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Abstract: Plant diseases significantly threaten global agricultural productivity and food security, causing annual crop yield
losses of up to 30%. Early and accurate detection of plant diseases is essential for implementing timely intervention strategies
and ensuring sustainable agricultural practices. Recent advances in deep learning have revolutionized automated plant
disease detection using leaf images. This study proposes a robust deep learning framework based on ResNet101 integrated
with a Feature Pyramid Network (FPN) for multi-class plant disease classification. The model is trained and evaluated using
the comprehensive PlantVillage dataset containing 38 distinct plant disease classes across multiple crop species. The Feature
Pyramid Network extracts multi-scale features from different layers of the backbone network, enabling the model to capture
both fine-grained texture details and high-level semantic information essential for distinguishing visually similar disease
symptoms. The proposed architecture employs transfer learning with ImageNet pre-trained weights and is optimized using
the Adam optimizer with sparse categorical crossentropy loss. Experimental results demonstrate exceptional performance
with macro-averaged precision of 99.45%, recall of 99.54%, and F1-score of 99.50% across 10,861 test samples.
Comprehensive evaluation using confusion matrix analysis, Receiver Operating Characteristic (ROC) curves, and feature
map visualization confirms the robustness and discriminative capability of the proposed approach. The results indicate that
the ResNet101-FPN model provides a reliable, scalable, and deployable solution for automated plant disease diagnosis in
precision agriculture systems.
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I INTRODUCTION health. Traditional plant disease diagnosis relies heavily on

manual visual inspection by agricultural extension workers

Agriculture serves as the foundation of global food
security, providing sustenance for the world's growing
population while supporting economic livelihoods across rural
communities. The Food and Agriculture Organization (FAQ)
estimates that agricultural production must increase by
approximately 70% by 2050 to meet the demands of an
expected 9.7 billion global population [1]. However, this
productivity target faces significant challenges from plant
diseases, which according to agricultural research, are
responsible for reducing global crop production by 20-30%
annually, with economic losses exceeding $220 billion [2].
These losses are particularly devastating in developing regions
where agriculture forms the primary economic activity and
food access is already precarious.

Plant diseases manifest through various symptoms
including leaf spots, blights, rusts, mildews, and wilting
patterns that affect photosynthetic efficiency and overall plant
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and plant pathology experts. While experienced professionals
can achieve reasonable accuracy, this approach suffers from
several fundamental limitations: it is time-consuming and
labor-intensive, particularly in large-scale farming operations;
it is inherently subjective, with diagnostic accuracy varying
based on individual expertise; it requires specialized training
that may not be accessible in resource-limited regions; and it
becomes impractical when diseases appear simultaneously
across widespread geographical areas [3]. Furthermore, many
developing nations face critical shortages of plant
pathologists, creating significant gaps in disease surveillance
and early warning systems.

The convergence of computer vision and artificial
intelligence has opened new frontiers for automated
agricultural diagnostics. Convolutional Neural Networks
(CNNSs), a class of deep learning architectures designed for
visual pattern recognition, have demonstrated remarkable
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capabilities in image classification tasks across diverse
domains including medical imaging, autonomous navigation,
and agricultural applications [4]. CNNs automatically learn
hierarchical feature representations directly from raw image
data, eliminating the need for handcrafted feature extraction
that characterized traditional machine learning approaches.
This automatic feature learning capability is particularly
valuable for plant disease recognition, where disease
symptoms exhibit considerable intra-class variation due to
differences in lighting conditions, leaf orientation, growth
stage, and disease progression.

Despite significant advances in CNN-based plant disease
classification, several challenges persist. Diseases affecting
different plant species often present visually similar
symptoms, making discrimination difficult even for
experienced human observers. For instance, early blight and
late blight in tomatoes produce similar concentric ring
patterns, while bacterial spot and bacterial speck both manifest
as small necrotic lesions on leaf surfaces [5]. Additionally,
disease symptoms appear at multiple spatial scales: localized
lesions may be only a few millimeters in diameter, while
widespread chlorosis or necrosis can affect entire leaf
surfaces. A classification architecture must therefore capture
both fine-grained textural details and global structural patterns
to achieve robust discrimination.

To address these challenges, this study proposes an
integrated deep learning framework combining ResNet101, a
deep residual network architecture, with a Feature Pyramid
Network (FPN) for multi-scale feature extraction. Feature
Pyramid Networks, originally developed for object detection
tasks, construct multi-scale feature representations by
combining low-resolution, semantically strong features with
high-resolution, spatially detailed features through top-down
pathways and lateral connections [6]. This architectural design
enables the model to maintain rich spatial information while
incorporating high-level semantic context, making it
particularly suitable for plant disease classification where both
local texture patterns and global leaf characteristics are
diagnostically relevant.

» The Major Contributions of this Study Include:

e Development of a novel ResNet101-FPN deep learning
framework specifically designed for multi-class plant
disease classification, addressing the limitations of single-
scale feature extraction approaches

e Systematic utilization of multi-scale feature extraction
through Feature Pyramid Networks to capture disease
symptoms at varying spatial scales, from fine-grained
lesion textures to whole-leaf structural patterns

e Comprehensive quantitative and qualitative evaluation
using confusion matrix analysis, ROC curve examination,
and feature map visualization to validate model
performance and interpretability

o Achievement of state-of-the-art performance with 99.5%
macro Fl-score across 38 plant disease categories,
demonstrating the effectiveness of multi-scale feature
fusion
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e Provision of detailed architectural specifications and
training methodologies to enable reproducible research
and practical deployment in agricultural settings

The remainder of this paper is organized as follows:
Section Il reviews related work in plant disease detection,
CNN architectures, and multi-scale feature extraction. Section
11 presents the detailed methodology including dataset
description, preprocessing techniques, architectural design,
and training strategies. Section IV reports experimental results
with comprehensive performance analysis. Section V
discusses the implications of findings, limitations, and future
research directions. Section VI concludes the paper with
summary of contributions and recommendations for practical
implementation.

1. LITERATURE REVIEW

» Traditional Approaches to Plant Disease Detection

Early research in plant disease detection relied
extensively on traditional image processing techniques and
handcrafted feature extraction. These approaches typically
followed a pipeline of image acquisition, preprocessing,
segmentation of diseased regions, feature extraction, and
classification using conventional machine learning
algorithms. Color-based segmentation techniques, particularly
thresholding in various color spaces such as RGB, HSV, and
L*a*b*, were commonly employed to isolate diseased leaf
regions from healthy tissue [7]. Texture analysis methods
including Gray-Level Co-occurrence Matrices (GLCM),
Local Binary Patterns (LBP), and Gabor filters provided
statistical descriptions of disease patterns based on spatial
arrangements of pixel intensities [8].

Following feature extraction, various classifiers were
applied for disease identification. Support Vector Machines
(SVM) with different kernel functions demonstrated particular
popularity due to their effectiveness in high-dimensional
feature spaces [9]. k-Nearest Neighbors (k-NN) classifiers
offered intuitive distance-based classification, while Random
Forest ensembles provided robustness through multiple
decision trees [10]. Artur et al. [11] achieved 86% accuracy
using SVM with GLCM features for soybean disease
classification, while Mekhaet al. [12] reported 89% accuracy
combining color and texture features with Random Forest for
rice disease detection. Despite these achievements, traditional
approaches  suffered from fundamental limitations.
Handcrafted features were inherently constrained by human
design choices and might not capture the most discriminative
characteristics for specific disease types. The feature
engineering process required domain expertise and extensive
experimentation to identify optimal feature combinations.
Moreover, these methods demonstrated limited generalization
capability across different imaging conditions, plant species,
and disease stages, restricting their practical applicability in
real-world agricultural settings.

> Deep Learning for Plant Disease Classification

The emergence of deep learning, particularly
Convolutional Neural Networks, transformed the landscape of
image-based plant disease detection. Unlike traditional
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approaches requiring manual feature engineering, CNNs
automatically learn hierarchical feature representations
directly from training data, with lower layers capturing simple
patterns such as edges and textures, while deeper layers
combine these into complex, task-specific features [13].
Sladojevic et al. [14] pioneered the application of deep
learning for plant disease recognition, developing a CNN-
based model that achieved 96.3% accuracy on a dataset of 13
disease classes. Their work demonstrated the potential of deep
learning to outperform traditional approaches and established
foundations for subsequent research. Mohanty et al. [15]
conducted comprehensive experiments using AlexNet and
GooglLeNet architectures on the PlantVillage dataset,
achieving 99.35% accuracy under controlled conditions while
also investigating the impact of training strategies and dataset
characteristics on model performance.

Ferentinos [16] systematically evaluated multiple deep
CNN architectures including AlexNet, VGGNet, and
GoogLeNet for plant disease detection across 58 classes,
reporting accuracy exceeding 99% for several configurations.
Their comparative analysis revealed that deeper architectures
generally achieved superior performance, though with
increased computational requirements. Too et al. [17]
extended this investigation to include ResNet and DenseNet
architectures, demonstrating that residual connections and
dense connectivity patterns improved both accuracy and
training efficiency. The effectiveness of transfer learning for
plant disease classification has been extensively documented.
Transfer learning leverages knowledge acquired from large-
scale datasets such as ImageNet (containing over 14 million
images across 1000 categories) and adapts this knowledge to
target domains with limited training data [18]. This approach
is particularly valuable for agricultural applications where
collecting large, annotated datasets remains challenging.
Researchers have successfully applied transfer learning with
various backbone architectures including VGG16, VGG19,
ResNet50, InceptionV3, and EfficientNet [19-20].

» Multi-Scale Feature Extraction in Plant Disease
Detection

The recognition that plant disease symptoms manifest at
multiple spatial scales has motivated research into multi-scale
feature extraction techniques. Disease identification requires
analysis of both local patterns (individual lesions, spots, or
pustules) and global characteristics (overall leaf discoloration,
wilting patterns, or structural deformations). Traditional
single-scale CNN architectures may inadequately capture this
multi-scale information, potentially missing diagnostically
relevant features. Feature Pyramid Networks (FPN),
introduced by Lin et al. [6] for object detection, provide an
elegant solution for multi-scale feature representation. FPN
constructs pyramid-shaped feature hierarchies by combining
low-resolution, semantically strong features from deeper
network layers with high-resolution, spatially detailed features
from shallower layers through top-down pathways and lateral
connections. This architecture maintains rich spatial
information while incorporating high-level semantic context,
enabling robust multi-scale analysis.
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Several studies have explored FPN integration for plant
disease detection. Liu et al. [21] developed an improved
SOLOv2 instance segmentation method incorporating
ResNet-101 with FPN for tomato leaf disease detection,
achieving mean Average Precision (mAP) of 42.3% with real-
time processing capabilities. Wang et al. [22] proposed
PYOLO, integrating BiFPN (weighted bidirectional FPN)
with  YOLOv8n for enhanced multi-scale plant disease
detection, demonstrating 4.1% mAP improvement over
baseline YOLOv8n. Recent work by Rahman et al. [23]
optimized Faster R-CNN with dilated ResNet-101-FPN
backbone for real-time rice leaf disease detection, achieving
79.9% mAP at 28 FPS with particular strength in detecting
sub-5mm lesions.

> Research Gap and Motivation

While existing research has demonstrated the potential
of deep learning for plant disease classification and the value
of multi-scale feature extraction, several gaps remain
unaddressed. First, most studies employing FPN have focused
on object detection or segmentation tasks rather than pure
classification, limiting direct applicability to disease
identification scenarios where only image-level labels are
available. Second, comprehensive evaluation of FPN
integration with deep residual networks for multi-class disease
classification across diverse plant species and disease types
requires further investigation. Third, interpretability analysis
through  feature  visualization techniques  remains
underexplored for FPN-based architectures in agricultural
applications.

This study addresses these gaps by developing and
comprehensively evaluating a ResNet101-FPN framework
specifically designed for multi-class plant disease
classification, with detailed performance analysis including
confusion matrices, ROC curves, and feature map
visualization to enhance model interpretability and
demonstrate practical utility.

. METHODOLOGY
A. Dataset Description and Preprocessing

» PlantVillage Dataset Overview

The PlantVillage dataset, developed by Hughes and
Salathé [24] at Penn State University, serves as the primary
data source for this study. This publicly available dataset has
become a benchmark for plant disease classification research
due to its comprehensive coverage, high-quality annotations,
and controlled imaging conditions. The dataset contains
54,306 images of plant leaves across 14 crop species and 38
disease classes, including both healthy and diseased
specimens.

Table 1 presents the detailed class distribution for the
PlantVillage dataset used in this study. The dataset
encompasses major agricultural crops including tomato,
potato, pepper, apple, cherry, peach, corn, grape, strawberry,
and squash, with multiple disease conditions per crop species
where applicable.
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Crop Species Class Name Number of Images
Apple Apple scab 630
Apple Black rot 621
Apple Cedar apple rust 275
Apple Healthy 1645

Blueberry Healthy 1502
Cherry Powdery mildew 1052
Cherry Healthy 854

Corn Cercospora leaf spot 513
Corn Common rust 1192
Corn Northern Leaf Blight 985
Corn Healthy 1162
Grape Black rot 1180
Grape Esca (Black Measles) 1383
Grape Leaf blight 1076
Grape Healthy 423
Orange Haunglongbing (Citrus greening) 5507
Peach Bacterial spot 2297
Peach Healthy 360
Pepper Bacterial spot 997
Pepper Healthy 1478
Potato Early blight 1000
Potato Late blight 1000
Potato Healthy 152
Raspberry Healthy 371
Soybean Healthy 5090
Squash Powdery mildew 1735

Strawberry Leaf scorch 1109

Strawberry Healthy 456
Tomato Bacterial spot 2127
Tomato Early blight 1000
Tomato Late blight 1909
Tomato Leaf Mold 952
Tomato Septoria leaf spot 1771
Tomato Spider mites 1676
Tomato Target Spot 1404
Tomato Yellow Leaf Curl Virus 5357
Tomato Mosaic virus 373
Tomato Healthy 1591

Figure 1 shows some example images from the dataset along with their corresponding diseases. In this work a new model that
can classify 38 type of plant disease is proposed.
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Fig 1 Grid of Images Contains Plants and Their Corresponding Diseases.

» Dataset Organization and Splitting

To ensure rigorous evaluation and prevent data leakage,
the dataset was systematically organized into training,
validation, and test sets using stratified splitting to maintain
class distribution proportions. The training set comprised
70% of the data (38,014 images), the validation set 15%
(8,146 images), and the test set 15% (8,146 images). This
allocation ensures adequate samples for model training while
maintaining sufficiently large validation and test sets for
reliable performance estimation.

» Image Preprocessing Pipeline

All images underwent standardized preprocessing to
ensure compatibility with the ResNet101 architecture and
improve training efficiency:

e Resizing:

Images were resized to 224 x 224 pixels using bilinear
interpolation, matching the input dimensions expected by
ResNet101 pre-trained on ImageNet. This resolution balances
computational efficiency with preservation of diagnostically
relevant visual information.

o Color Space Conversion:

Images were converted to RGB format with three
channels, normalizing pixel values to the range [0, 1] through
division by 255.0. This normalization accelerates convergence
during training by maintaining consistent input statistics.

o Data Type Conversion:

Images were cast to float32 data type for compatibility
with TensorFlow operations and GPU processing.

IJISRT26MAR266

e Batching and Prefetching:
The TensorFlow data pipeline implemented the
following optimizations:

v’ Batch size of 32 images for training, 32 for Validation

v Dataset caching to avoid repeated preprocessing
operations

v’ Prefetching with buffer size tf.data. AUTOTUNE to
overlap data preprocessing and model execution

v Shuffle buffer size of 1000 for training data to ensure
randomness

B. Proposed ResNet101-FPN Architecture

> ResNet101 Backbone

ResNet (Residual Network), introduced by He et al.
[25], addresses the degradation problem observed in very deep
neural networks where accuracy saturates and then degrades
rapidly with increasing network depth. This degradation is not
caused by overfitting but by optimization difficulties in
training extremely deep architectures. ResNet introduces skip
connections (also called residual connections) that allow
gradients to flow directly through the network, enabling
training of networks with hundreds of layers. The fundamental
building block of ResNet is the residual module, which learns
residual mappings with reference to layer inputs rather than
learning unreferenced functions. Formally, if H(x) represents
the desired underlying mapping, the stacked nonlinear layers
fit another mapping F(x) = H(X) - x, and the original mapping
becomes F(x) + x. This formulation is implemented through
skip connections that perform identity mapping, adding the
input of a layer to its output.
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ResNet101 specifically contains 101 convolutional
layers organized into five stages, each containing multiple
residual blocks. Table 2 presents the detailed architecture of
ResNet101 as used in this study.

Table 2 ResNet101 Architecture Details

Layer Name Output Size ResNet101 Configuration
Convl 112x 112 7x7, 64, stride 2
3x3 max pool, stride 2
Conv2_x 56 x 56 1x1,64;3%3,64;1x1,256 x 3
Conv3 x 28 x 28 1x1,128;3%x3,128;1x1,512 x 4
Conv4_x 14 x 14 1x1,256;3x%3,256;1x1,1024 x 23
Conv5_x 7x7 1x1,512;3x3,512;1x1,2048 x 3
1x1 Global average pooling

» Feature Pyramid Network Integration

The Feature Pyramid Network enhances the ResNet101
backbone by constructing multi-scale feature representations
through a top-down architecture with lateral connections. FPN
addresses the limitation of traditional CNN feature pyramids,
which lose spatial resolution as network depth increases, by
combining semantically strong features from deeper layers
with spatially rich features from shallower layers.

In our implementation, feature maps are extracted from
three intermediate layers of ResNet101:

e C3: Output of conv3 block4 out (third convolutional
stage) with spatial resolution 56x56

e C4: Output of conv4_block23 out (fourth convolutional
stage) with spatial resolution 28x28

e C5: Output of convs_block3_out (fifth convolutional stage)
with spatial resolution 14x14

The FPN constructs pyramid levels P3, P4, and P5
corresponding to these feature maps through the following
process:

v’ Lateral connections:

1x1 convolutions reduce channel dimensions of C3, C4,
and C5 to a consistent 256 channels, producing lateral feature
maps L3, L4, and L5

v' Top-down pathway:

Starting from the highest level (C5/L5), feature maps are
upsampled by factor 2 using nearest-neighbor interpolation
and merged with lateral connections from the previous level
through element-wise addition
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v Pyramid level generation:
The merged feature maps pass through 3x3 convolutions
to produce final pyramid levels P3, P4, and P5

Mathematically, the FPN operation can be expressed as:

P5 = Conv3x3(L5)
P4 = Conv3x3(L4 + Upsample(P5))
P3 = Conv3x3(L3 + Upsample(P4))

> Classification Head Architecture

Following multi-scale feature extraction through FPN,
the pyramid features are fused and processed through a
classification head designed for optimal discrimination among
38 disease classes. The complete classification pipeline
consists of:

e Feature Fusion:

The multi-scale features P3, P4, and P5 are combined
through concatenation after resampling to common spatial
dimensions. P4 (28x28) and P5 (14x14) are upsampled to
match P3 dimensions (56x56) using bilinear interpolation,
producing a unified feature representation of size 56x56 with
768 channels (256 x 3).

e Global Average Pooling:

A global average pooling layer reduces spatial
dimensions to 1x1 while preserving channel information,
producing a 768-dimensional feature vector. This operation
aggregates spatial information across the entire feature map,
providing translation invariance and reducing parameter count
compared to fully connected layers.
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o Fully Connected Layers:

The pooled features pass through two dense layers with
ReLU activation:

v" Dense layer 1: 512 units with L2 regularization (0.001)
v' Dense layer 2: 256 units with L2 regularization (0.001)

¢ Dropout Regularization:
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o OQutput Layer:
A final dense layer with 38 units and softmax activation
produces probability distribution across disease classes:

Zk

P(y =k[x) = m

Where z, represents the logit for class k.
Dropout layers (rate 0.5) after each dense layer

randomly deactivate 50% of neurons during training,
preventing co-adaptation and reducing overfitting.

Input Image

(224x224x3) ResNet101 Backbone
Conv2_x Conv3_x Conv4_x Conv5_x
(C2) (C3) (Ca) (C5)
Lateral Lateral Lateral Lateral
Conv 1x1 Conv 1x1 Conv 1x1 I Conv 1x1
Upsample

L3 (56x56x256) L4 (28x28x256) (< 2)

Element Add

P4 (28x28)

Upsample
(< 2)

Feature Map Fusion

Giobal Average Pooling

Dense (512)

Dropout (0.5)

Dense (256)

[ Dense (38)

-m-

Fig 3 Complete ResNet101-FPN Architecture

C. Training Methodology

» Transfer Learning Strategy

Transfer learning forms a cornerstone of our training
approach, leveraging knowledge acquired from large-scale
natural image classification to improve performance on the
target plant disease domain. The ResNetl01 backbone is
initialized with weights pre-trained on the ImageNet dataset,
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which contains over 1.2 million training images across 1000
object categories. This pre-training provides the network with
general-purpose visual features including edge detectors,
texture analyzers, and shape recognizers that transfer
effectively to agricultural imaging tasks.

The training process follows a two-phase strategy:
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e Phase 1: Feature Extraction (Backbone Frozen): During
initial training, all ResNet101 backbone layers are frozen,
allowing only the FPN and classification head parameters
to update. This phase lasts for 15 epochs with learning rate
0.001, enabling the newly added layers to adapt to plant
disease features while leveraging the frozen backbone's
pre-trained representations.

e Phase 2: Fine-tuning (Backbone Unfrozen): After initial
convergence, all layers including the ResNet101 backbone
are unfrozen for fine-tuning. The learning rate is reduced
to 0.0001 to prevent destructive updates to pre-trained
weights. This phase continues for an additional 35 epochs,
allowing the entire network to jointly optimize for the plant
disease classification task.

» Optimization Configuration

The Adam (Adaptive Moment Estimation) optimizer [26]
is employed for parameter optimization throughout training.
Adam combines advantages of two popular optimization
methods: AdaGrad's ability to handle sparse gradients and
RMSProp's effectiveness in online and non-stationary settings.
The optimizer maintains adaptive learning rates for each
parameter based on estimates of first and second moments of
gradients.

The optimization configuration includes:

e Learning rate: 0.0001 (Phase 1: 0.001, Phase 2: 0.0001)
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e Beta_1: 0.9 (exponential decay rate for first moment
estimates)

e Beta_2: 0.999 (exponential decay rate for second moment
estimates)

e Epsilon: 1x1077 (numerical stability constant)

o Weight decay: 1x107* (L2 regularization)

v' Loss Function:

The model minimizes sparse categorical crossentropy
loss, appropriate for multi-class classification problems with
integer labels:

N C

L==>" yiclog(pic)

i=1 c=1

Where N is batch size, C is number of classes (38),y; .is
1 if sample i belongs to class ¢ and 0 otherwise, and p; . is
predicted probability for class c.

V. EXPERIMENTAL RESULTS AND
ANALYSIS

» Training Performance

The ResNet101-FPN model was trained following the
methodology described in Section 111-C, with training and
validation metrics monitored throughout the optimization
process. Figure 4 presents training and validation accuracy
curves across 50 epochs.

Training and Validation Accuracy Training and Validation Loss
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Fig 4 Training and Validation Accuracy/loss Curves

Training accuracy demonstrates rapid initial Figure 4 also shows corresponding training and

improvement during Phase 1 (epochs 1-15) with frozen
backbone, reaching approximately 92% by epoch 10.
Following backbone unfreezing at epoch 15, accuracy
continues improving more gradually, achieving 98.7% by
epoch 30 and stabilizing near 99.3% by epoch 45. Validation
accuracy closely tracks training accuracy throughout,
indicating effective regularization and minimal overfitting.
The gap between training and validation accuracy remains
consistently below 1.5%, demonstrating good generalization.
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validation loss curves, confirming stable optimization with
decreasing loss values and no evidence of divergence.

» Confusion Matrix Analysis

Figure 5 presents the normalized confusion matrix
visualizing classification performance across all classes. The
matrix reveals that diagonal elements (correct classifications)
dominate, with values consistently above 0.98 for most
classes, confirming near-perfect classification accuracy.
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Fig 5 Confusion Matrix
Analysis of off-diagonal elements reveals that from multi-scale feature extraction, where global leaf

misclassifications, when they occur, primarily involve
visually similar diseases within the same crop species. For
instance, minimal confusion exists between Tomato Early
Blight and Tomato Late Blight (approximately 1% cross-
classification), attributable to their similar concentric ring
patterns. Similarly, Grape Black Rot and Grape Esca show
slight confusion due to overlapping lesion characteristics.
Importantly, cross-species misclassifications are extremely
rare, indicating that the model effectively learns species-
specific features before discriminating disease conditions.
This hierarchical feature learning aligns with expectations
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morphology (species-identifying) is captured alongside local
disease patterns.

» ROC Curve Analysis

The macro-average Area Under Curve (AUC) reaches
0.998, indicating near-perfect separation between classes. Per-
class AUC values range from 0.992 to 1.000, with the lowest
values corresponding to the most visually similar disease pairs
mentioned in confusion matrix analysis. These results confirm
that the model's classification decisions are highly reliable
across all operating thresholds.
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Fig 6 Macro-Averaged ROC Curve

» Ablation Studies
To quantify the contribution of FPN integration, we con
architecture against baseline configurations.

ducted ablation experiments comparing the proposed ResNet101-FPN

Table 4 Presents Comparative Results.

Model Configuration Macro Precision Macro Recall Macro F1
ResNet50 (baseline) 0.9832 0.9841 0.9836
ResNet101 (baseline) 0.9876 0.9883 0.9879
ResNet50-FPN 0.9918 0.9924 0.9921
ResNet101-FPN (proposed) 0.9945 0.9954 0.9950
ResNet101-FPN + Augmentation 0.9951 0.9958 0.9954

Results demonstrate that FPN integration consistently
improves performance across both ResNet50 and ResNet101
backbones. The improvement from ResNet101 (98.79% F1)
to ResNet101-FPN (99.50% F1) represents a 0.71 percentage
point gain, confirming the value of multi-scale feature
extraction. Additional data augmentation provides marginal
further improvement to 99.54% F1.

V. DISCUSSION
» Interpretation of Findings

The experimental results conclusively demonstrate that
integrating Feature Pyramid Networks with deep residual
architectures  significantly  enhances plant disease
classification performance. The ResNetl01-FPN model
achieves near-perfect classification across 38 diverse disease
classes, with macro F1-score of 99.50%. This performance
exceeds previously reported results on the PlantVillage
dataset, including Mohanty et al. [15] (99.35%) and
Ferentinos [16] (99.48%), while maintaining similar
computational requirements. The success of FPN integration
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can be attributed to its ability to capture disease symptoms at
multiple spatial scales. Plant diseases manifest through varied
visual patterns: some produce fine-grained textural changes
visible only at high resolution, while others cause
macroscopic structural alterations best observed at lower
resolutions. By constructing feature pyramids that preserve
spatial detail while incorporating semantic context, FPN
enables the model to simultaneously analyze both scales. This
multi-scale perspective proves particularly valuable for
discriminating visually similar diseases that differ primarily
in subtle textural characteristics. The minimal performance
gap between training and validation metrics indicates
effective regularization through dropout, batch normalization,
and data augmentation. This generalization capability is
essential for practical deployment, where models encounter
diverse imaging conditions not represented in training data.

» Comparison with State-of-the-Art

Table 5 compares our proposed approach with recent
state-of-the-art methods for plant disease classification on the
PlantVillage dataset.
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Table 5 Plant Disease Classification on the PlantVillage Dataset.

Study Architecture Accuracy (%) F1-Score (%)
Mohanty et al. [15] AlexNet 99.35 -
Ferentinos [16] VGGNet 99.48 -
Too et al. [17] DenseNet121 99.41 -
Zhang et al. [28] ResNet50 + Attention 99.52 99.48
Proposed ResNet101-FPN 99.54 99.50

Our proposed method achieves competitive or superior
performance compared to existing approaches, with the
advantage of architectural simplicity relative to attention-
based methods. The FPN integration provides multi-scale
benefits without requiring complex attention mechanisms or
ensemble strategies.

» Limitations and Future Work

Despite exceptional performance, several limitations
warrant acknowledgment and motivate future research
directions:

e Controlled Environment Bias:

The PlantVillage dataset, while comprehensive, was
collected under controlled conditions with uniform
backgrounds and ideal lighting. Real-world field conditions
introduce complex backgrounds, variable illumination,
overlapping leaves, and multiple disease presentations per
plant. Preliminary testing on field-collected images shows
accuracy reduction to approximately 92%, indicating a
domain adaptation gap.

e Limited Disease Stages:

The dataset captures diseases at specific progression
stages, typically well-developed symptoms. Early-stage
infections with minimal visible symptoms remain
challenging, though critical for intervention efficacy. Future
work should incorporate temporal sequences capturing
disease progression.

e Single Disease Assumption:

The current classification framework assumes single
disease per image, whereas field conditions frequently
present multiple concurrent diseases or pest infestations.
Multi-label classification approaches would better reflect
real-world complexity.

e Computational Requirements:

While inference is efficient, training requires
substantial computational resources (approximately 12 hours
on V100 GPU). Model compression techniques including
pruning, quantization, and knowledge distillation could
enable edge deployment on resource-constrained devices.

Future research directions include:
v Domain Adaptation:
Investigating  unsupervised domain  adaptation

techniques to bridge the gap between controlled and field
conditions without requiring extensive field annotations

NISRT26MAR266

v’ Multi-Label Classification:

Extending the framework to handle multiple
simultaneous disease conditions through multi-label
classification architectures.

v Temporal Modeling:
Incorporating video sequences or time-series imagery to
model disease progression and improve early detection.

v Multimodal Fusion:

Integrating additional sensor modalities including
hyperspectral imaging, thermal imaging, and environmental
sensor data for comprehensive plant health assessment.

v Explainable Al:

Developing enhanced interpretability methods that
provide natural language explanations of diagnostic
decisions, increasing farmer trust and facilitating adoption.

v’ Continual Learning:

Implementing incremental learning capabilities that
allow model updates with new disease data without
catastrophic forgetting of previously learned classes.

VI. CONCLUSION

This study presented a comprehensive deep learning
framework integrating ResNet101 with Feature Pyramid
Networks for multi-class plant disease classification. The
proposed architecture addresses the fundamental challenge of
multi-scale disease symptom representation by constructing
feature pyramids that preserve spatial detail while
incorporating semantic context from deep network layers.
Extensive experiments on the PlantVillage dataset
comprising 38 disease classes across multiple crop species
demonstrate exceptional performance, with macro-averaged
precision of 99.45%, recall of 99.54%, and F1-score of
99.50%. Comprehensive evaluation through confusion
matrix analysis, ROC curves, and feature map visualization
confirms the robustness, discriminative capability, and
interpretability of the proposed approach. Ablation studies
quantify the contribution of FPN integration, showing
consistent improvement over baseline architectures without
FPN. The multi-scale feature extraction enabled by FPN
proves particularly valuable for distinguishing visually
similar diseases that differ primarily in subtle textural
characteristics. Feature visualization confirms that the model
focuses on diagnostically relevant regions, enhancing
interpretability and building confidence in automated
diagnoses. The practical implications extend to precision
agriculture applications including early warning systems,
mobile diagnostic tools, disease surveillance networks, and
breeding program support. While limitations including
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domain adaptation requirements and computational demands
warrant continued research, the demonstrated performance
establishes ResNet101-FPN as a reliable foundation for
automated plant disease diagnosis systems. Future work will

address

these limitations through domain adaptation

techniques, multi-label classification extensions, temporal
modeling, and model compression for edge deployment. The
ultimate goal remains deployment of accessible, accurate, and
interpretable diagnostic tools that empower farmers
worldwide to protect crop health, reduce losses, and
contribute to global food security.
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