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Abstract: Plant disease significantly affects global agricultural productivity. Timely and accurate detection of leaf diseases 

can help farmers take corrective measures and prevent large-scale crop loss. In this study, we implement a deep learning 

approach using Convolutional Neural Networks (CNNs) and Transfer Learning with ResNet50 on the PlantVillage dataset 

to identify plant leaf diseases. A baseline CNN is first evaluated, followed by extensive experiments with ResNet50 using pre-

trained ImageNet weights. The model is fine-tuned for classification of 38 plant disease categories. The performance is 

evaluated using standard metrics such as accuracy, precision, recall, and F1-score. Our approach achieved an overall test 

accuracy of 98% with robust generalization across various classes. Furthermore, visualizations using confusion matrices 

and class-wise precision support interpretability. This study confirms that transfer learning is an effective solution for plant 

disease classification and offers a scalable framework for agricultural diagnostics. 
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I. INTRODUCTION 
 

The increasing global demand for food and sustainable 

agriculture has brought new urgency to the early detection and 

management of crop diseases. In modern agriculture, plant leaf 

diseases are among the most widespread and damaging 

threats, leading to considerable losses in yield, quality, and 

farmer income. Traditional plant disease diagnosis methods 

often rely on human expertise and visual inspection, which can 

be slow, error-prone, and impractical for large-scale 
monitoring. Moreover, the shortage of skilled agronomists and 

plant pathologists in rural or remote areas further exacerbates 

the challenge of timely disease detection. 

 

To address these limitations, artificial intelligence (AI), 

particularly deep learning (DL), has emerged as a 

transformative solution in the field of precision agriculture. 

Deep learning models have demonstrated significant success 

in solving complex visual recognition problems, including 

object detection, classification, and segmentation, by 

automatically extracting relevant features from raw image data 

without requiring handcrafted features or domain-specific 

heuristics. Among the various deep learning techniques, 

Convolutional Neural Networks (CNNs) have proven 

especially powerful for agricultural applications due to their 

ability to model spatial hierarchies and local patterns in 

images. 

 

However, training high-performing CNNs typically 

requires large, annotated datasets and significant 

computational resources. In response to these limitations, 

Transfer Learning—the process of adapting pre-trained 

models to new tasks—has become a popular approach. 

Transfer learning enables the reuse of weights from models 

trained on massive datasets such as ImageNet, providing 
improved convergence rates, generalization ability, and 

performance, especially in domains like agriculture where 

annotated data may be limited or imbalanced. 

 

In this study, we explore the integration of CNNs and 

transfer learning techniques to build an automated, scalable, 

and accurate plant disease classification system. We utilize the 

PlantVillage dataset, which includes more than 50,000 high-

resolution images of healthy and diseased leaves across 

various crops such as tomato, potato, corn, and apple. We first 

construct a baseline CNN architecture and then implement a 

transfer learning pipeline using ResNet50, a deep residual 

network architecture known for its ability to combat vanishing 

gradients and capture hierarchical representations. 
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While existing research in plant disease detection has 

demonstrated promising results with deep learning, several 

challenges remain: the visual similarity between diseases, high 

intra-class variance, class imbalance, and poor generalizability 

to field conditions. Our approach addresses these gaps by 

combining data preprocessing, augmentation, and fine-tuning 

techniques with a rigorous evaluation strategy based on 

standard performance metrics. 

 

This work contributes to the growing field of AI-enabled 

agriculture by presenting a high-performance and explainable 

disease detection framework that can assist farmers, 

agronomists, and agricultural advisors in timely decision-

making. Furthermore, the model's deployment potential on 

mobile and edge devices opens new possibilities for practical, 

real-world applications in resource-constrained settings. 

 

II. LITERATURE REVIEW 
 

The application of deep learning in plant disease 

detection has gained significant momentum in recent years, 

driven by the availability of annotated datasets and the rapid 

advancements in computer vision techniques. Numerous 

studies have shown that Convolutional Neural Networks 

(CNNs) outperform traditional machine learning algorithms 

by eliminating the need for manual feature extraction and by 

effectively learning complex representations from raw image 

data. 

 

One of the earliest large-scale contributions to this field 

was the PlantVillage dataset, introduced by Mohanty et al., 

which became a benchmark for plant disease detection tasks. 

They utilized simple CNN architectures and achieved 

promising classification accuracy, thereby setting a 

foundational precedent for future deep learning-based 
agricultural applications. 

 

Subsequent works explored the use of pre-trained 

architectures through Transfer Learning, which allowed 

researchers to leverage models trained on massive datasets like 

ImageNet. Hukkeri (2024) conducted a comparative study of 

several transfer learning models including VGG16, ResNet50, 

InceptionV3, and EfficientNetB0 on the PlantVillage dataset. 

Their results indicated that deeper networks such as ResNet50 

and InceptionV3 yielded better accuracy and generalization, 

particularly when coupled with proper data augmentation 

strategies. 

 

Abade (2020) performed a systematic review of over 100 

CNN-based plant disease classification studies and 

emphasized that models like ResNet and Inception 

consistently outperform traditional methods like SVMs and 
decision trees, especially in tasks involving multiclass 

classification with high intra-class variance. 

 

In a more recent study, Castillo-Ossa and Corchado 

(2025) introduced attention mechanisms into the ResNet 

framework and reported enhanced focus on disease-affected 

leaf regions, further improving classification accuracy and 

interpretability. These attention-based methods address a 

common issue in deep learning models — their "black-box" 

nature — by enabling better visualization of class-specific 

features. 

 

Rajpal (2024) incorporated explainability into plant 

disease prediction by using superpixel-based Grad-CAM 

overlays with InceptionResNetV2. This allowed them to not 

only achieve 99.91% accuracy but also validate the model’s 

decision through region-based visual cues, promoting trust and 

transparency in AI predictions. 

 

Despite these advancements, several challenges persist. 

First, most models are trained on high-quality lab-controlled 

images from datasets like PlantVillage, which may not 

generalize well to real-world conditions where lighting, 

background noise, and occlusion vary significantly. Second, 

diseases with similar visual symptoms—such as different 

fungal infections—are often misclassified, even by advanced 
models. To tackle these challenges, Padshetty and Ambika 

(2023) proposed a ResNet variant with Leaky ReLU and 

robust preprocessing steps, showing better performance on 

visually similar classes. 

 

Furthermore, model generalization remains a critical 

issue, especially when the dataset suffers from class 

imbalance—a situation where some diseases are 

overrepresented while others have few samples. Several 

authors have addressed this using data augmentation, 

SMOTE techniques, or by using lightweight architectures 

like MobileNetV2, ResNet, which are suitable for mobile 

deployment in rural areas. 

 

While the application of CNNs in plant disease detection 

has seen promising results with accuracy ranging from 90% to 

99% depending on model complexity and preprocessing, few 

studies have gone beyond performance metrics to incorporate 
interpretability and real-world usability. Our study aims to 

bridge this gap by combining transfer learning with ResNet50, 

extensive augmentation, and class-wise evaluation to create a 

robust and scalable system for plant leaf disease detection. 

 

III. METHODOLOGY 
 

 Dataset Description 

This study utilizes the PlantVillage dataset, a publicly 

available benchmark dataset consisting of over 54,000 RGB 

images of healthy and diseased leaves from 14 plant species 

categorized into 38 classes. Each class represents a unique 

plant-disease combination, such as Tomato_Early_Blight, 

Apple_Scab, or Corn_Gray_Leaf_Spot. The dataset images 

were captured in controlled laboratory conditions with a plain 

background, uniform lighting, and centered leaf structures. 

This consistent imaging setup minimizes noise and 
background interference, allowing models to focus primarily 

on disease-specific visual patterns. The dataset includes both 

fungal and bacterial infections, along with healthy leaf 

samples, providing a diverse and balanced foundation for 

training and evaluating deep learning models. Due to its wide 

acceptance and structured labeling, PlantVillage is commonly 

used in academic research for benchmarking plant disease 

detection algorithms. The dataset was randomly split into three 

subsets: 
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 Training Set: 75% of the total images 

 Validation Set: 25% (used for hyperparameter tuning) 

 

Exact distribution of images is given below (Figure 1). 

 

 Data Preprocessing 

All images were resized to 224 × 224 pixels to match the 

input dimensions required by ResNet50 and standard CNN 

architectures. Image pixel values were normalized to the range 

[0, 1] for stable training convergence. To increase model 

generalizability and reduce overfitting, we applied real-time 

data augmentation using the following transformations: 

 

 Random horizontal and vertical flips 

 Small rotations (±20 degrees) 

 Zoom and width/height shift 

 Brightness and contrast variation 

 These transformations were applied to the training data 

only. 

 

 
Figure 1 PlantVillage Dataset Split Distribution used in training 

 

 Baseline CNN Architecture 

To establish a performance benchmark, we first 

implemented a basic CNN model with three convolutional 

layers, followed by max-pooling and two fully connected 

(dense) layers. The model was trained from scratch using the 

training data, and evaluated on the validation and test sets. 

 
Input → Conv → ReLU → Pooling → FC → Softmax 

 

 Transfer Learning with ResNet50 

To improve performance, we adopted transfer learning 

using the ResNet50 architecture, a 50-layer deep residual 

network pre-trained on the ImageNet dataset. The model's 

base layers were frozen to retain the generic feature extraction 

capabilities learned from ImageNet. The final fully connected 

layers were removed and replaced with a custom classification 

head consisting of: 

 

 Global Average Pooling Layer 

 Dense Layer with ReLU activation 

 Dropout Layer (rate = 0.5) 

 Final Dense Layer with softmax activation for 38 output 
classes 

 

This architecture was trained on the preprocessed and 

augmented images, using only the newly added layers during 

the initial training. Fine-tuning of deeper layers was performed 

later for improved accuracy. 

 

 Training Parameters and Setup 

 

Table 1 Model Comparison with their accuracies & loss 

Metrics MobileNetv2 Resnet Resnet (Fine-Tuned) 

Accuracy 84.18 % 96.09 % 98.08 % 

Loss 54.11 % 11.93 % 5.9 % 
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 Optimizer: Adam 

 Learning Rate: 0.0001 (with ReduceLROnPlateau 

scheduler) 

 Loss Function: Categorical Cross-Entropy 

 Epochs: 10 

 Batch Size: 32 

 Early Stopping: Enabled (patience = 5) 

 Framework: TensorFlow + Keras 

 

 

 

Training and evaluation were performed on Google 

COLAB. 

 

 Evaluation Metrics 

The performance of both the baseline CNN and 

ResNet50 models was evaluated using standard classification 

metrics: 

 

These metrics provide insight into not only overall 

correctness but also class-wise balance and sensitivity to false 

positives and false negatives. 

 

 
Fig 2 model performance metrics (resent 50 model) 

 

 Web Deployment 

 

 Home Page: 

 The Home Page offers an overview of the website’s 

purpose and functionality. 

 

 Healthy vs Disease Comparison:  

This section visually compares healthy and leaf images 

 

 Data Analysis: 

 The data analysis page displays statistical summaries of 

dataset used for model training. 

 

 

 

 

 Model Metrics:  

This section displays the model’s performance metrics 

like accuracy, precision, recall & F1-score. 

 

 Random Augmented image Generator:  

Generates a random augmented image from the training 

data, for the user to understand Augmentation. 

 

 User Prediction: 
 Takes custom user image to predict whether the leaf is 

healthy or have any diseases. 

 

 About Page:  

Shows the technology and libraries used as well as some 

information of the authors 

Table 2 Web Navigation – Summary of webpages for user 

Page Name Purpose 

Home Page Introductory overview & navigation 

Healthy v/s Disease Visual comparison 

Data Analysis Dataset summaries and visual insights 

Model Metrics Performance evaluation of the best model 

Augmented Image Generator Demonstrates image augmentation 

User Prediction User uploads image and received model prediction 

About Page Describes project background & team details 
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IV. RESULTS & DISCUSSIONS 
 

This section presents the experimental results obtained 

from training and evaluating three deep learning models: a 

baseline Convolutional Neural Network (CNN), MobileNetV2, 

and ResNet50. Each model was trained on the same dataset 

split (75% training, 25% validation) and evaluated using 

standard metrics including accuracy, precision, recall, and F1-

score. 

 

The baseline CNN, constructed from three convolutional 

layers and two dense layers, served as a starting point for 

comparison. It achieved satisfactory performance on common 

disease classes but struggled to generalize on less-represented 

or visually similar diseases. The model's simplicity limited its 

feature extraction capabilities, resulting in occasional 

overfitting and lower accuracy on complex leaf structures. 
 

MobileNetV2, a lightweight and efficient deep learning 

model designed for mobile applications, showed improved 

performance in terms of training speed and generalization. 

Thanks to its use of depth wise separable convolutions, it 

effectively reduced the number of parameters while preserving 

representational power. MobileNetV2 achieved significantly 

better accuracy than the baseline CNN, particularly on mid-

sized classes like Tomato_Bacterial_Spot and 

Potato_Early_Blight. However, it showed minor confusion in 

visually ambiguous pairs such as Apple_Rust vs 

Apple_Black_Rot. 

 

ResNet50, our final and most powerful model, 

outperformed both alternatives by a clear margin. Its use of 

residual blocks allowed for deeper network training without 

suffering from vanishing gradients. Fine-tuning the model’s 

higher layers further enhanced its specialization toward leaf 
disease features. ResNet50 consistently produced high 

classification accuracy across all classes, demonstrating 

excellent precision even in minority classes. This model also 

exhibited the lowest validation and test loss, confirming its 

robustness and strong generalization capabilities. 

 

The confusion matrix (Figure 3 [below]) further 

validates the superiority of ResNet50. Most classes were 

correctly classified, with strong diagonal dominance indicating 

high confidence. A few off-diagonal entries—particularly 

between diseases affecting the same crop—were observed. For 

example, Tomato Leaf Mold and Tomato_Yellow_Leaf_Curl 

Virus showed slight overlap due to their similar visual 

symptoms. 

 

Interestingly, all three models performed well on 

distinctly patterned diseases such as Corn_Common_Rust and 

Grape_Black_Measles, but performance dipped slightly in 

cases involving mild or early-stage symptoms where 

discoloration was less pronounced. 

 

Overall, the comparison revealed that: 

 

 The Baseline CNN is suitable for small-scale prototypes 

but lacks advanced feature extraction. 

 MobileNetV2 balances accuracy and efficiency, ideal for 

edge or mobile deployment. 

 ResNet50 offers the best performance for comprehensive, 

large-scale applications with high accuracy and low 

misclassification. 

 

In conclusion, ResNet50 emerged as the most reliable 

and scalable architecture for plant leaf disease detection 
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Figure 3 Confusion Matrix (Resnet – Fine Tuned) 

 

V. LIMITAIONS & FUTURE WORK 

 
The model was trained on controlled environment 

images; field image performance may degrade. 

 

Some diseases are visually similar and require advanced 

features or domain knowledge to distinguish. 

 

 Future work: 

 

 Add attention mechanisms or Vision Transformers 

 Integrate real-world images (with noise and background) 

 Deploy model on a smartphone or edge device 

 Include treatment suggestions or severity grading 
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VII. CONCLUSION 
 

This project aimed to develop a robust and intelligent 

system for automated plant leaf disease detection using 

advanced deep learning techniques. Utilizing the PlantVillage 

dataset, which includes a wide range of healthy and diseased 

leaf images across multiple crop types, we built and evaluated 

models capable of accurately predicting the presence and type 

of leaf diseases. 

 

 Initially, we constructed a baseline Convolutional 

Neural Network (CNN) to establish reference accuracy and 

understand the challenges involved in visual classification 

tasks. While the baseline model performed reasonably well, its 

performance plateaued due to the limited depth and feature 

extraction capability. To overcome this, we adopted transfer 

learning using the ResNet architecture, which allowed us to 
leverage the powerful feature representations learned from 

millions of images in the ImageNet dataset. 

 

By fine-tuning the final layers of the pre-trained 

ResNet50 model, we significantly improved prediction 

accuracy and reduced the need for extensive training data. The 

model achieved high validation accuracy, demonstrating 

strong generalization and robustness when tested on 

previously unseen images. Additionally, we employed 

techniques like data augmentation, visualization of class 

distribution, and performance metrics evaluation to ensure the 

model's reliability and fairness across classes. 

 

 From a functional standpoint, the system allows users to 

upload an image of a plant leaf and instantly receive 

predictions about the disease category along with the 

confidence level. With minor enhancements, it can be 

expanded into a deployable web or mobile application to assist 
farmers, agricultural researchers, and agronomists in real-time 

plant disease diagnosis. This project highlights the practical 

utility of deep learning in agriculture, demonstrating how AI 

can play a vital role in early detection and management of crop 

diseases. By enabling timely intervention, such solutions can 

help reduce pesticide usage, improve crop yield, and 

contribute to food security. 

 

 In conclusion, this project not only showcases the 

effectiveness of transfer learning in image-based classification 

tasks but also offers a scalable, impactful solution to one of the 

most pressing challenges in agriculture today — plant disease 

management through intelligent automation. 
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