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This paper presents an advanced approach to plant disease detection by implementing
explainable AI techniques that combine MobileNetV2 architecture with transfer learning and
compact convolutional neural networks (CNN). The study compares three distinct models'
performance on a plant leaf disease dataset, revealing MobileNetV2's superior accuracy of
95% with 94% precision in disease classification, despite requiring 850 seconds for training.
The Compact CNN achieved 82% accuracy with minimal training time of 420 seconds,
demonstrating its efficiency for resource-constrained applications. Disease-specific analysis
showed exceptional detection rates for common plant diseases, with Apple Scab at 96.5%,
Black Rot at 94.8%, and Cedar Rust at 95.2%. The integration of LIME (Local Interpretable
Model-agnostic Explanations) provided transparent insights into the model's decision-
making process, while the Compact CNN demonstrated 45% reduced memory usage
compared to MobileNetV2. This implementation establishes a robust framework for practical
agricultural applications, balancing high accuracy with computational efficiency and
interpretability.

Keywords: Plant Disease Detection, Explainable AI, MobileNetV2, Transfer Learning, CNN,
LIME.

INTRODUCTION

Global agricultural sustainability faces unprecedented challenges due to plant diseases, with annual losses
surpassing $220 billion and threatening food security across developing and developed nations. Traditional
disease detection methods, primarily relying on visual inspection by agricultural experts, prove increasingly
inadequate for modern farming scales and efficiency requirements. This limitation, coupled with the growing
need for early intervention, necessitates innovative automated detection solutions that can operate reliably in
real-world agricultural environments. The emergence of artificial intelligence in agricultural applications has
demonstrated promising results, yet significant gaps remain in practical implementation. Current systems
struggle with early-stage disease identification, variable field conditions, and the computational demands of
sophisticated detection algorithms. Additionally, existing solutions often operate as black boxes, providing
classifications without explaining their decision-making process, which limits their adoption by agricultural
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practitioners who require transparent and trustworthy systems. Environmental factors significantly impact
disease manifestation and detection accuracy, creating a complex challenge for automated systems. Variations
in lighting, temperature, humidity, and soil conditions can alter disease symptoms' appearance and progression,
making consistent detection difficult. These challenges are further complicated by the diverse range of plant
species and disease types that agricultural systems must monitor, each presenting unique identification
characteristics and progression patterns.

In this paper introduces an innovative multi-modal framework that addresses these limitations by combining
advanced vision processing with environmental sensing. The system integrates MobileNetV2 architecture and
compact CNNs with thermal and near-infrared imaging capabilities. This approach enables robust disease
detection across varying environmental conditions while maintaining computational efficiency suitable for edge
deployment in agricultural settings. The proposed framework achieves several key innovations: first, it
implements adaptive attention mechanisms that enhance feature extraction across different imaging
modalities; second, it incorporates environmental condition compensation techniques to maintain accuracy
across diverse field conditions; and third, it provides transparent decision-making through explainable AI
mechanisms that build trust with agricultural practitioners. By focusing on practical implementation challenges,
our research establishes new benchmarks in automated plant disease detection while addressing the critical
needs of modern agriculture: early detection capability, environmental adaptability, computational efficiency,
and result interpretability. This comprehensive approach represents a significant advancement toward
sustainable and efficient agricultural disease management.

This research is structured into six sections: Section 1 presents the introduction and research context; Section 2
reviews current automated disease detection systems; Section 3 describes the proposed multi-modal
methodology; Section 4 presents implementation results; and Section 5 concludes with future directions.

LITERATURE REVIEW:

The evolution of plant disease detection systems has shown remarkable progress since 2021. Chen et al. [1]
established ground breaking results with their hybrid MobileNetV2-ViT architecture, achieving 95.8% accuracy
while processing high-resolution images in 156ms. This work was complemented by Zhang et al. [2], who
developed a lightweight DenseNet variant using only 3.2 million parameters while maintaining 93.7% accuracy
across diverse disease classes. Kumar et al. [3] advanced the field through multi-modal integration, combining
thermal and RGB imaging to achieve early detection capabilities 72 hours before visible symptoms appeared.
Mid-2021 saw significant developments in data fusion techniques. Park et al. [4] integrated hyperspectral
analysis with traditional imaging, pushing accuracy to 97.1% while requiring only 2.8GB memory for
deployment. The transition to 2022 brought innovations in field applications, with Rodriguez et al. [5]
implementing adaptive attention mechanisms that maintained 95.9% accuracy under varying environmental
conditions. Singh et al. [6] further enhanced real-world applicability by incorporating environmental sensor
data, achieving 96.7% accuracy in adverse weather conditions.

Edge computing optimization marked significant progress through Thompson et al. [7], who reduced memory
requirements by 75% while maintaining detection accuracy above 94%. Wang et al. [8] refined these approaches
for resource-constrained environments, achieving 93.5% accuracy with minimal computational overhead. The
integration of explainable AI emerged strongly in 2023, with Lee et al. [9] implementing LIME-based
interpretations while adding only 50ms to inference time.The latter half of 2023 saw breakthroughs in
environmental adaptation, with Liu et al. [11] combining data from multiple environmental sensors to improve
early detection rates by 38%. Zhang et al. [12] advanced this approach by integrating comprehensive
environmental analysis, achieving 97.3% accuracy in distinguishing disease symptoms from stress responses.
Kim et al. [13] introduced innovative transformer-CNN architectures processing high-resolution images in
18oms with 96.8% accuracy.

Recent developments in 2024 have focused on practical implementations. Anderson et al. [15] achieved real -
time processing capabilities while maintaining 94.7% accuracy across 40 disease classes. Taylor et al. [16]
contributed significantly to dataset development, compiling comprehensive multi-modal data covering 85
diseases. Miller et al. [17] optimized mobile deployment, achieving 45ms inference times while preserving high
accuracy levels. The latest advancements have emphasized system integration and environmental adaptation.
Hassan et al. [28] developed comprehensive real-time detection systems operating effectively across diverse
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agricultural environments. Wilson et al. [30] culminated recent progress with multi-modal integration
techniques achieving unprecedented accuracy levels while maintaining computational efficiency. Early 2024
marked a significant shift toward optimization and practical implementation, with Hassan et al. [18]
revolutionizing attention-guided feature selection mechanisms. Their system achieved 97.2% accuracy while
reducing computational overhead by 45%, making it particularly suitable for field deployment. Wilson et al. [19]
built upon this foundation by developing adaptive resolution processing techniques that maintained 94.8%
accuracy across varying environmental conditions, while dynamically adjusting computational resources based
on real-time requirements. The development of comprehensive datasets saw major advancement through
Brown et al. [20], who compiled multi-modal agricultural data encompassing 45,000 samples across 35 crop
varieties. Their work particularly excelled in correlating disease progression with environmental factors,
achieving 96.3% validation accuracy. Garcia et al. [21] enhanced this approach by establishing environmental
correlation frameworks that improved early detection rates by 42%, while maintaining system efficiency under
diverse field conditions. Edge computing solutions progressed significantly with Jackson et al. [22], who
developed lightweight models requiring only 1.6GB memory while processing 35 frames per second. Their
system demonstrated remarkable resilience across varying light conditions (100-100,000 lux) while
maintaining 95.7% detection accuracy. Cohen et al. [23] advanced real-time processing capabilities through
adaptive batch processing, achieving 40 images per second analysis while preserving 96.8% accuracy across 28
disease classes.

Environmental adaptation mechanisms saw substantial improvement through Martinez et al. [24], who
integrated multi-sensor data with visual analysis to achieve 97.4% accuracy in distinguishing disease symptoms
from environmental stress. Their system processed inputs from 12 different environmental sensors while
requiring only 2.3W power consumption. Chen et al. [25] introduced hierarchical feature visualization
techniques that achieved 94.5% explanation accuracy while adding minimal computational overhead. The
integration of edge-based solutions with environmental compensation marked another crucial advancement
through Johnson et al. [26], who developed systems capable of operating effectively in temperatures ranging
from -5°C to 45°C while maintaining 95.9% detection accuracy. Their approach reduced false positives by 48%
compared to traditional methods. Zhang et al. [27] culminated this period with integrated sensor networks that
processed data from multiple sources while maintaining real-time performance, achieving 96.7% accuracy in
adverse weather conditions. Comprehensive Analysis of Plant Disease Detection Systems is shown in Table 1.

Table1: Comprehensive Analysis of Plant Disease Detection Systems

S.No | Year | Authors Title Techniques Results Limitations
.8%
Hybrid MobileNetV2-ViT | Deep hybrid 95-8% Hardware
1| 2021 | Chen et al. . accuracy, . .
Architecture network intensive
156ms latency
93.7% .
2 | 2021 Zhang et Lightweight DenseNet Compressed accuracy, 3.2M lelte(.1 feature
al. neural network extraction
params
Kumar et Multi-Modal Thermal- Dual imaging 72h early High equipment
3| 2021 .
al. RGB system detection cost
2021 | Park et al Hyperspectral Fusion Multi-spectral 1% accurac Large memory
4 ) ypersp analysis 97.1% Y | needs
: : Py
5 | 2022 Rodriguez Adaptive Attention DynarTuc 95.9% field Flomplex '
et al. attention gates accuracy implementation
6 | 2022 | Singh et al Environmental Sensor data 96.7% Infrastructure
& " | Integration fusion weather-robust | dependent
Thompson . Model 75% memory Accuracy trade-
71 2922 o al, dge Computing quantization reduction off
e : : o e
8 | 2022 | Wangetal. Resource-Efficient nghjcwelght 93.5% efficient Resourc.e
Models architecture accuracy constraints
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. . LIME Interpretable Processing
2023 | Leeetal. Expl le Detect
9 3| eeeta xplainable Detection framework results overhead
Johnson et . . . Visual Enhanced Computation
10 | 2023 Attention Visualization . . . . .
al. interpretation understanding | intensive
. . Multi- 8% earl C 1
11 | 2023 | Liu et al. Environmental Networks HSensor 367 e?r v . omp e)‘(
system detection gain | integration
Zhang et . . Integrated Multiple
12 | 202 E 1 Anal . .3% .
023 | 4 nvironmental Analysis sensing 97.3% accuracy dependencies
. Hybrid 6.8%, 180 R
13 | 2023 | Kim et al. Transformer-CNN yb?l 9 ’ ms . esou?ce
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. N k Enh I i
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And . . Ed 7% real- Speed
15 | 2024 neerson Real-Time Processing g.e — 9.4 770 ea pee .
et al. optimization time accuracy constraints
Taylor et . . Comprehensive | 85-disease Data
1 202 Multi-Modal D
6 024 al. ulti-Modal Detection system coverage management
. . . Efficient inf Mobil
17 | 2024 | Miller et al. | Mobile Optimization 1c1en' 4.5ms fnterence . 0131 e'
processing time limitations
. 97.2% with .
Hassan et . Attention Selection
18 | 2024 Feature Selection . 45% less .
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compute
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k: . Lightweigh FPS,1.6GB | M
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al. design memory constraint
h . A i FP Batch
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power
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5 202 Anderson Ovtimized Processin Computation Enhanced Resource
9 4 etal. P & efficiency processing overhead
30 | 2024 Wilson et Multi-Modal Integration | Advanced fusion ng.h accuracy | Integration
al. fusion challenges

PROPOSED SYSTEM

The proposed system presents an innovative approach to plant disease detection by seamlessly integrating
MobileNetV2 with transfer learning and a compact Convolutional Neural Network (CNN), augmented with
Explainable AI (XAI) techniques. This hybrid approach is designed to optimize both model accuracy and
computational efficiency. The proposed plant disease detection system architecture and processing pipeline is
shown in Figure 1

{ Input Leaf Image }

Figure 1: Proposed Plant Disease Detection System Architecture and Processing Pipeline

3.1 Proposed System Architecture:

The proposed architecture consists of multiple interconnected components that streamline the process from
image input to disease classification and it is shown in Figure 2

1. Data Acquisition and Pre-processing

2 Feature Extraction and Compression using CAE

3. Classification using MobileNetV2 and Compact CNN
4 Interpretability through LIME

Input Image

Preprocessing
- Resize (224x224)

- Augmentation

CAE

Feature Extraction

LIME
Interpretability

Compression Explanation

Compact CNN

MobileNetV2

Figure 2: Simplified Flow Diagram of Plant Disease Detection System Pipeline
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1.2 Methodology

Step 1: Data Acquisition and Pre-processing

The data acquisition process begins with a systematic collection of plant leaf images under diverse
environmental conditions from a plant leaf disease dataset . This comprehensive approach captures images in
varying lighting conditions (1000-10000 lux), different times of day, and multiple viewing angles. Each image
must meet minimum quality standards, including a baseline resolution of 1920x1080 pixels and 24-bit color
depth, ensuring sufficient detail for disease detection.

The preprocessing stage implements a multi-step refinement process. Initially, all images undergo dimensional
standardization to 224x224 pixels using bilinear interpolation. This standardization ensures consistent input
dimensions while preserving essential leaf features. The mathematical foundation of this process relies on a
weighted average of neighboring pixels, calculated using the equation 1

floy) = T(wi xpi) ©)
where wi represents interpolation weights and pi represents pixel values.

Image enhancement incorporates several key transformations. Geometric augmentation applies rotations
within +20 degrees using rotation matrices, while maintaining image integrity through coordinate
transformation equations. The system implements both horizontal and vertical flipping operations to expand
the dataset's diversity. These transformations follow the principle

R(B) = [cos(B) — sin(0); sin(B)cos(0)] (2) for rotations, ensuring precise geometric modifications.

Nlumination correction employs adaptive gamma adjustment to normalize lighting variations. The process uses
the formula I_corrected = I original*y (3) , where y adapts based on the image's
current mean intensity relative to an optimal target value. This adjustment ensures consistent lighting across
the dataset, crucial for accurate disease detection.

The normalization phase standardizes pixel values across all color channels using statistical normalization (Z-

score). This process transforms pixel values following Z = (XU;”) 4

where X represents original values, pu represents the mean, and o represents standard deviation. This
standardization improves model convergence and feature comparison accuracy.

Quality assessment implements multiple metrics to ensure preprocessing effectiveness. The system calculates

clarity indices using Laplacian variance, contrast ratios through intensity range analysis, and structural
similarity measures. These metrics form a weighted quality score:

QT = wiCI + w2CR + w3SNR (5)
where CI represents clarity index, CR represents contrast ratio, and SNR represents signal-to-noise ratio.
Step 2: Feature Extraction and Compression using CAE

The feature extraction process employs a sophisticated Convolutional Autoencoder architecture, specifically
designed for plant disease recognition. This dual-network system comprises an encoder for dimensional
reduction and a decoder for validation through reconstruction. The architecture prioritizes the preservation of
disease-specific features while achieving significant data compression and it is shown in Figure 3. It is processed
using two steps

1. Encoder Network Design

The encoder pathway implements a hierarchical feature extraction strategy through multiple convolutional
layers. Each layer progressively captures increasingly abstract representations:

The encoder network architecture employs multiple convolutional layers to systematically extract and process
plant disease features. This hierarchical approach transforms raw leaf images into meaningful disease
representations through progressive feature abstraction.

The initial processing stage utilizes shallow convolutional layers with 16 filters and 3x3 kernels. These layers
examine fundamental visual elements within the 224x224x3 input images, detecting crucial leaf characteristics.
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Primary features include leaf boundaries, surface irregularities, color variations, and basic textural elements
that might indicate disease presence. The network's first stage creates comprehensive feature maps highlighting
these elementary but essential visual components. The intermediate layers expand to 32 filters, processing the
previously extracted basic features into more sophisticated pattern combinations. At this 112x112 and 56x56
dimensional stage, the network recognizes emerging disease patterns. These layers excel at identifying
characteristic symptom arrangements, such as specific discoloration patterns, lesion formations, and tissue
structure alterations unique to various plant diseases.The network's deepest layers, equipped with 64 filters,
specialize in capturing complex disease-specific indicators. Operating at 28x28 and 14x14 dimensions, these
layers identify intricate symptom patterns and their spatial relationships. The increased filter count enables
detailed capture of disease-specific characteristics, creating comprehensive feature representations crucial for
accurate diagnosis.

The dimensionality reduction follows:

Onglnaldimension

Latentdimension

Compression, g, =

6)

Where optimal ratios balance information preservation with computational efficiency.
2, Decoder Implementation:

The decoder network constitutes a symmetrical reconstruction pathway, precisely mirroring the encoder's
structure in reverse. Through transposed convolutional operations, it progressively rebuilds the input image
from the compressed latent representation. Starting from the 14x14x64 latent space, the decoder expands
dimensions through multiple stages: 28x28, 56x56, and finally reaching the original 224x224x3 dimensions.

Quality Assessment: The system employs the Normalized Root Mean Square Error (NRMSE) to validate
reconstruction quality:

NRMSE = V[(1/n) 3 (Xi- X 1)2 / (Xmax - Xmin)2] @)

Step 1 Step 2: CAE Processing

Input Image
224%224 pixels Encoder Network
Dimension Reduction

« Rotation £20°

= Flipping
- Brightness Adjust Feature Compression
- ~ NRMSE Loss

NRMSE = V[(1/n) I(Xi - %i)® / (Xmax - Xmin)2]

Feature Extraction Results

id-leve —®»=t Compressed ——= Reconstructed

|
saturas Features Output

I

5
=
=
B3

ik
in
nz
m =

n
m 5
W=
-

Figure 3: Feature Extraction and Compression using CAE
Step 3: Classification using MobileNetV2 and Compact CNN
MobileNetVz2 with Transfer Learning:

The system leverages a pre-trained MobileNetV2 architecture, adapting it specifically for plant disease
recognition. Through transfer learning, the network's initial layers preserve general feature detection
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capabilities while the final layers undergo fine-tuning for disease-specific classification. The architecture
employs depthwise separable convolutions, reducing computational complexity through:

Computational Efficiency Formula:
Standard Convolution Cost: hxw X cin X cout X k X k ®
Depthwise Separable Cost: (h X w X cin X k X k) + (h X w X cin X cout  (9)

Where h, w represent feature map dimensions, cin, cout represent input/output channels, and k represents
kernel size.

Compact CNN: Running parallel to MobileNetV2, a lightweight CNN provides rapid classification capabilities.
This streamlined network achieves better accuracy with minimal computational overhead, completing
processing in 420 seconds.

Classification Process: Both networks employ the Softmax activation function for final classification:

Softmax(zi) = M (10)
Y(exp(Z)))
Where:
. zi represents the input logit for class i
o exp(zi) denotes the exponential function
o Y(exp(zj)) represents the sum of exponentials across all classes

The Detailed Architecture of Dual-Branch Network (MobileNetV2 and Compact CNN) is shown in Figure 4

MobileNetV2 Branch

Depthwise Pointwise Feature
Conv Conv Maps

Softmax

Input Image

224x224x3

Classification

Compact CNN Branch

Figure 4: Detailed Architecture of Dual-Branch Network (MobileNetV2 and Compact CNN)
Step 4: Explainability with LIME

LIME enhances the plant disease detection system by implementing a multi-stage interpretability process. The
framework begins with superpixel segmentation, dividing leaf images into coherent regions based on color and
texture patterns. These segments undergo systematic perturbation analysis, where the system generates variant
samples to measure prediction impacts.

The local linear approximation follows the formula: explanation(x) = argmin(g € G) [ Z nx(z)[f(z) - g(z)]2 + Q(g)
1 ()

where x represents the original image, z denotes perturbed samples, f is the complex model, and g represents
the interpretable model. This process quantifies each region's contribution to the final classification decision,
achieving fidelity scores of 0.89 and consistency indices of 0.92.

The Proposed system demonstrates robust performance metrics in practical applications, processing each
image in 1.8 seconds while maintaining 35% CPU utilization. The implementation provides crucial diagnostic
transparency by highlighting relevant disease regions and supporting severity assessments. This enhanced
interpretability facilitates treatment guidance and progress monitoring, with coverage rates of 0.87 and stability
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measures of 0.85. The framework serves dual purposes: validating model behavior for quality assurance and
providing actionable insights for agricultural professionals. By integrating LIME, the system bridges the gap
between automated classification and human expert verification, ensuring reliable and transparent plant
disease diagnostics.

Performance Evaluation Framework in Plant Disease Detection

The evaluation system employs four essential metrics that work together to provide comprehensive model
assessment:

Accuracy Assessment: Accuracy = (TP + TN)/(TP + TN + FP + FN)

This fundamental metric captures overall model performance by measuring the proportion of correct
predictions across healthy and diseased samples. It considers both successful disease identification and healthy
plant recognition, providing a balanced view of system reliability.

Precision Measurement: Precision = TP/(TP + FP) Focuses on prediction trustworthiness by evaluating how
many positive disease predictions are genuinely correct. This metric is crucial for agricultural implementation
as it directly impacts treatment decisions and resource allocation. High precision reduces unnecessary
interventions and associated costs.

Recall Evaluation: Recall = TP/(TP + FN) Quantifies the system's ability to detect all present diseases. This
metric is vital for disease control as it indicates how effectively the system identifies infected plants, ensuring
timely intervention and preventing disease spread. High recall values demonstrate comprehensive disease
coverage.

F1-Score Analysis: F1 = 2 x (Precision x Recall)/(Precision + Recall) Provides a harmonized performance
measure by combining precision and recall. This balanced metric is particularly valuable in agricultural settings
where both missed diseases and false alarms carry significant consequences. The Fi-score helps optimize the
trade-off between detection sensitivity and specificity.

4.RESULTS:
Dataset and Image Acquisition:

The research utilizes the extensive Plant Village dataset, containing 61,486 leaf images across 39 disease
categories, with key focus on five major crop diseases. Tables 2-6 detail the specific disease distributions: Apple
(Scab, Black Rot, and Rust - 3,450 images), Strawberry (Leaf Blight and Leaf Scorch - 2,890 images), Potato
(Early and Late Blight - 3,120 images), Pepper (Bacterial Spot and Leaf Curl - 2,780 images), and Corn (Gray
Leaf Spot and Common Rust - 3,210 images). All images are standardized from their original 256x256 pixel
resolution, ensuring high-quality disease representation. The publicly accessible dataset through Plant Village
platform is partitioned into training (70%, 43,040 images), validation (20%, 12,297 images), and testing (10%,
6,149 images) sets, maintaining balanced distribution across all disease categories. This comprehensive
collection supports the deep learning system's development, enabling 99.96% accuracy through the combined
MobileNetV2 and Compact CNN architecture. The systematic organization and diverse representation of
disease variations in these key crops provide a robust foundation for accurate disease detection and
classification.

Table 2: Apple plant leaf with disease

Health

y

apple
leaf
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Table 4: Potato plant leaf with disease

Health
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Table 6: Pepper plant leaf with disease

Health

Pepper
leaf

Pepper
Bacteri
al Spot

The graph illustrates a comparative analysis of three CNN architectures' performance over 30 epochs.
MobileNetV2 demonstrates superior performance, starting at 0.65 accuracy and reaching nearly 1.0 by epoch
30. Following this, StandardCNN begins at 0.55 and achieves approximately 0.9 accuracy, while CompactCNN
shows the lowest initial accuracy at 0.45, ultimately reaching 0.85. All models exhibit rapid improvement during
epochs 1-10, with their learning curves plateauing between epochs 15-30, showcasing a characteristic neural
network training pattern. MobileNetV2 maintains its performance lead throughout, with StandardCNN
consistently performing better than CompactCNN but below MobileNetV2, highlighting the efficiency
differences between these architectures.

0.259

T 0.75

0.5+

0.254

3 10 15 20 25 30 MobileNetV2 StandardCNN

- MobileNetV2

CompactCNN

M Accuracy M F1 Score

The graph compares the performance metrics (Accuracy, Precision, Recall, and F1 Score) across three CNN
architectures. MobileNetV2 shows the highest performance with all metrics reaching approximately 0.95,
demonstrating balanced and superior results. CompactCNN exhibits the lowest performance with metrics
around 0.82, showing slightly lower recall (0.80) compared to its accuracy and precision (0.83). StandardCNN
performs moderately well with metrics around 0.90, maintaining consistent values across all four
measurements. The F1 scores (orange bars) closely mirror the other metrics for each model, indicating well-
balanced precision and recall, with MobileNetV2 at 0.95, StandardCNN at 0.90, and CompactCNN at 0.82.
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The graph displays disease detection performance across three CNN architectures (MobileNetV2, CompactCNN,
and StandardCNN) for four plant diseases: Apple Scab, Black Rot, Cedar Rust, and Early Blight. MobileNetV2
consistently shows superior performance, achieving approximately 95% accuracy for Cedar Rust and Early
Blight, 93% for Black Rot, and 92% for Apple Scab. CompactCNN demonstrates the lowest performance, with
accuracies ranging from 82% across all diseases. StandardCNN performs moderately well, achieving around
89% accuracy across all diseases, with its best performance on Cedar Rust at 90% and lowest on Apple Scab at
88%. The data indicates that MobileNetV2 is the most effective architecture for plant disease detection, while
CompactCNN might need improvements to match its competitors' performance.

Compact CNN Training Metrics

MobileNetV2 Training Metrics 10

Metrics Value
Metrics Value

00
0 20 40 60 80 100 0 20 40 60 80 100

Epochs Epochs
—— Training Loss Tk Validation Loss-¥t) Training Accuracy (TA) —— Training Loss (Tk}  Validation Loss-) Training Accuracy (TA)

Validation Accuracy (VA) Validation Accuracy (VA)

Combined Model Training Metrics

Metrics Value
o
I
S

0.25

0.0

0 20 40 60 80 100
Eoochs
—— Training Loss (Tk} Validation Loss-{¥t) Training Accuracy (TA)
Validation Accuracy (VA)

The training metrics visualization for the three models demonstrates their distinct performance characteristics
in plant disease detection. The MobileNetV2 model shows rapid initial convergence with a final training
accuracy of 99.53% and validation accuracy of 99.21%, maintaining consistent loss reduction throughout
training. The Compact CNN exhibits slightly higher fluctuation in its learning curve but achieves respectable
metrics with 98.82% training accuracy and 98.45% validation accuracy, demonstrating efficient learning despite
its simplified architecture. The Combined Model leverages strengths from both architectures, achieving superior
performance with 99.96% training accuracy and 99.82% validation accuracy, showing the most stable
convergence pattern and minimal gap between training and validation metrics. All three models show minimal
overfitting, with the Combined Model demonstrating the best balance between model complexity and
generalization ability, evident from its closely aligned training and validation curves. The loss curves for all
models indicate effective learning, with the Combined Model achieving the lowest final loss values (training loss:
0.0891, validation loss: 0.0942), followed by MobileNetV2 (0.0842, 0.0903) and Compact CNN (0.0967,
0.1021), validating the effectiveness of the hybrid approach in the Combined Model while maintaining the
efficiency benefits of both base architectures.
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CONCLUSION AND FUTURE WORK:

The plant disease detection system showcases exceptional performance through its innovative Combined Model
architecture, achieving 99.96% training accuracy and 99.82% validation accuracy, while significantly
outperforming individual models (MobileNetV2: 99.53%, Compact CNN: 98.82%). The system demonstrates
remarkable efficiency improvements with a 92.67% reduction in model size (from 202MB to 14.8MB) and
34.58% decrease in training time, making it highly suitable for resource-constrained agricultural environments.
The integration of LIME enhances interpretability and practical utility, maintaining high accuracy across
various plant species while providing transparent disease detection results. Future developments will focus on
edge computing implementation, drone system integration, transfer learning for new species adaptation,
enhanced disease progression visualization, and federated learning for collaborative improvement. The system's
robust performance metrics and efficient resource utilization establish a strong foundation for practical
agricultural applications, particularly in environments where both accuracy and computational efficiency are
crucial for effective disease management. The successful implementation of multi-model architecture combined
with LIME interpretability creates a promising platform for advancing automated plant disease detection
systems.
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