leaf spot and Tomato Target Spot.
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Table 1
Confusion Matrix
Analysis of Model Performance

-] o — S\l en <t ') Ne) o~ %) o

= 5 2 2 2 2 2 2 2 2 2 2

5% | 2 2 | 3 2 | 3 2 | 3 2 2 3

<& a A A A A a A a A A
Disease 0  0.85 0.05 0.05 0 0 0 0 0 0.05 0
Disease 1  0.10 0.80 0.05 0 0 0 0 0.05 0 0
Disease 2 0 0.10 0.80 0.05 0 0 0 0.05 0 0
Disease 3 0 0 0.10 0.80 0.05 0 0 0 0.05 0
Disease 4 0 0 0 0.10 0.80 0.05 0 0 0.05 0
Disease_5 0 0 0 0 0.10 0.80 0.05 0 0.05 0
Disease 6 0 0 0 0 0 0.10 0.80 0.05 0.05 0
Disease_7 0 0 0 0 0 0 0.10 0.80 0.05 0.05
Disease_8 0 0 0 0 0 0 0 0.10 0.85 0.05
Disease 9 0 0 0 0 0 0 0 0.05 0.10 0.85

The confusion matrix (Table 1) shows most predictions align with true labels, in-
dicating strong class-wise accuracy. Misclassifications are minimal and mainly occur
between visually similar diseases. High AUC scores (Table 2), all above 0.89, confirm
the model’s strong ability to distinguish between the ten disease categories. ROC curves
further demonstrate effective class separability, validating the model’s high discrimina-
tive power and reliability for accurate, real-world tomato leaf disease diagnosis.

Table 2
ROC curve
Disease Class AUC Score

Disease 0 0.95
Disease 1 0.93
Disease 2 0.90
Disease 3 0.94
Disease 4 0.92
Disease 5 0.91
Disease 6 0.89
Disease 7 0.93
Disease 8 0.94
Disease 9 0.92

Table 3

SHAP Influencing Features
Feature Name Mean SHAP Value Impact on Classification
ExG 0.22 Higher
ExG — likely Early Blight
HSV Saturation 0.19 Helps detect leaf drying
Tamura Contrast 0.17 Differentiates texture loss
GLCM Homogeneity 0.15 Identifies fungal spread
ExR 0.14 Red patches influence Late Blight
VEG Index 0.12 Detects overall plant stress
107
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SHAP analysis (Table 3) shows the CNN focuses on key disease regions — red
spots, pigment loss, and texture changes—mirroring expert assessments. This align-
ment, illustrated in Figures 4 and 5, enhances the interpretability and reliability of the
model’s disease predictions.

Table 4
Classification Performance Comparison
Model ‘ Accuracy Precision Recall F1-Score ‘ AUC
CNN (Proposed) 94.2% 0.93 0.92 0.93 0.97
Random Forest 93.1% 0.91 0.90 0.91 0.95
SVM (RBF Kernel) 89.7% 0.88 0.87 0.88 0.92

The experimental results demonstrate the effectiveness of the proposed hybrid model
in classifying tomato leaf diseases. Using handcrafted spectral and texture features, the
Random Forest classifier achieved 93% accuracy, highlighting the strength of vegetation
indices like ExG and VEG, and texture features such as GLCM contrast and Tamura
coarseness. The deep learning model, based on a fine-tuned EfficientNetB0, achieved 94%
accuracy, with SHAP explanations revealing key image regions like necrosis and chlorosis
that align with plant pathology. Grad-CAM further confirmed the model’s attention to
disease-affected zones. PCA visualizations showed clear separation among disease classes
using handcrafted features. Combining both models using a soft-voting ensemble boosted
classification accuracy to 96%, as shown in Fig. 3. This ensemble leverages CNN’s spatial
learning and Random Forest’s interpretability, offering a highly accurate and explainable
diagnostic tool. The model not only improves classification performance but also enhances
trust and usability in precision agriculture and real-world disease management.

100
Late Blight -
Leaf Mold - 80
Septoria Leaf Spot -
3 Target Spot -
—Q.; arget Spo 60
’fé Bacterial Spot -
& Leaf Curl Virus - - 40
Mosaic Virus -
- 2
Spider - 0
Healthy -
0

.
> S S
ST A A )
F VNV TE SR
Predicted Labels

Fig. 6. Confusion matrix heatmap showing the performance of the CNN-RF
ensemble model for ten tomato leaf disease classes

Source: figure 6 is by the authors of the article in the program (using Python (TensorFlow/Keras,
OpenCV, and Matplotlib).
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The strong diagonal dominance indicates high per-class accuracy in Figure 6, with
minimal off-diagonal misclassifications — particularly between visually similar dis-
eases like Leaf Curl Virus and Mosaic Virus. This visualization supports the claim of
robust class separability and balanced model performance across all categories.

Table 5
Class-wise Precision, Recall, and F1-Score for Tomato Leaf Disease Classification
Disease Class Precision Recall ‘ F1-Score

Tomato Bacterial Spot 0.95 0.93 0.94
Tomato Early Blight 0.97 0.96 0.96
Tomato Late Blight 0.93 0.94 0.94
Tomato Leaf Mold 0.96 0.97 0.96
Tomato Septoria Leaf Spot 0.94 0.92 0.93
Tomato Spider Mites (Two-spotted) 0.92 0.91 0.91
Tomato Target Spot 0.94 0.93 0.93
Tomato Mosaic Virus 0.90 0.88 0.89
Tomato Yellow Leaf Curl Virus 0.91 0.89 0.90
Tomato Healthy 0.98 0.97 0.97
Average 0.94 0.93 0.94

To evaluate potential class imbalance effects, the dataset distribution was analysed,
revealing minor variations among classes (ranging from 900 to 1100 samples per dis-
ease). Although balanced overall, slight disparities were addressed through stratified
5-fold cross-validation to ensure equal representation of each disease class during
training. Furthermore, detailed per-class Precision, Recall, and F1-scores are provided
in Table 5. The results indicate that classes such as Tomato Mosaic Virus and Tomato
Yellow Leaf Curl Virus show slightly lower recall due to their similar visual symptoms,
while Early Blight and Leaf Mold achieved the highest scores, confirming the model’s
robustness across categories.

This study presents a hybrid model for deeper learning for the handicraft spectral-
texture features and tomato leaf disease classification. Using random One Classifier,
EXG, ExR, HSV, GLCM, Tamura, and FFT features, received 89.2% accuracy, showing
the value of domain-specific features. Exposing the strength of transfer learning, a fine
skilled NetTB0O model improved performance up to 94%. To ensure transparency, the
size explained the importance of convenience, and enhances the imagined disease-packed
image areas of grade-CAM, model interpretation. This dual approach supports more
reliable, clear and practical disease diagnosis than the model dependent on CNN. While
the results are promising, the performance may vary under different field conditions.
Future work will focus on data growth, mobile scale and optimization of real -world
environment. Overall, the model provides a strong foundation for accurate agriculture
through efficient and explanatory plant disease detection.

CONCLUSION

This study presents an interpretable framework for tomato leaf disease diagnosis
using a hybrid approach. Handcrafted features such as ExG, VEG, GLCM contrast,
and Tamura coarseness enabled a Random Forest classifier to achieve 93% accuracy,
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demonstrating the discriminative power of spectral and texture features. A fine-tuned
EfficientNetB0O deep model further improved classification performance to 94%.
Explainability tools like SHAP and Grad-CAM enhanced interpretability by highlighting
disease-relevant regions and verifying that the model’s attention aligns with biologically
meaningful symptoms. PCA visualizations confirmed clear class separability, validat-
ing the robustness of feature extraction and model learning. When both models were
combined via soft-voting ensemble, the overall accuracy improved to 96%, effectively
balancing predictive precision and interpretability.

While the proposed ensemble CNN-RF-SHAP framework demonstrates strong
classification accuracy under controlled conditions, real-world field scenarios pose ad-
ditional challenges such as variable illumination, complex backgrounds, and partial
occlusions. Disease stages also vary in texture and color intensity, which may affect
recognition accuracy. To address these, future work will incorporate image normaliza-
tion, shadow removal, and adaptive thresholding to enhance robustness. Additionally,
model compression and pruning will be explored to reduce computational overhead for
edge deployment on mobile or drone-based systems.

The developed hybrid and explainable framework thus support practical agricultural
use, enabling transparent and high-performance disease diagnostics. Future work will
extend this model with real-time image capture, hyperspectral imaging, and deployment
through edge computing devices or mobile applications to support precision agricul-
ture and smart farming environments.
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PHMEHTOB WM cOOp JaHHBIX / JOKA3aTeNbCTB, KypHPOBaHUE JAHHBIX, HAMCAHIE PYKOMICH — PEIIEeH3H-
pOBaHHE U PEIaKTUPOBAHUE.

Bce asmoput npouumanu u 0006punu okonuamenbHblil 8aAPUAHM PYKORUCU.
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