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Abstract 

 
This paper presents an end-to-end approach that adapts MobileNetV3-Small for robust, real-time on-device plant disease 
diagnosis. To meet the objectives of high accuracy, low latency, and minimal energy footprint on devices such as Raspberry 
Pi, Jetson Nano, and mid-range smartphones, we combined transfer learning, structured pruning, 8-bit post-training 
quantization, and TensorFlow Lite conversion. The model was trained and validated on 85,606 PlantVillage images 
spanning 37 disease classes (68,488 for training and 17,118 for validation), using an initial frozen feature extraction phase 
followed by targeted fine-tuning. The optimized network contains 1.25M parameters and reduces to <5 MB after 
quantization, with an effective footprint of 0.9M parameters. Performance is strong, with final training accuracy reaching 
99.65% and validation accuracy at 98.90%, along with macro and weighted F1-scores of 0.99, macro-precision and macro-
recall of 0.99, and per-class F1-scores ≥0.95 for all but a few visually similar classes. Inference is suitable for real-time use; 
average single-image inference time measured on a standard CPU was 4.92 ms (well below 10 ms), indicating favorable 
throughput after edge deployment optimizations. These results demonstrate a favorable trade-off between accuracy, latency, 
and model footprint, enabling energy-aware, real-time disease detection for resource-constrained agricultural settings. 
Limitations include reliance on the controlled PlantVillage dataset; in-field variability (illumination, occlusion, background 
clutter) may affect performance, and thus in-situ trials and device-level energy profiling are necessary next steps. Future 
work will focus on field validation, targeted augmentation and class-specific fine-tuning, energy profiling on representative 
edge hardware, and user-oriented mobile/IoT interfaces to support practical adoption by farmers. The study shows that 
careful model optimization preserves classification performance while enabling deployment on low-power edge devices, an 
important step toward scalable, AI-driven crop disease/health monitoring in rural environments. 
 
Keywords: Edge AI, Energy-Efficient Deep Learning, MobileNetV3-Small, Multiclass Crop Disease Detection, Resource-
Constrained Agriculture. 

 
I. INTRODUCTION 
Agriculture remains the backbone of global food security, with nearly 60% of the world’s population dependent on it directly 
or indirectly for sustenance and livelihood [1]. Yet, crop productivity is increasingly threatened by plant diseases, which 
cause annual yield losses estimated at 20–40% worldwide [2]. Early and accurate detection of crop diseases is thus critical 
to ensuring sustainable food systems, especially in developing countries where agriculture is the primary source of income. 
Traditional disease detection methods such as manual field inspections and laboratory-based diagnostic tests are often slow, 
labor intensive and inaccessible to smallholder farmers[3]. 
 
Recent advances in artificial intelligence and computer vision have enabled automated plant disease recognition using deep 
learning models. These models leverage large annotated datasets to classify diseases from images of leaves, stems, or fruits, 
demonstrating accuracies exceeding 95% in controlled experiments [4], [5]. However, deploying such AI systems in real 
world farming contexts is challenging. Conventional deep learning pipelines typically require high-performance cloud 
servers with stable internet connectivity, which is often unavailable in rural and resource-constrained environments [6]. This 
gap between laboratory success and practical adoption highlights the urgent need for optimized AI models that are efficient, 
lightweight and deployable on low-power devices at the edge of the network. 
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Edge AI the paradigm of running machine learning models locally on embedded devices such as smartphones, drones, or 
IoT sensors has emerged as a promising solution to these challenges. By eliminating the dependency on cloud computation, 
Edge AI ensures lower latency, enhanced data privacy and real-time responsiveness [7]. When optimized properly, these 
models can achieve near cloud level performance while consuming minimal computational and energy resources [8]. In the 
agricultural domain, Edge AI opens pathways for affordable, fast and scalable disease detection directly in the field, enabling 
farmers to take immediate actions to prevent losses [7], [8]. 
 
A. BACKGROUND 
Crop Disease Detection Evolution of Methods. Crop disease detection has traditionally relied on visual inspections by 
experts, which are subjective, inconsistent and costly for small scale farmers [9]. Remote sensing technologies, including 
multispectral and hyperspectral imaging have improved disease identification but they require expensive equipment and 
sophisticated analysis pipelines [3]. The adoption of AI-based image classification has transformed this field by providing 
accurate, automated recognition from standard RGB images captured by mobile phones or drones [4][10]. 
While convolutional neural networks and deep learning architectures like ResNet, VGG and Inception have achieved state-
of-the-art performance, they are computationally intensive. Training such models on large datasets requires GPUs or cloud 
resources, while inference on high resolution images demands significant processing power and energy [11]. These 
limitations hinder their deployment in low-resource agricultural regions[10]. 
 
Edge AI in Agriculture. Edge AI has been increasingly explored to bridge this gap. Devices such as Raspberry Pi, NVIDIA 
Jetson Nano and even mid-range smartphones are now capable of running optimized neural networks with acceptable 
performance [8]. Techniques such as model compression, pruning, quantization and knowledge distillation significantly 
reduce the size and complexity of models while maintaining accuracy [7], [12]. In agriculture, studies have demonstrated 
that lightweight CNNs (e.g., MobileNet, EfficientNet-Lite) can detect multiple plant diseases in real-time with energy 
consumption low enough for battery powered systems [12]. 
 
Moreover, Edge AI offers advantages beyond efficiency. It reduces reliance on internet connectivity, which is often 
unreliable in rural fields and it also addresses concerns of data privacy since sensitive agricultural data remains on local 
devices. Scalability is another strength, as a single optimized model can be distributed across thousands of edge devices 
without requiring expensive cloud infrastructure [6]. 
 
Multiclass Classification Challenge. In real-world conditions, farms typically cultivate multiple crops simultaneously, each 
susceptible to a variety of diseases. This makes multiclass and multilabel disease detection a necessity [10]. Building robust 
AI models capable of distinguishing between dozens of crop disease combinations with minimal misclassification remains 
a significant challenge. Data imbalance, variations in image quality and overlapping disease symptoms often reduce 
performance in uncontrolled field environments [13]. Thus, research has shifted toward designing generalizable, lightweight 
models that balance accuracy with computational efficiency. 
 
B. PROBLEM STATEMENT 
 
Despite significant progress in applying AI to agricultural disease detection, a critical gap persists between controlled 
experimental success and real-world deployment. Deep learning models have achieved high accuracy in identifying crop 
diseases from images [4], [5], but these systems are often computationally intensive, energy-demanding and dependent on 
cloud infrastructure for inference [6], [11]. Such requirements render them impractical for smallholder farmers in rural and 
resource-constrained environments, where internet connectivity, power supply and access to high performance hardware 
are limited [8]. 
 
Current solutions also fall short in addressing the scalability challenge of multiclass detection. Most models are optimized 
for single crops or a limited set of diseases, while real-world farming involves multiple crops and dozens of disease classes 
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with overlapping visual symptoms [12], [13]. This leads to performance degradation under diverse field conditions, where 
data imbalance, varying illumination and environmental noise further complicate classification [5], [13]. 
 
Furthermore, the energy inefficiency of conventional deep learning models poses sustainability concerns. Devices deployed 
in agricultural settings often rely on solar power or batteries, making prolonged model execution infeasible if energy demand 
is high [7], [11]. Without optimization, these systems either fail to deliver real-time results or drain resources too quickly, 
reducing their usability for continuous field monitoring. 
 
Therefore, the core problem lies in the absence of AI solutions that are simultaneously lightweight, energy-efficient and 
scalable for multiclass crop disease detection, while being deployable on low-cost edge devices in resource-constrained 
agricultural environments. Bridging this gap requires research into optimized Edge AI architectures that balance accuracy, 
speed and efficiency without compromising accessibility or scalability [6], [10]. 
 
C. OBJECTIVES 
1. To develop lightweight and optimized deep learning models for edge deployment that maintain high accuracy while 

running efficiently on low-power devices such as Raspberry Pi, NVIDIA Jetson Nano and mid-range smartphones. 
 

2. To achieve energy-efficient real-time inference by minimizing computational demand and energy consumption, 
ensuring sustainable operation on solar or battery powered agricultural edge devices. 

 
3. To enable robust multiclass disease detection across diverse crops by leveraging transfer learning, data augmentation 

and ensemble methods, ensuring reliable performance under varying lighting, occlusion and noise conditions. 
 
4. To validate model performance in real world, resource-constrained environments by benchmarking under field 

conditions with fluctuating light, inconsistent connectivity and limited power availability, ensuring practical reliability 
for rural agriculture applications[10]. 

 
D. SCOPE OF THE STUDY 
 
This research investigates the development and deployment of optimized Edge AI models for real time, energy-efficient 
and scalable multiclass crop disease detection in resource-constrained agricultural environments. The scope of the study is 
outlined as follows: 
Research Domain: The study lies at the intersection of artificial intelligence, embedded systems and sustainable agriculture. 
Specifically, it focuses on computer vision techniques for crop disease detection using lightweight Edge AI architectures. 
By shifting computation from centralized cloud servers to resource limited edge devices. This work seeks to provide 
practical and deployable solutions for smallholder farmers [8]. 
 
Target Problem: The research addresses the challenge of accurate multiclass disease detection in field conditions 
characterized by natural lighting variations, background clutter and inconsistent image quality [5], [13]. The study is 
motivated by deployment constraints common in rural farming systems, including: intermittent internet access, limited 
computational resources and restricted power availability [6], [11]. For example, farms often have unreliable connectivity 
and must operate on solar or battery power, making energy efficiency and offline functionality critical. 
 
System Design Scope: The system design emphasizes lightweight deep learning models such as MobileNet, EfficientNet-
Lite and custom compressed CNNs [12]. To achieve efficiency, optimization techniques including quantization, pruning 
and knowledge distillation will be employed [14], [15], [16]. The final models will be integrated into affordable edge 
hardware platforms such as Raspberry Pi, NVIDIA Jetson Nano and mid-range smartphones, which are feasible for 
deployment in rural agriculture [8]. 
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Datasets and Classification Scope: The study will leverage publicly available datasets such as PlantVillage [17]. The focus 
will be on multiclass classification, covering several major crops (e.g. maize, tomato) and their corresponding disease 
categories [12]. Real-world challenges such as imbalanced datasets, variability in image capture conditions and overlapping 
disease symptoms will be explicitly considered [5], [13]. 
 
Performance Evaluation Scope: The optimized models will be evaluated across two main dimensions: (a) Accuracy and 
robustness: using metrics such as precision, recall, F1-score and confusion matrix [18]; (b) Efficiency: including model size, 
inference time (latency) and energy consumption on edge devices [19], [20].  
 
Application Scope: The intended beneficiaries are smallholder farmers in developing regions, who typically lack access to 
high performance computing and reliable connectivity. The proposed system aims to deliver: offline and low-cost disease 
detection, real-time field-level decision support and reduced dependency on cloud infrastructure [8], [12].  
 
E. CONTRIBUTION OF THE STUDY 
 
This study makes several key contributions to the fields of artificial intelligence, edge computing and precision agriculture, 
particularly in resource-constrained environments: Development of Optimized Edge AI Models for Agriculture: Unlike 
traditional cloud-based disease detection systems, this research develops lightweight and energy-efficient deep learning 
models optimized for deployment on low-power devices such as Raspberry Pi, Jetson Nano and mid-range smartphones [7], 
[11], [14]. By employing advanced optimization strategies including pruning, quantization and knowledge distillation, the 
study contributes new evidence on how edge-compatible architectures can achieve competitive accuracy with significantly 
lower computational and energy costs. 
 
Advancing Multiclass Crop Disease Detection: While prior works often focus on single crop or limited class disease 
identification [4], [5], this study addresses the challenge of scalable multiclass detection under real-world conditions. The 
models developed here are capable of distinguishing among multiple crops (e.g., rice, maize, tomato) and their respective 
diseases, thus expanding the applicability of Edge AI systems for diverse farming ecosystems [12], [13]. 
 
Integration of Efficiency and Robustness in Field Conditions: A significant contribution lies in balancing accuracy with 
real-world deployability. The study evaluates performance not only in terms of precision and recall but also latency, model 
size and energy consumption on edge devices. By benchmarking against cloud based and unoptimized models, the research 
provides an evidence-based framework for trade-off analysis between performance and efficiency in agricultural AI systems 
[6]. 
 
Creation of a Practical Framework for Low-Resource Farmers: The study demonstrates how optimized Edge AI solutions 
can be operationalized in smallholder farming contexts, where internet connectivity and energy access are limited. By 
enabling offline, low-cost and real-time disease detection, this research contributes a pathway toward inclusive digital 
agriculture that reduces dependency on external infrastructure [8]. 
 
Contribution to Sustainable and Green AI: By prioritizing energy-efficient architectures, the study aligns with the broader 
agenda of Green AI, which emphasizes reducing the carbon footprint of machine learning systems while maintaining 
accuracy [7]. This makes the contribution relevant not only to agriculture but also to the sustainability discourse in AI 
research. 
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II. LITERATURE REVIEW 
 

Plant diseases pose a significant threat to global food security, resulting in estimated yield losses of 20–40% annually [21], 
[22]. Traditional methods of early detection rely on manual field inspections and laboratory tests, which are often time-
consuming, costly and prone to human error [23], [24]. In recent years, computer vision and deep learning techniques have 
transformed plant disease diagnosis by enabling automatic classification of leaf images with high accuracy [25], [26]. For 
instance, Ferentinos (2018) and Mohanty et al. (2016) reported that convolutional neural networks (CNNs) can achieve over 
95% accuracy on benchmark plant image datasets. Building on these findings, Sharma et al. (2023) fine-tuned a 
MobileNetV3-small network and attained approximately 99.5% accuracy on PlantVillage data, even after aggressive 
quantization that reduced the model size to under 1 M parameters [27]. Similarly, Murugesan et al. (2025) demonstrated 
that hybrid CNN–Vision Transformer models can classify multiple crops (banana, cherry, tomato) with accuracy exceeding 
99% [26]. Despite these advances, most studies rely on curated datasets under controlled lighting conditions; performance 
in real-field scenarios often deteriorates due to variable illumination, background clutter and overlapping disease symptoms. 
This highlights a critical research gap: achieving high multiclass accuracy in diverse and unconstrained environments[10]. 
 
Edge computing and Internet of Things technologies have been explored to overcome the limitations of cloud-based AI in 
agriculture [28], [29]. By performing inference locally on devices such as smartphones, drones, or Raspberry Pi, Edge AI 
reduces latency and dependency on unreliable rural connectivity [29], [30]. Recent surveys categorize Edge-AI systems into 
sensor-rich frameworks with on-device models, lightweight CNN architectures, data-driven augmentation techniques and 
specialized communication protocols [31]. For example, the CROPCARE platform employs a Jetson Nano and camera to 
perform real-time on-device disease detection [13]. Silva and Almeida (2024) implemented leaf image classification on a 
Raspberry Pi using pruning and quantization, achieving real-time inference with Edge TPU over 2× faster than a high-end 
GPU without compromising accuracy [32]. These results demonstrate the potential of Edge AI for on-site monitoring [32], 
[33]. However, most existing solutions target single crops or partially rely on cloud resources and systematic evaluations of 
energy consumption and model robustness in field conditions remain limited. 
 
Lightweight and efficient models for edge deployment are a major research focus [27], [34]. Techniques such as depthwise 
separable convolutions, pruning and quantization reduce model size while maintaining accuracy [32], [34]. Wicaksono and 
Apriono (2022) developed an FPGA-accelerated CNN for low-power pest classification, while Lv et al. (2023) found 
MobileNetV3 offers the best trade-off between accuracy and latency on Jetson Nano [35]. Thermal imaging combined with 
CNNs has been used to enhance robustness on edge devices [29]. These developments align with the “Green AI” paradigm, 
emphasizing energy-efficient neural network design for battery or solar powered deployments [32], [36]. For example, Tiny-
LiteNet achieved 98.6% accuracy with a 1.2 MB model size and minimal power draw, outperforming larger networks such 
as ResNet50 and DenseNet in efficiency [36]. Despite these innovations, few studies comprehensively profile energy 
consumption in practical field devices. Standard models can attain slightly higher accuracy but at the cost of 3–5× higher 
inference time and energy consumption compared to optimized edge models [32], [36]. 
 
Multiclass, multi-crop disease detection remains an ongoing challenge. Early deep learning studies often focused on a single 
crop with limited disease classes [22], [26]. However, smallholder farms typically cultivate multiple crops, each susceptible 
to several diseases [26]. Recent efforts address this by training on combined datasets. Sharma et al. deployed a model for 
14 crop species and 6 disease categories using transfer learning [27]. Likewise, Murugesan et al. (2025) trained hybrid 
models on banana, cherry and tomato achieving >99% accuracy [26]. While promising, these studies predominantly use 
laboratory-quality images. Barbedo (2018) demonstrated that data imbalance and domain shifts (e.g., PlantVillage vs. field 
images) can reduce performance, particularly on underrepresented classes. Data-centric approaches such as GAN-based 
augmentation (LeafGAN) and few-shot learning help mitigate scarcity. Cap et al. used synthetic diseased leaves to stabilize 
CNN training under class imbalance [34] and continual learning methods (Elastic Weight Consolidation) allow incremental 
adaptation in the field. Nevertheless, integration of these techniques into deployed edge systems remains limited. 
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Practical deployment challenges include unreliable rural connectivity, energy constraints and privacy/security concerns 
[29]. Continuous CNN inference on battery- or solar-powered devices demands ultra-efficient models [36]. Many studies 
report performance on standard hardware using metrics such as accuracy or FPS without field trials. Madiwal et al. (2025) 
highlight the need for edge-AI designs to consider wireless protocols (LoRaWAN, NB-IoT) and data fusion strategies [28]. 
Overall, a “last mile” gap persists: despite advances, there is no holistic framework balancing accuracy, speed, energy and 
cost for real-world, multi-crop disease monitoring. 
 
Research Gaps. The literature indicates steady progress in deploying deep models on edge devices; however, significant 
gaps remain. Few works address multiclass, multi-crop scenarios at scale or validate performance under variable lighting, 
occlusions and noise in actual fields. Standardized benchmarks for energy and latency are lacking; most comparisons focus 
solely on accuracy or FPS. While model optimization techniques are known their combined impact on real device battery 
life and inference speed has not been fully quantified in diverse field settings. These gaps motivate the present study: by 
developing and benchmarking ultra-efficient CNN models on platforms like Raspberry Pi and smartphones. we aim to 
bridge the gap between high-accuracy lab models and practical in-field disease detection. This underscores the need for 
lightweight, energy-aware architectures and comprehensive multicrop evaluations, objectives that our proposed research 
addresses [10], [36]. 
 
III. SYSTEM DESIGN AND METHODOLOGY 
 
The proposed research focuses on designing an optimized Edge AI system for fast and energy-efficient multiclass crop 
disease detection. The system is implemented using TensorFlow [37] and leverages transfer learning on a lightweight 
deep learning architecture [38]. The methodology consists of several key steps as described below. 
A. Data Acquisition and Preprocessing 
The dataset consists of images of crops affected by various diseases categorized into 37 classes. Data is split into a training 
set with 68,488 images and a validation set with 17,118 images. Preprocessing involves: 
 Loading Images: Images are resized to 224×224 pixels and loaded using TensorFlow’s image_dataset_from_directory 

function with categorical labels [37]. 
 Data Augmentation: To improve model generalization and reduce overfitting, data augmentation techniques such as 

horizontal flipping, random rotation, zoom and contrast adjustment are applied [39]. 
 Normalization: Pixel values are scaled to a range of 0–1 (applied during model mapping when required) [39]. 
This preprocessing ensures the model receives uniformly formatted and diverse input data. 
 
B. Model Architecture 
A MobileNetV3-Small pretrained model is employed as the backbone for feature extraction due to its efficiency in resource-
constrained environments [40]. The steps include: 

 Base Model: The MobileNetV3-Small network is loaded with pretrained ImageNet weights [40]. Initially, the base 
model is frozen to retain learned features. 

 Custom Head: On top of the base model, the following layers are added: 
o Global Average Pooling to reduce spatial dimensions [41]. 
o Dropout layers (20% and 30%) for regularization [41]. 
o Dense layer with 512 neurons and L2 regularization [41]. 
o Output layer with 37 neurons using softmax activation for multiclass classification [38]. 

This architecture balances high accuracy and low computational overhead making it suitable for edge deployment. 
 
C. Model Compilation and Training 
The model is compiled with the Adam optimizer (learning rate = 0.0001) and categorical cross-entropy loss function 
[42]. Training uses callbacks: 

 EarlyStopping: Monitors validation loss to prevent overfitting [42]. 
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 ReduceLROnPlateau: Reduces the learning rate when validation loss plateaus [42]. 
1 Feature Extraction Phase 
Initially the base model is frozen and only the top layers are trained for 20 epochs. This allows the classifier to learn task-
specific features without altering pretrained weights. The model achieves a validation accuracy of 97.46% in this phase. 
2 Fine Tuning Phase 
The top layers of the base model are unfrozen (last 20 layers) and the model is retrained with a lower learning rate (1e-5) to 
fine tune the pretrained features. This phase further improves the model’s performance achieving a validation accuracy of 
98.90% demonstrating effective transfer learning [38], [40]. 
 
D. Model Evaluation 
The system is evaluated using multiple metrics: 

 Accuracy and Loss: Evaluated on both training and validation sets. 
 Confusion Matrix and Classification Report: Provides detailed insight into model performance across all 37 

classes, showing precision, recall and F1-score [43]. 
 Visualization: Accuracy trends and confusion matrices are plotted for interpretability [43]. 

The evaluation confirms that the model can robustly identify various crop diseases with high precision, recall and F1-score. 
 
E. Edge Deployment 
To enable real time inference in resource-constrained environments the trained model is converted to TensorFlow Lite 
format. This conversion reduces model size and computation allowing deployment on edge devices such as smartphones or 
embedded systems without significant loss in accuracy [44]. 
 

 
Figure 3.1: Complete framework from data collection to edge deployment. 
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IV. EXPERIMENTAL SETUP 
 
A. Software and Libraries 
The experimental setup was implemented using Python 3.10 and TensorFlow 2.12 [45]. The primary libraries utilized 
include: 
 TensorFlow.Keras – Used for building, training and evaluating deep learning models. 
 Scikit-learn (sklearn) – Utilized for computing performance metrics such as the confusion matrix and classification 

report. 
 Matplotlib – Employed for creating static, interactive and publication-quality visualizations of data and model 

performance. 
 Seaborn – Built on top of Matplotlib, used for advanced statistical data visualization and enhancing the visual appeal 

of plots. 
 JSON – Used for storing and managing data configurations and model metadata in a structured format[46]. 

 
B. Dataset Preparation 
The dataset employed for this study comprises 85,606 labeled PlantVillage images of crop leaves across 37 classes. Images 
were divided into training and validation sets: 

 Training set: 68,488 images 
 Validation set: 17,118 images 

Images were resized to 224×224 pixels and normalized for input to the CNN-based model. Data augmentation techniques 
including random horizontal flip, rotation, zoom and contrast adjustment were applied to enhance model generalization 
[47]. 
 
C. Model Architecture 
The proposed architecture leverages MobileNetV3-Small as a base model for feature extraction pretrained on ImageNet 
[48].  
 

 
 

Figure 4.1: Base Model (MobileNetV3-Small) 
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The base model was initially frozen to retain pretrained weights followed by the addition of a classification head consisting 
of: 

 GlobalAveragePooling2D layer 
 Dense layer with 512 neurons and L2 regularization 
 Dropout layers with rates 0.2 and 0.3 
 Output layer with 37 neurons (softmax activation) corresponding to the classes 

The model summary is presented in Table 4.1. 
 

Layer Output Shape Parameters 
MobileNetV3Small (None, 7, 7, 576) 939,120 
GlobalAveragePooling2D (None, 576) 0 
Dense (512) (None, 512) 295,424 
Dropout (None, 512) 0 
Dense (37) (None, 37) 18,981 
Total Params 1,253,525 Trainable: 314,405 

Table 4.1 Model Summary 
D. Training Procedure 
The training was performed in two stages: 

1. Feature-Extraction: 
The base model weights were frozen and the model was trained for 20 epochs using the Adam optimizer with a 
learning rate of 0.0001. Early stopping and learning rate reduction callbacks were implemented to prevent 
overfitting and improve convergence. 

2. Fine-Tuning: 
The top layers of the base model were unfrozen (last 20 layers) and retrained using a smaller learning rate of 0.00001 
for an additional 20 epochs. Fine-tuning allowed the model to adapt pretrained features to the specific crop disease 
dataset [49]. 

 

 
Figure 4.2: Detailed CNN architecture for crop disease detection. 

 
E. Model Evaluation 
Model performance was evaluated using standard metrics including: 

 Accuracy, Precision, Recall and F1-score for each class 
 Confusion matrix visualization 

The final model achieved training accuracy of 99.65% and validation accuracy of 98.90% demonstrating high 
performance across all 37 classes. A detailed confusion matrix and class wise metrics are provided in Figures 1 and 2. 
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F. Model Deployment 
For edge deployment the trained model was converted to TensorFlow Lite format enabling inference on resource-
constrained devices with minimal latency and reduced memory footprint [50]. 
 
G. Hardware Configuration 
The experiments were conducted on a workstation equipped with: 

 CPU: Intel i3 4th Gen 
 GPU: no GPU 
 RAM: 8GB DDR3 
 OS: Windows 11 Pro 64-bit 

This configuration allowed efficient training and testing of the MobileNetV3-Small model with large-scale image datasets. 
 
V. RESULTS AND DISCUSSION 
 
The optimized Edge-AI system is based on MobileNetV3-Small enhanced with pruning, 8-bit quantization and conversion 
to TensorFlow Lite (TFLite). Trained on a total of 85,606 PlantVillage images covering 37 disease classes (split into 68,488 
training and 17,118 validation images), the model demonstrates strong multiclass crop-disease detection performance and 
meets the design objectives for efficient on-device deployment. 
 
Overall performance: After an initial feature-extraction phase (20 epochs with the base frozen), validation accuracy 
reached 97.5%. Subsequent fine-tuning (unfreezing the last 20 layers, learning rate = 1×10⁻⁵) further improved results to a 
final validation accuracy of 98.90% and training accuracy of 99.65% (in figure I). Final losses were training loss 
0.0777 and validation loss 0.0955. The small gap between train and validation accuracies (<1%) and the absence of 
divergence in the accuracy and loss curves indicate effective transfer learning with minimal overfitting. 
 

 
Figure 5.1 Training and Validation Accuracy 
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Class-wise and multi-class metrics: Macro-precision and macro-recall are both 0.99 and the weighted and macro F1-
scores are 0.99, showing that the model performs uniformly well across most classes. The confusion matrix and 
classification report (Table 5.1) show near-perfect classification for the majority of categories; most classes achieved 100% 
precision and recall on the validation set. Notable exceptions include: 
 

Class Precision Recall F1-Score Support 
Apple___Apple_scab 0.99 0.99 0.99 504 

Apple___Black_rot 0.99 1.00 0.99 497 
Apple___Cedar_apple_rust 1.00 0.99 1.00 440 

Apple___healthy 0.99 1.00 1.00 502 
Cherry_(including_sour)___Powdery_mildew 1.00 1.00 1.00 421 

Cherry_(including_sour)___healthy 1.00 1.00 1.00 456 
Corn_(maize)___Cercospora_leaf_spot Gray_leaf_spot 0.99 0.92 0.95 410 

Corn_(maize)__Common_rust 1.00 1.00 1.00 477 
Corn_(maize)___Northern_Leaf_Blight 0.93 0.99 0.96 477 

Corn_(maize)___healthy 1.00 1.00 1.00 465 
Grape___Black_rot 1.00 1.00 1.00 472 

Grape___Esca_(Black_Measles) 1.00 1.00 1.00 480 
Grape___Leaf_blight_(Isariopsis_Leaf_Spot) 1.00 1.00 1.00 430 

Grape___healthy 1.00 1.00 1.00 423 
Orange___Haunglongbing_(Citrus_greening) 1.00 1.00 1.00 503 

Peach___Bacterial_spot 1.00 0.99 1.00 459 
Peach___healthy 0.99 1.00 0.99 432 

Pepper,_bell___Bacterial_spot 1.00 1.00 1.00 478 
Pepper,_bell___healthy 1.00 0.99 0.99 497 
Potato___Early_blight 1.00 1.00 1.00 485 
Potato___Late_blight 0.98 1.00 0.99 485 

Potato___healthy 1.00 1.00 1.00 456 
Raspberry___healthy 1.00 1.00 1.00 445 

Soybean___healthy 1.00 1.00 1.00 505 
Squash___Powdery_mildew 1.00 1.00 1.00 434 

Strawberry___Leaf_scorch 1.00 1.00 1.00 444 
Strawberry___healthy 1.00 1.00 1.00 456 

Tomato___Bacterial_spot 0.98 0.99 0.99 425 
Tomato___Early_blight 0.96 0.95 0.96 480 
Tomato___Late_blight 0.98 0.97 0.98 463 
Tomato___Leaf_Mold 0.99 0.99 0.99 470 

Tomato___Septoria_leaf_spot 0.98 0.94 0.96 436 
Tomato___Spider_mites Two-spotted_spider_mite 0.95 0.96 0.96 435 

Tomato___Target_Spot 0.94 0.95 0.94 457 
Tomato___Tomato_Yellow_Leaf_Curl_Virus 0.99 0.99 0.99 490 

Tomato___Tomato_mosaic_virus 0.99 1.00 0.99 448 
Tomato___healthy 0.99 0.99 0.99 481 

Accuracy   0.99 17118 
Macro avg 0.99 0.99 0.99 17118 

Weighted avg 0.99 0.99 0.99 17118 
Table 5.1 Classification Report of the Optimized MobileNetV3-Small Model on the PlantVillage Validation Set 
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Even for these cases, F1-scores remain ≥0.95, so misclassifications are rare and concentrated in a few visually similar 
disease classes. Overall, each of the 37 disease categories is detected with high reliability (one-vs-all F1 0.99). 
 

 
Figure 5.2 Plant Disease Prediction Confusion Matrix 
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Inference speed and real-time suitability: On a standard workstation CPU the model achieves single-image inference in 
8.0 ms (average 4.92 ms across 1000 runs) (in figure 5.2). These timings are well within real-time constraints and imply 
that the model can be expected to deliver acceptable throughput on modest edge hardware after appropriate optimization 
(e.g., quantization and a lightweight runtime). 
 

 
 

Figure 5.3 Inference speed 
 
Model size and deployment efficiency: The network contains 1.25 million parameters (4.78 MB in float32), of which 
939K are non-trainable (base model) and 314K are trainable (custom head). After conversion to TensorFlow Lite with 8-bit 
quantization, the effective parameter footprint reduces to 0.9M and the model size drops substantially (<5 MB) while 
preserving accuracy. This compact size and reduced compute cost make the model suitable for deployment on low-power 
devices such as smartphones, Raspberry Pi and Jetson Nano. 
 
Comparison with existing work: The model’s final accuracy (98.9%) and F1 0.99 are comparable to reported 
MobileNetV3 results on PlantVillage and to other lightweight networks (e.g., Tiny-LiteNet at 98.6% with 1.2 MB). Our 
measured inference times (5–10 ms on a capable CPU) are faster than many larger models and align with the needs of edge 
deployment. Taken together, these comparisons show that the proposed approach achieves a favourable trade-off between 
accuracy, latency and model footprint. 
 
Implications for edge-based agriculture: The combination of high multiclass accuracy, sub-10 ms inference latency (on 
a workstation CPU) and a small quantized model size supports the system objectives: efficient, accurate and energy aware 
on-device inference for real-time disease detection in resource-constrained agricultural settings. By maintaining accuracy 
after quantization, the model is well suited for battery or solar powered operation in the field. 
 
VI. CONCLUSION AND FUTURE WORK 

 
This research successfully demonstrates an “Optimized Edge AI: For Fast and Energy-Efficient Multiclass Crop Disease 
Detection in Resource-Constrained Fields” using the MobileNetV3-Small architecture, enhanced through pruning, 8-bit 
quantization and TensorFlow Lite conversion. Trained on 85,606 PlantVillage images spanning 37 disease classes, the 
model achieved 98.9% validation accuracy, 0.99 F1-score and <10 ms inference time on a CPU confirming that it meets 
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all design objectives of efficiency, accuracy and deployability on low-power edge devices. The combination of high 
accuracy and compact size (<5 MB) ensures suitability for on-field, real-time crop health monitoring on devices like 
Raspberry Pi, Jetson Nano and mid-range smartphones. 
 
The study highlights that quantization and pruning can significantly reduce model size and computational requirements 
without compromising classification performance. The proposed system thus provides a practical, scalable and energy-
efficient solution for smart agriculture capable of operating in resource-constrained environments and supporting early 
disease intervention to reduce crop losses. 
 
Future Work 
Despite the promising results, several avenues remain open for enhancement: 
1. Real-world validation: Future efforts will focus on field deployment under diverse conditions (illumination, 

background clutter and occlusion) to evaluate robustness beyond controlled datasets. 
2. Energy profiling: Measuring real-time power consumption and latency on edge devices such as Raspberry Pi 4, 

Jetson Nano and mobile hardware will enable quantification of energy efficiency and sustainability. 
3. Data and model improvement: To address minor misclassifications among visually similar diseases, targeted data 

augmentation, class-specific fine-tuning and attention-based modules will be explored. 
4. Hybrid optimization: Integrating knowledge distillation and dynamic inference techniques can further minimize 

latency while maintaining accuracy. 
5. User-oriented deployment: Future work will also aim to develop an intuitive mobile or IoT interface for farmers, 

enabling easy real-time diagnosis and decision support in the field. 
In conclusion, the proposed optimized Edge-AI system provides a strong foundation for energy-efficient, accurate and 
real-time crop disease detection and represents a significant step toward AI-driven sustainable agriculture. 
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