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Automated diagnosis of plant diseases plays a critical role in enhancing agricultural
productivity. In this study, a high-performance hybrid classification framework is proposed
to accurately distinguish among 38 distinct plant leaf disease categories. The architecture
fuses deep semantic representations extracted from a pre-trained ResNet-50 network with
handcrafted textural and morphological features. To optimize computational efficiency and
prevent overfitting, the fused feature space was reduced to 256 dimensions using Principal
Component Analysis (PCA). The proposed framework was extensively benchmarked
against advanced state-of-the-art architectures. While baseline models using only
handcrafted features exhibited limitations, deep learning models such as DINOv2, ResNet-
152+CBAM and YOLOI11 demonstrated strong classification capabilities. Standing as a
highly competitive alternative to these advanced architectures, the proposed hybrid model
achieved a robust accuracy of 96.16%. The findings demonstrate that integrating deep and
handcrafted features provides a competitive, robust, and computationally efficient solution

for complex agricultural image classification tasks.

1. INTRODUCTION

The identification and classification of plant leaf diseases is
an important aspect of agricultural management. It
significantly affects crop yield and food safety. As global
agricultural practices evolve, the importance of timely and
accurate identification of diseases has increased [1]. The
development and use of machine learning (ML) and deep
learning (DL) methods in technology have become
widespread. It has opened new avenues for automating this
process. It has offered the potential to increase the accuracy of
disease detection [2]. This comparative study examines
various ML and DL approaches for identifying and classifying
plant leaf diseases using the New Plant Disease dataset
(https://www .kaggle.com/datasets/vipoooool/new-plant-
diseases-dataset). By examining this dataset, the strengths and
weaknesses of different methodologies have been highlighted.
To this end, insights into the effectiveness of each approach
have been provided. In addition to the ML and DL methods
applied in this study, data preprocessing and cluster number
determination processes were performed on the dataset. The
results of this study were evaluated through performance
metrics and comparative analysis of the datasets. A
comprehensive understanding of plant disease recognition and
classification is presented. Important insights were identified
in this research, challenges encountered were highlighted, and
recommendations for future research were provided.

The importance of automated systems for the detection and
classification of plant diseases is emphasized in order to
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increase agricultural productivity and ensure food security in
the face of growing global demands [3].

In the study conducted by Gupta et al. [4], ML is applied to
the Pear and Watermelon datasets, and 2,994 features were
used for classification. These features were generated by
adding the mean and standard deviation of each channel RGB,
as well as Gray-Level Co-occurrence Matrix (GLCM) and
Histogram of Oriented Gradients (HOG) features. The study
achieved a success rate of 93.4%. Additionally, class
imbalance is addressed using the Synthetic Minority Over-
sampling Technique (SMOTE).

Another study [5] presents a new plant leaf identification
approach that combines shape and texture features. The
proposed Multiscale Triangle Descriptor (MTD) is used to
characterize the leaf's shape information, while the Local
Binary Pattern Histogram Fourier (LBP-HF) is used as the
texture feature. Shape and texture features are combined with
weighted distance measurement; the distance is used for shape,
and the Chi-square distance is used for texture. The method is
tested on the Flavia, Swedish, and MEW2012 datasets. It
achieved classification accuracies of 99.16%, 98.48%, and
95.64%, respectively. The results are better than or
comparable to existing modern methods.

While recent studies have successfully applied architectures
such as EfficientNet, SimCLR, and ConvNeXt to plant disease
datasets, these works primarily focus on maximizing raw
accuracy, often overlooking the deployment constraints of
agricultural edge devices. Furthermore, existing literature
rarely quantifies the inherent statistical complexity of the
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datasets used for evaluation. To address these gaps, the
specific contributions of this study are threefold: (1) proposing
a hybrid feature-fusion framework that combines deep
ResNet-50 representations with handcrafted descriptors for
accurate yet lightweight classification; (2) providing a
statistical characterization of dataset complexity using GMM
with the AIC and BIC criteria; and (3) establishing a
comparative benchmark that explicitly measures the trade-off
between classification accuracy and model storage size. This
study provides a practical engineering perspective on selecting
suitable architectures for resource-constrained agricultural
systems by evaluating both ML workflows that combine
features derived from deep feature extraction with manually
crafted features, as well as modern DL models.

Gil et al. [6] tested various DL architectures on two different
datasets. The proposed ConvNeXt architecture achieved
accuracy rates of 99.47% and 93.83% on the Plant Village and
Plant  Pathology  datasets, respectively, following
hyperparameter optimization using the grid search method.
Galabuzi et al. [7] achieved a 99.65% accuracy using the
EfficientNet architecture with the New Plant Disease image
dataset. Another study using the New Plant Disease dataset is
the FL-EfficientNet model. The proposed FL-EfficientNet
model solved the sample imbalance problem in plant disease

classification using Focal Loss and reduced overfitting using
DropConnect. It demonstrated better performance than other
comparison networks with an average accuracy rate of 99.72%
and fast convergence time. These features provide a strong
foundation for deploying the model on mobile devices [8, 9].
Apleni et al. [10] proposed an ensemble model for the dataset.
A success rate of 97.00% is achieved by utilizing the features
of three different CNN architectures. Another study using this
dataset examines the effectiveness of self-supervised learning
(SSL) using contrastive learning of visual representations.
Unsupervised pre-training scenarios on unlabeled plant
images were investigated. The results showed that the
performance of SSL in plant disease detection is comparable
to that of traditional supervised learning approaches [11].
While DL models typically require massive datasets,
integrating targeted segmentation techniques can mitigate this
dependency. For instance, a recent study demonstrated that
employing FCM-based segmentation to isolate diseased
regions allowed a custom CNN architecture to achieve a 98%
classification accuracy on apple leaf diseases without relying
on a large-scale training set [12].

Relative studies and their characteristics are summarized in
Table 1.

Table 1. Studies using the New Plant Disease dataset and its features

Reference Primary Model / Transfer or Pretrained Notable Modifications or Modules Reported Top Accuracy
ConvNeXt . . o o
[6] Fine-tuned pretrained model Grid Search to optimize hyperparameters 99.47% and 93.83%
(7] EfficientNetBO ENet [8] 99.65% on the New Plant
Fine-tuned with Neural Architecture Search (NAS) disease Dataset
9] FL-EfficientNet (EfficientNet family variant) Moving flip bottleneck conv, attention 99.72% on the New Plant

NAS-informed design (custom)
Ensemble-based Feature Fusion
Pretrained CNNs
SimCLR pretraining + downstream classifier
Self-supervised pretrain then supervised classifier

VGG16, ResNet-50, InceptionV3

disease Dataset
97.00% on the New Plant
disease Dataset
Comparable to supervised
baseline

modules, Focal loss

Contrastive pretraining pipeline
(SimCLR)

2. PRELIMINARY INFORMATION
2.1 Traditional machine learning in agriculture

Traditional ML in agriculture relies on methods like
Support Vector Machine (SVM), Random Forest and K-
Nearest Neighbors (k-NN) for tasks such as disease detection,
yield forecasting and soil analysis, using imagery, spectral,
sensor and historical data. Random Forest and ensemble
methods generally demonstrate superior performance. SVM
widely used for image and spectral-based classification and
binary disease detection due to robust decision boundaries for
moderate feature dimensionality. Random Forest is used
extensively for regression and classification (yield, crop
recommendation, disease presence) because of its built-in
feature selection and resistance to overfitting. Decision tree is
used for interpretable rules and quick baseline models in crop
and soil decision tasks. k-NN is applied in similarity-based
classification and small-sample problems such as seed and
crop type recognition [13]. Naive Bayes and Linear
Discriminant Analysis (LDA) / Quadratic Discriminant
Analysis (QDA) are used for lightweight classifiers on
engineered features, especially where independence
assumptions hold roughly [14]. XGBoost classifier is
increasingly used for high-accuracy tabular predictions and
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crop recommendation and selection problems [15]. Clustering
and dimensionality reduction (k-means, Principal Component
Analysis (PCA), Self-Organizing Map (SOM)) are used for
unsupervised land-cover separation, anomaly detection and
feature reduction prior to modelling [13, 16].

Future trends and research directions are Automated
Machine Learning (AutoML) and pipeline optimization,
transfer learning and hybrid pipelines that combine
handcrafted features with deep feature extractors to work
under limited-label regimes and wider use of ensembles and
gradient boosting [15, 17, 18].

2.2 Convolutional neural networks

Deep convolutional neural networks (CNNs) have become
highly prominent in agricultural image classification due to
their superior feature extraction capabilities. The reported
accuracies are high on controlled datasets. Common datasets
are PlantVillage [19], Digipathos [20], Plant-DOC [21] and
other public or institutional datasets. Recent advancements in
smart farming have demonstrated the high efficacy of CNNs
in multi-class plant pathology; for instance, the Krishi-Konect
framework achieved an exceptional accuracy of 99.2% across
38 distinct crop and disease classes utilizing the PlantVillage
dataset [22]. InceptionV3 outperformed VGG19 in the six-



class leaf disease task (InceptionV3 = 0.97 accuracy, VGG19
~0.83) in a multi-model comparison [23]. To mitigate the high
parameter count typical of deep architectures, Hassan and Maji
[24] introduced a novel CNN utilizing depthwise separable
convolutions and inception layers, achieving a remarkable
99.39% classification accuracy on the PlantVillage dataset
while remaining computationally efficient. Also, a custom
nine-layer Deep CNN model significantly outperformed
traditional ML approaches, achieving a 96.46% accuracy rate
on a comprehensive dataset [25].

2.3 The shift to Vision Transformers and self-supervision

Vision Transformers (ViTs) adapt Transformer encoders
from natural language to images by splitting an image into
patch tokens and applying multi-head self-attention to model
global relations; positional embeddings and a classification
token produce downstream predictions. This patch-token
attention gives ViTs large representational capacity and less
built-in locality bias than CNNs, which can help capture long-
range agricultural patterns but increases reliance on suitable
pretraining data [26, 27].

SSL trains models on proxy tasks using unlabeled images,
producing task-agnostic feature extractors that reduce
dependency on costly annotations. In agriculture, where
labeled datasets are scarce, noisy, or costly, SSL enables
pretraining on abundant unlabeled field or satellite images and
improves downstream performance with far fewer labels [28,
29].

3. MATERIALS AND METHODS

The New Plant Disease image dataset
(https://www kaggle.com/datasets/vipoooool/new-plant-
diseases-dataset) consists of 38 classes. This dataset is
recreated using offline augmentation from the original dataset.
It consists of about 87,000 RGB images of healthy and
diseased plant leaves, divided into 38 different classes. To
strictly prevent data leakage and ensure robust evaluation, the
dataset split (70% training, 20% validation, and 10% test) was
conducted at the original image level prior to the application
of offline augmentation techniques. This protocol guarantees
that augmented variants or near-duplicate samples of the same
source leaf do not cross-contaminate the validation and test
sets, thereby confirming that the high accuracy rates are a true
reflection of the models' generalization capabilities rather than
dataset memorization. The training set contains 61,502
images, the validation set contains 17,574 images, and the test
set contains 8,791 images.

The dataset contains a new directory with 33 test images for
prediction purposes. Additionally, all images are 256 x 256 x
3 in size. Healthy and diseased leaf images from different plant
species in the New Plant Disease dataset are shown in Figure
1.

In this study, dataset complexity is approached through the
statistical density and structural distribution of the data rather
than simple visual background clutter. To statistically evaluate
this distribution, Gaussian Mixture Models (GMMs) were
utilized as an unsupervised density estimation tool. Instead of
direct class separability, we determined the optimal number of
components using the Akaike Information Criterion (AIC)
[30] and Bayesian Information Criterion (BIC) [31], which
serve as established model selection criteria. The criteria are
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defined as:

AIC = 2k — 2In(L) (1)

BIC = In(n)k — 2In(L) (2)
where, k is the number of parameters, n is the sample size, and
L is the maximum value of the likelihood function. A steady
decrease in these scores indicates an improved model fit to the
underlying feature space without excessive penalization for
complexity. As shown in Figure 2, the clear inflection point
converging at 38 clusters aligns with the structural variance of
the dataset, confirming that the latent feature space requires
robust model architectures capable of handling high-
dimensional representations.

For this purpose, one image is taken from each class and
resized to 224 x 224. Subsequently, 38 images were added
together (50176,3 each) to obtain a (1906688,3) dimensional
matrix. To evaluate the structural distribution of the dataset,
Gaussian Mixture Models (GMM) are employed as an
unsupervised density estimation technique. The optimal
number of Gaussian components is determined using the AIC
and BIC scores, which strictly function as model-selection
tools balancing goodness-of-fit against parameter complexity.
The GMM is initialized using the k-means algorithm, with the
number of components systematically tested across a range
from 2 to 40. To ensure reproducibility and convergence
stability, the model is configured with a full covariance matrix,
a random seed of 123, and 10 random initializations (n_init =
10). The Expectation-Maximization (EM) optimization
parameters included a convergence tolerance of 0.001, a
regularization covariance of le-06, and a maximum of 100
iterations. It is important to note that AIC and BIC do not
directly measure spatial class separability or simplicity; rather,
a relative decline and subsequent stabilization of these scores
indicate a suitable probabilistic representation of the
underlying feature space density without excessive overfitting.
It should be noted that this analysis is intentionally performed
at the raw pixel-level as a lightweight, model-agnostic
screening of the dataset’s global color-intensity distribution,
rather than as a measure of disease-class separability. A more
discriminative feature-space analysis — for example, applying
the same GMM/AIC/BIC procedure to deep ResNet-50
embeddings — is left as a direction for future work. The breaks
in the GMM created using AIC and BIC scores for the New
Plant Disease image dataset are shown in Figure 2.

The New Plant Disease dataset has image complexity and
computational complexity due to its big data characteristics
and the large number of classes it contains. For these reasons,
both ML and DL methods have been applied for object
recognition in the image data.

The ML methods (i) XGBoost classifier [32], (ii) Decision
Tree [33] and (iii)) SVM [34] are utilized for the classification
of the New Plant Disease image dataset.

DL models (iv) ResNet-152 [35], (v) YOLOL11 [36], and (vi)
DINOV2 [37] were trained for the classification of the New
Plant Disease image dataset. Unlike traditional supervised
learning, DINOvV2 operates on a self-supervised distillation
principle. It utilizes a student-teacher network architecture
where the student network learns to predict the output of the
teacher network. The teacher network is updated as an
exponential moving average (EMA) of the student weights,
ensuring stable training representations without the need for
negative pairs used in contrastive learning.
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Figure 1. Healthy and diseased leaf images from different plant species in the New Plant Disease dataset

The training hyperparameters of the models are described in

the implementation details section. Performance metrics,
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including accuracy, precision, recall, and F1 score, were used
to evaluate the effectiveness of each method across the
datasets.

BIC and AIC Suores Per Number OT Clusters

30405 8 7 8 9 w1213 1415 06 17 15 Wy 20 20 23 33 24 25 06 X 3§ 3 M GL 3R 33 343 36 5

Number of € usters

Figure 2. Breaks in the GMM created using AIC and BIC

scores for the New Plant Disease image dataset
Note: GMM = Gaussian Mixture Model; AIC = Akaike Information
Criterion; BIC = Bayesian Information Criterion.

4. IMPLEMENTATION DETAILS
4.1 Machine learning methods

In response to the necessity for a standardized and fair
comparative baseline, the traditional ML pipeline is
reconstructed utilizing a hybrid feature fusion strategy. Rather
than relying exclusively on low-level visual descriptors, a pre-
trained ResNet-50 architecture is deployed as a global deep
feature extractor. Note that this ResNet-50 backbone is used
solely as a fixed feature extractor for the hybrid machine-
learning pipeline and is distinct from the ResNet-152+CBAM
model evaluated as a standalone deep-learning classifier in
Section 4.2. The high-dimensional semantic representations
obtained from the deep backbone were subsequently
concatenated with handcrafted structural descriptors—
specifically, Haralick texture features [38], LBP [39], and
basic color statistics. This fusion mechanism effectively
bridges the gap between automated deep representation
learning and traditional textural analysis. Finally, SVM
classifier is trained on this concatenated feature space,
ensuring that the comparative analysis between ML and DL
architectures is rooted in an equivalent and fair foundation of
feature quality.

To establish a baseline and demonstrate the necessity of
integrating deep representations, an initial ablation study is
conducted using the handcrafted feature set solely. The 123-
dimensional vectors, encompassing GLCM Haralick textures,
LBP descriptors, and color channel statistics, were
standardized and fed into the XGBoost classifier, Decision
Tree, and SVM. The Decision Tree and SVM classifiers were
implemented using the sklearn library, while the XGBoost
classifier was implemented using the XGBoost library.

4.1.1 Feature extraction and fusion

The proposed hybrid classification framework is evaluated
on a comprehensive dataset consisting of 38 distinct plant
disease categories, partitioned into 61,502 training and 8,791
test samples. To capture both high-level semantic information
and low-level textural details, a dual-stream feature extraction
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strategy is employed. First, deep feature representations were
extracted using a pre-trained ResNet architecture, generating a
2048-dimensional vector for each image. Concurrently, a
robust set of handcrafted features, resulting in a 123-
dimensional vector, is computed to capture specific
morphological and textural characteristics. These two
complementary feature sets were then concatenated at the
feature level, resulting in a fused, high-dimensional feature
vector of 2171 dimensions (2048 deep + 123 handcrafted) per
sample.

4.1.2 Dimensionality reduction

Given the high dimensionality of the fused feature space
(2171 dimensions), feeding this data directly into a classifier
would be computationally expensive and prone to the curse of
dimensionality. To mitigate this, PCA is applied to the fused
feature vectors. The feature space is successfully reduced to
256 principal components, which collectively retained 92.0%
of the original variance. This strategic reduction significantly
optimized the computational efficiency while preserving the
most discriminative information required for accurate
classification.

4.1.3 Hyperparameter optimization

To ensure rigorous evaluation without data leakage, a 5-fold
cross-validation Grid Search method is applied to the training
set (61,502 samples) for each ML model.

Following hyperparameter optimization, the XGBoost
model that demonstrated the best performance is evaluated on
a previously unseen test dataset (8,791 samples). The model
achieved an overall accuracy rate of 91.59%, demonstrating
strong predictive capabilities. The macro-average and
weighted-average F1 scores were recorded at 91.50% and
91.53%, respectively, indicating consistent performance even
with an imbalanced class distribution. A detailed analysis of
the classification metrics reveals exceptional recognition rates
for specific categories; for instance, Corn Common Rust and
Cherry Healthy achieved F1-scores of 98.27% and 98.11%,
respectively. However, the model exhibited relative difficulty
in distinguishing visually subtle or overlapping symptoms in
certain classes, such as Tomato Septoria Leaf Spot (F1-score:
79.90%) and Pepper Bell Healthy (F1-score: 83.64%).
Overall, the optimized XGBoost framework has proven to be
a highly competitive classifier for complex multi-class plant
pathology tasks.

In the optimization table for the decision tree, various
structural parameters were examined, including the splitting
criterion, the maximum tree depth, and the minimum number
of samples required to split an internal node or create a leaf
node. Grid Search identified the optimal architecture using the
‘entropy’ criterion (maximizing Information Gain), a
maximum depth capped at 15, a ‘min_samples_split’ set to 10,
and a ‘min_samples_leaf” set to 4. This highly structured
architecture achieved a cross-validation score of 54.72%
during the training phase.

Hyperparameter optimization was performed on the SVM
algorithm using 5-fold cross-validation and the Grid Search
method. As a result of the search, the most successful model
parameters are determined to be C = 100, y = 0.01, and the
‘Radial Basis Function’ (RBF) as the kernel function. The best
cross-validation accuracy on the training data is measured at
83.11%.

Hyperparameter tuning for the XGBoost classifier was
performed utilizing an exhaustive grid search strategy.



Evaluated via 5-fold cross-validation, the model achieved its
highest performance metric (89.60%) using a learning rate of
0.2, a maximum tree depth of 7, and 200 estimators.

4.2 Deep learning methods

ResNet-152+CBAM, YOLOI11 and DINOv2, which are
frequently used DL architectures, form the basis for
classification.

As neural networks become deeper, they often suffer from
the 'vanishing gradient' problem, where gradients become
infinitesimally small during backpropagation, halting the
learning process. ResNet-152 addresses this by utilizing 'skip
connections' (or residual blocks) that allow the gradient to
bypass layers and flow directly to earlier parts of the network.
This enables the training of significantly deeper networks
without performance degradation, allowing the model to
capture highly complex, hierarchical features of plant diseases.

While YOLO architectures are traditionally recognized for
object detection through bounding box regression, this study
leverages the YOLOI1 architecture specifically in its
classification mode (via the Ultralytics framework). In this
configuration, the bounding box regression head and
associated detection metrics (such as mean average precision
(mAP) or intersection over union (IoU)) are omitted. Instead,
the YOLOI11 backbone acts as a highly efficient feature
extractor, passing the learned representations to a global
average pooling layer and a fully connected classification
head. Designed for direct image-level classification, these
models eliminate complex post-processing steps. This
structural simplicity drastically reduces computational
latency, enabling real-time inference on resource-constrained
agricultural embedded systems.

Unlike standard supervised learning that relies heavily on
labeled data, DINOvV?2 utilizes a self-supervised approach with
a student-teacher network architecture. It employs a
discriminative self-supervised method where the model learns
to match the output of a 'student' network to a 'teacher'
network. This allows the model to learn robust features (like
leaf texture and shape) without explicit labels, making it
highly effective for complex agricultural datasets where
labeling is expensive.

All DL models were retrained across three independent runs
using the fixed random seeds 42, 123 and 1024 to ensure

reproducibility and the reported metrics correspond to the
mean + standard deviation across these runs. The models are
trained using Cross Entropy loss. MixUp technique and
exponential learning rate decay were utilized during training
time. To improve the model’s generalization ability and
prevent overfitting, a series of data augmentation and
preprocessing steps were applied during the training phase.
The input images were first subjected to random horizontal
flipping and then to random rotations sampled at equal
intervals within the range [—10°, 10°]. Following the
geometric transformations, the images were converted into
tensors and resized to the predefined network input
dimensions using bicubic interpolation. Finally, the image
tensors were normalized using the dataset’s standard mean and
standard deviation values. The Python programming language
and the PyTorch framework were used as the software
development environment.

The DINOv2 model is used in conjunction with the pre-
trained dinov2_vits14 model, and the features extracted from
the model were fed into a two-layer feed-forward neural
network. From the Ultralytics library, the pretrained
YOLO1 1x-cls model is used for the YOLO11 training. ResNet-
152 with Convolutional Block Attention Module (CBAM)
model doesn’t use pre-trained weights. The model’s parameter
count, computation, and model size metrics are given in Table
2. All reported model sizes correspond to the on-disk size of
the FP32 model weights (parameters only), excluding
optimizer states, gradients, and auxiliary checkpoint metadata,
thereby ensuring a consistent and architecture-independent
basis for comparison.

The model training parameters for the ResNet-152+CBAM,
YOLO11, and DINOv2 DL models are summarized in Table
3. To ensure the interpretability of the DL predictions and
address the "black-box" nature of these architectures,
Gradient-weighted Class Activation Mapping (Grad-CAM) is
applied. Unlike isolated heatmaps, Figure 3 presents a
comparative composite visualization encompassing the
original input image, the ground truth label, the predicted
class, and the superimposed Grad-CAM heatmap. This
structured visualization rigorously demonstrates whether the
models' high confidence scores are correctly localizing the
actual pathological lesions or spuriously focusing on
background noise, offering a transparent view into both correct
predictions and edge-case failures.

Table 2. Deep learning (DL) model’s parameter counts, sizes

Model Total Params (M) Computation (GFLOPs) Model Size (MB)
ResNet-152+CBAM 64.80 240.83 259.22
YOLOI11 28.40 111.0 108.36
DINOv2 22.16 2.54 86.55

Table 3. Model training parameters table for ResNet-152 + CBAM, YOLO11, and DINOv2 deep learning (DL) models

Models/PARAMETERS ResNet-152 + CBAM YOLOL11 DINOv2
Pretrained Model none yolol11x-cls dinov2_vits14
Batch Size 64 128 64
Initial Learning Rate le-2 le-2 le-6
MixUp Used Used Not Used
Optimizer AdamW SGD (m?ir:f;;uglo%gg; » weight Adam
Dropout 0.0 0.1 0.0
Scheduler (Gamma) 0.99 linear (Irf = 0.01) 0.98
Epoch 100 100 100
Input Size 256 x 256 224 x 224 224 x 224




Grad-CAM Image

(2) True label: Pepper, bell
Bacterial spot.

(1) True predicted label:
Pepper, bell Bacterial spot.
Confidence: 100%

(3) True predicted label:
Tomato Late blight.
Confidence: 99.07%

(4) True label: Tomato Late
blight.

(5) rg predicted label:
Tomato Leaf Mold.
Confidence: 40.05%

(6) True label: Tomato Late
blight.

(7) True predicted label:
Tomato Late blight.
Confidence: <40.05%
w

(8) True label: Tomato Late
blight.

(9) True predicted label:
Tomato Late blight.
Confidence: 98.95%

(10) True label: Tomato
Late blight.

Figure 3. Grad-CAM Images: (1) Prediction with YOLO11.
(3) Prediction with ResNet-152+CBAM. (5) Wrong
prediction with ResNet-152+CBAM. (7) True prediction
with ResNet-152+CBAM. (9) Prediction with DINOv2

5. RESULTS AND DISCUSSION

To provide a comprehensive evaluation across the 38-class
problem and to strictly account for potential class imbalances,
performance is reported utilizing macro-averaged metrics
alongside weighted averages. Furthermore, to evaluate
algorithmic stability, DL model training is repeated over 3
times, yielding mean + standard deviation scores across key
metrics. A detailed per-class precision and recall analysis,
supported by the Confusion Matrix (see Figure 4), reveals that
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while overall accuracy is exceptionally high, the rare
misclassifications  primarily occur between visually
homologous disease stages, such as the early necrotic lesions
of '"Tomato Late Blight' and 'Tomato Leaf Mold'; for instance,
only 1 of the 253 'Tomato Late Blight' samples was
misclassified as 'Tomato Leaf Mold'.

While the XGBoost classifier achieved a respectable
91.59% accuracy using only structural and textural features,
the integration of deep semantic representations (ResNet-50)
paired with an SVM significantly elevated the diagnostic
accuracy to 96.16%, highlighting the necessity of deep feature
fusion for resolving visually ambiguous disease classes like
Tomato Septoria Leaf Spot.

A detailed analysis conducted on a class-by-class basis
reveals the limitations of a single-tree architecture in a high-
dimensional feature space. Although the model demonstrated
exceptional performance in visually distinct categories such as
Corn Common Rust (F1 score: 94.30%) and Early Blight of
Potato (F1 score: 87.61%), its predictive ability significantly
decreased in classes with subtle and overlapping symptoms. In
particular, the F1 scores for tomato Septoria leaf spot, pepper
healthy, and apple scab dropped to 41.79%, 43.84%, and
45.07%, respectively. These key findings demonstrate that
while a Decision Tree alone can capture the basic data
distribution, it lacks the nonlinear classification capacity
required for robust and large-scale plant pathology diagnosis.
The optimized decision tree model is evaluated on an unseen
test set (8,791 examples). As a weak learner on its own, the
classifier achieved a moderate overall accuracy of 68.34%,
while the macro-average and weighted-average F1 scores were
68.39% and 68.26%, respectively.

When evaluated on an unseen test set (8,791 examples), the
optimized SVM model achieved an overall accuracy of
88.68%. The macro-average and weighted-average F1 scores
were consistent at 88.62% and 88.63%, respectively. This
represents a significant improvement over the baseline
independent Decision Tree (68.34%) and demonstrates that
morphological and textural features are better distinguished by
hyperplanes that maximize the margin.

The Model, Accuracy, Weighted Average Precision,
Weighted Average Recall, Weighted Average F1 Score,
Macro Average Precision, Macro Average Recall and Macro
Average F1 score values of ML and DL models in the
classification of the New Plant Disease image dataset are
provided in Table 4. Also, the best model’s confusion matrix
is given in Figure 4.

While state-of-the-art DL architectures such as YOLOI11
and ResNet-152+CBAM achieve substantially higher
accuracy than the proposed hybrid model, this study does not
claim equivalent performance. On the 8,791-image test set, the
deep learning models reached 99.89% (YOLOI11), 99.68%
(ResNet-152+CBAM), and 99.13% (Dinov2), exceeding the
hybrid model (96.16%) by approximately 3.0 to 4.7 percentage
points, and they therefore provide clearly superior
classification accuracy. However, these models operate with
tens of millions of parameters (e.g., YOLO11x with over 28
million parameters) and require substantial GPU memory and
computational resources. By contrast, the proposed hybrid
PCA-SVM architecture requires only 8,072,928 trainable
parameters and occupies a mere 68.96 MB of physical storage.
The advantage of the proposed framework therefore lies not in
matching the accuracy of these deep networks, but in its
compact model design, its feature-fusion strategy and its
markedly lower resource requirements, which indicate



potential for deployment on resource-constrained agricultural systems, subject to future on-device benchmarking.

Table 4. Machine learning (ML) and deep learning (DL) model values for the classification of the New Plant Disease image
dataset: Model, Accuracy, Weighted Average Precision, Weighted Average Recall, Weighted Average F1 Score, Macro Average
Precision, Macro Average Recall and Macro Average F1 Score

Model Accuracy Precision* Recall* F1 Score* Precision** Recall** F1 Score**

XGBoost 0.9159 0.9162 0.9159 0.9153 0.9158 0.9158 0.9150

DT 0.6834 0.6838 0.6834 0.6826 0.6843 0.6855 0.6839

SVM 0.8868 0.8875 0.8868 0.8863 0.8868 0.8874 0.8862

Hybrid Model 0.9616 0.9618 0.9616 0.9616 0.9610 0.9608 0.9608
ResNet-152+CBAM 99.68+£0.39  99.69+038  99.68+039  99.68+040 99.68+039  99.67+041 99.67 +0.41
YOLOI11 99.89+0.03  99.89+£0.03 99.89+0.03 99.89+0.03 99.89+£0.02 9990+0.02  99.89 +0.02
DINOv2 99.13+0.09  99.15+£0.09 99.13+£0.09  99.13+£0.09 99.12+£0.09 99.11+£0.10  99.12 +£0.08

Note: XGBoost = Extreme Gradient Boosting; DT = Decision Tree; SVM = Support Vector Machine; CBAM = Convolutional Block Attention Module;
YOLOI11 = You Only Look Once version 11; DINOv2 = Self-supervised Vision Transformer version 2; PCA = Principal Component Analysis.
*Weighted average, ** Macro average
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Figure 4. Confusion matrix of ResNet-152+CBAM with seed 123 best checkpoint
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Although manual feature extraction initially entailed a high
computational cost (approximately 1.8 hours), reducing the
dimensionality to 256 using PCA made the model extremely
fast during the testing/inference phase and suitable for real-
time applications.

While this study establishes a robust comparative baseline
regarding feature quality and theoretical computational cost,
future research is fundamentally required to validate these
findings on physical agricultural embedded systems.
Subsequent studies will focus on deploying these optimized
models—particularly the YOLO11 architecture—on hardware
accelerators such as NVIDIA Jetson edge nodes to rigorously
benchmark real-time inference latency Frame Per Second
(FPS), thermal behavior, and power consumption in dynamic
field environments. External field-condition validation is
acknowledged as an important next step and is planned for
future work, as no suitable in-domain field dataset was
available within the current revision scope.

6. CONCLUSIONS

This study presented a comparative evaluation of traditional
ML and modern DL architectures for plant leaf disease
classification on the 38-class New Plant Disease dataset, with
an emphasis on the trade-off between feature quality,
classification accuracy, and model storage cost. To ensure a
fair comparison, a hybrid pipeline was constructed in which
deep semantic features extracted from a pre-trained ResNet-50
backbone were fused with handcrafted textural and color
descriptors and reduced to 256 dimensions using PCA. The
proposed hybrid model reached an accuracy of 96.16%,
substantially improving upon the handcrafted-only baseline
(91.59% with XGBoost) and approaching the performance of
the DL models — YOLOI11 (99.89%), ResNet-152+CBAM
(99.68%), and DINOvV2 (99.13%), averaged over three
independent runs — while requiring only about 8.07 million
parameters and 68.96 MB of storage.

These results indicate that fusing deep and handcrafted
representations offers a competitive yet computationally
efficient alternative to large end-to-end deep networks, which
is particularly relevant for resource-constrained agricultural
deployment. The GMM analysis, guided by the AIC and BIC
criteria, further provided a probabilistic characterization of the
dataset's structural distribution rather than a direct measure of
class separability.

The present findings are, however, limited to a single,
controlled, augmentation-based dataset and to the reported
training configuration; the reported model sizes reflect FP32
parameter storage rather than on-device runtime cost.
Accordingly, future work will focus on validating the models
on external, field-acquired datasets, on benchmarking real-
time inference latency, memory, and power consumption on
embedded hardware such as NVIDIA Jetson edge nodes, and
on extending the complexity analysis to the deep feature space.
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