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[bookmark: _Toc235153071]Abstract
Plant diseases pose a major threat to global agriculture, making it essential to deploy precise automated detection systems. This report investigates Convolutional Neural Networks (CNNs) for classifying five foliar disease categories using 15,675 images from the Plant Pathology 2021 dataset. Four progressive CNN architectures were systematically evaluated. Model 1 achieved 88.48% baseline accuracy, while Model 2 increased architectural depth to 93.46%. Model 3 addressed dataset imbalance using Focal Loss, targeted augmentation, and dropout, achieving 93.80% accuracy with robust minority-class recognition. Finally, Model 4 explored computational efficiency, revealing severe accuracy trade-offs when reducing image resolution. Ultimately, balancing architectural depth with rigorous training optimisation is essential for reliable diagnostic classification
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[bookmark: _Toc235153072]1. Introduction
Plant diseases threaten global agricultural productivity and food security, resulting in significant crop losses each year. Traditional diagnosis depends on visual inspection by experts, making it expensive, subjective, and time-consuming[1]. Consequently, there is an urgent need in precision agriculture for automated, reliable disease-detection systems to minimise crop damage, optimise pesticide use, and reduce financial waste[2]. Artificial Intelligence, specifically Deep Learning (DL), provides a transformative solution to this diagnostic challenge. While traditional machine learning methods often require laborious manual feature extraction, Convolutional Neural Networks (CNNs) are uniquely engineered to process high-dimensional spatial image data[3], [4]. By utilising localised convolutional filters and weight sharing, CNNs automatically learn and extract complex, hierarchical visual features, such as leaf lesions, edges, and textures, directly from raw images without human intervention[5], [4].
This report examines the use of Convolutional Neural Networks (CNNs) for plant disease classification. The aim is to design, compare, and optimise various CNN architectures to classify a five-class subset of the Plant Pathology 2021 dataset, which includes images of healthy plants and those affected by scab, frog eye leaf spot, rust, and powdery mildew. The goal is to achieve strong classification performance through hyperparameter tuning while keeping the network architecture computationally simple and effective.
[bookmark: _Toc235153073]2. Related Work 
Artificial Neural Networks are computational frameworks inspired by biological nervous systems that learn complex representations from massive datasets. In deep learning, specific network architectures have been engineered to process distinct data structures. Recurrent Neural Networks (RNNs) are explicitly designed to handle sequential and time-series data. By utilising an internal hidden state, RNNs can capture temporal dependencies where the sequence of data points is critical, making them the standard choice for natural language processing or weather forecasting[6]. However, RNNs are fundamentally ill-suited for static, two-dimensional image classification because images lack a sequential time-step structure. Conversely, Convolutional Neural Networks (CNNs) are uniquely engineered to process high-dimensional spatial data [3]. Through the use of convolutional layers, local connectivity, and weight sharing, CNNs automatically extract hierarchical spatial features, such as edges, textures, and specific morphological shapes, from raw pixels[3], [7]. Because plant disease diagnosis relies entirely on evaluating the static spatial distribution of leaf lesions and fungal growth, a CNN architecture is definitely the most appropriate methodology for this computer vision task.
Convolutional Neural Networks (CNNs) have significantly outperformed traditional machine learning techniques in plant disease detection. Studies such as Mohanty et al.’s PlantVillage research demonstrated the power of deep learning, achieving over 99% accuracy using AlexNet and GoogLeNet[1]. Similarly, ResNet-based models and Dual-Channel CNNs have shown strong performance in detecting crop diseases[8]. However, these models often rely on datasets captured under controlled laboratory conditions, limiting their reliability in real agricultural environments characterised by varying illumination, complex backgrounds, and overlapping leaves. Additionally, deep CNNs require substantial computational resources and are prone to overfitting[4].
Recent studies have addressed these challenges through data augmentation and generative models. For maize disease detection, a DCGAN expanded a field dataset from 4,428 to 89,420 images, enabling an MAF-ResNet50 model to achieve 97.41% accuracy and supporting mobile deployment [8]. Cassava disease detection models achieved 80–93% accuracy but experienced a 32% decline in F1-score during field testing [1]. These findings highlight the importance of realistic datasets, augmentation techniques, and robust regularisation methods for improving CNN generalisation in practical agricultural applications[9]. Another important technique is Dropout, which randomly deactivates a proportion of neurons during training, preventing the network from relying on specific features and encouraging the learning of more robust representations [10]. In addition, early stopping is an effective optimisation strategy that continuously monitors validation performance and terminates training when validation performance plateaus. This helps preserve the model at its optimal state before it begins fitting irrelevant noise in the training data[11], [12]. Complementing these methods, hyperparameter tuning, including adjustments to learning rates, batch sizes, and optimisation algorithms such as Adam or SGD, is essential for maximising model performance and training efficiency[13].
By combining these optimisation and regularisation strategies, a streamlined CNN can effectively identify disease-specific visual symptoms while maintaining strong generalisation capability and computational efficiency, making it more suitable for practical real-world deployment.

[bookmark: _Toc235153074]3. Workflow Methodology 
[bookmark: _Toc235153075]3.1 Machine Learning Pipeline
A machine learning framework was created to develop a plant disease classification system using the Plant Pathology 2021 dataset. The process included data collection, preprocessing, augmentation, and the training, testing, and evaluation of models, as shown in Figure 1[14]. Each phase was carefully designed to enable consistent experimentation across four CNN architectures, allowing for objective comparisons of model configurations, balancing strategies, and optimisation techniques.
[image: ]
[bookmark: _Toc235153076]3.2 Dataset and Preparation
The Plant Pathology 2021 dataset is a publicly available collection of apple leaf images containing both healthy and diseased samples. Five disease categories were selected for the classification task: Healthy, Scab, Frog Eye Leaf Spot, Rust, and Powdery Mildew(Figure 2). These classes represent common apple leaf conditions and provide a realistic multiclass classification problem.
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To ensure reliable training and evaluation, the dataset was split into three subsets: 70% for training, 15% for validation, and 15% for testing (Figure 3), to minimise the risk of overfitting and data leakage during model learning, hyperparameter tuning, and final evaluation [15].
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Prior to training, all images were resized to a standard resolution. CNN Models 1, 2, and 3 used an image size of 224 × 224 pixels, while CNN Model 4 used 160 × 160 pixels to reduce computational requirements. In addition, pixel values were normalised by rescaling them from 0–255 to 0–1 using a rescaling factor of 1/255. Normalisation improved numerical stability during optimisation and enabled faster convergence across all CNN architectures.
[bookmark: _Toc235153077]3.3 CNN Model Development Strategy
To investigate the factors that influence plant disease classification performance, four CNN models were developed using an incremental improvement strategy(Figure 4). Each model was designed to address limitations from the previous experiment. This approach enabled the impact of specific architectural and optimisation changes to be evaluated systematically.
CNN Model 1 established a baseline by assessing the effectiveness of a basic CNN architecture for classifying apple leaf diseases. CNN Model 2 extended this architecture by introducing an additional convolutional layer to improve feature extraction and learn more complex disease patterns. Building on these results, CNN Model 3 retained the improved architecture while incorporating targeted augmentation, class weighting, focal loss, and advanced optimisation techniques to address class imbalance and improve generalisation. Finally, CNN Model 4 investigated computational efficiency by reducing image resolution, increasing batch size, and introducing Batch Normalisation, cosine learning-rate decay, and regularisation techniques.
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This methodology allowed for independent assessment of architecture, optimisation, and efficiency, facilitating effective comparison of model performance and configuration identification.

[bookmark: _Toc235153078]3.4 CNN Model Comparisons
To evaluate the effects of architectural design, dataset balancing, and optimisation strategies on plant disease classification, we address previous limitations and enable a systematic comparison of individual modifications to the four CNN models created (Table 1).
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CNN Model 1 served as the baseline architecture, comprising three convolutional and pooling blocks, a fully connected layer, and dropout regularisation to prevent overfitting[16]. Using standard data augmentation and categorical cross-entropy loss, it learned disease-specific features from leaf images and achieved acceptable classification performance. However, results highlighted limitations in feature extraction and reduced effectiveness in recognising minority disease classes.
CNN Model 2 improved upon the baseline by adding an extra convolutional block, enabling deeper feature extraction. While initial layers captured basic features such as edges and colour variations, deeper layers identified complex disease patterns, including lesions and texture abnormalities[17]. This enhanced hierarchical learning significantly improved classification accuracy, demonstrating the value of increased network depth for plant disease recognition[18].
CNN Model 3 retained the architecture of Model 2 while enhancing generalisation through targeted augmentation, class weighting, and Focal Loss[18]. Combined with the ReduceLROnPlateau scheduler, these techniques improved learning from minority and challenging samples, resulting in the highest overall accuracy and the most balanced performance across disease categories[9], [5]. However, some degree of class imbalance remained, indicating opportunities for further improvement.
CNN Model 4 prioritised computational efficiency by reducing the image size from 224×224 to 160×160 pixels, lowering processing demands and training time. Batch Normalisation improved training stability, Cosine Learning Rate Decay enhanced optimisation, and L2 regularisation reduced overfitting. While these modifications significantly reduced computational cost, they also reduced classification accuracy, illustrating the trade-off between efficiency and predictive performance in plant disease classification.
CNN Models 3 and 4 addressed class imbalance by applying class weights during training. Underrepresented disease classes received higher weights, increasing their influence on the loss function and improving balanced classification performance. The class-weight values are presented in Table 2.
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Rust received the highest class weight due to its limited training samples, while Healthy and Scab received lower weights. This stronger weighting improved minority-class learning and overall classification balance.

[bookmark: _Toc235153079]3.5 Evaluation Methodology
To provide a comprehensive evaluation of model performance, multiple metrics were used throughout this study(Figure 5). 
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Accuracy was used as the primary measure of overall performance, calculated as the proportion of correctly classified images. However, because accuracy can be misleading in imbalanced datasets, precision, recall, and F1-score were also evaluated. Precision measured the reliability of positive predictions, recall assessed the model’s ability to identify actual disease cases, and the F1-score provided a balanced assessment of both metrics [7]. Confusion matrices were used to visualise classification outcomes and identify common misclassification patterns[14]. Additionally, training and validation loss curves were analysed to evaluate learning behaviour, convergence, and potential overfitting or underfitting [12]. Together, these metrics provided a comprehensive framework for comparing the four CNN models and identifying the best balance between accuracy, generalisation, and computational efficiency.
[bookmark: _Toc235153080]4. Discussion and Recommendations
[bookmark: _Toc235153081]4.1 Discussion of CNN Model Results
The results of the four models show that architectural design, optimisation strategies, and dataset preparation significantly influence CNN performance in plant disease classification. Improved feature extraction, class balancing, and optimisation techniques improved classification accuracy and generalisation, while improvements in computational efficiency reduced processing costs but introduced tradeoffs, resulting in lower predictive performance.
CNN Model 1 established the baseline performance for the study, achieving a test accuracy of 88.48%. The training and validation curves demonstrated stable learning behaviour, with accuracy increasing steadily and loss decreasing consistently throughout training (Figure 6). The close relationship between training and validation performance suggests that the model generalised reasonably well and showed limited signs of overfitting.
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Analysis of the classification report revealed strong performance for Rust (F1-score = 0.94) and Frog Eye Leaf Spot (F1-score = 0.92), indicating that these diseases exhibit distinctive visual characteristics that the network effectively recognises. However, the model performed less successfully for Powdery Mildew (F1-score = 0.84), with several cases incorrectly classified as Healthy or Scab. Similarly, the confusion matrix showed that Scab was frequently misclassified as Healthy, accounting for the largest classification error (Figure 7).
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These findings indicate that while CNN Model 1 successfully learned disease-related features and established a strong baseline, its simpler architecture limited its ability to differentiate between visually similar diseases. The observed misclassifications suggest insufficient feature extraction capacity for capturing detailed disease characteristics. These limitations motivated the development of CNN Model 2, which incorporated an additional convolutional block to improve the learning of complex, discriminative plant disease features. This enhancement improved the network’s ability to learn complex disease patterns, increasing test accuracy to 93.46% and demonstrating the benefits of deeper feature extraction for plant disease classification. The training and validation curves showed stable learning, with both accuracy curves converging near 93% and loss steadily decreasing throughout training. The minimal gap between training and validation results indicates good generalisation to unseen data and little evidence of overfitting(Figure 8).
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The classification report demonstrates improved performance across all disease categories. Frog Eye Leaf Spot achieved the highest F1-score of 0.97, indicating excellent recognition capability, while both Healthy and Rust achieved F1-scores of 0.94. The model also showed improved performance on Scab (F1-score = 0.92), suggesting that the deeper architecture learned more discriminative disease features than the baseline model. Although Powdery Mildew remained the most challenging class, achieving an F1-score of 0.85, its performance was still slightly higher than that observed in CNN Model 1.
Analysis of the confusion matrix reveals that classification errors were reduced overall compared with the baseline model (Figure 9). However, some confusion remained between Scab and Healthy, with 68 Scab images incorrectly classified as Healthy and 66 Healthy images classified as Scab. Similarly, several Powdery Mildew images were misclassified as Healthy or Scab, indicating that these disease classes still share visual similarities that make classification challenging.
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Overall, the results demonstrate that the additional convolutional block improved feature extraction and classification performance. The deeper architecture enabled CNN Model 2 to learn more detailed disease representations, leading to stronger generalisation and fewer classification errors. These findings highlight the importance of network depth in plant disease classification and establish a strong foundation for CNN Model 3, which focuses on class balancing and optimisation rather than increasing architectural complexity.
CNN Model 3 retained the architecture of CNN Model 2 while incorporating targeted augmentation, class weighting, Focal Loss, and ReduceLROnPlateau. Training was extended to 30 epochs to support more effective learning. These strategies improved performance on minority and challenging classes, enhancing both generalisation and class balance. As a result, the model achieved the highest test accuracy of 93.80%, demonstrating that effective optimisation can significantly improve classification performance without increasing architectural complexity.
The training and validation curves showed stable convergence across 30 epochs, with both accuracy curves reaching approximately 94% and the loss decreasing consistently (Figure 10). The close alignment between training and validation performance indicates strong generalisation and minimal overfitting. Furthermore, the smooth loss reduction suggests that Focal Loss and ReduceLROnPlateau effectively improved optimisation, contributing to stable learning and enhanced classification performance.
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The classification report showed strong and balanced performance across most disease categories. Rust achieved the highest F1-score (0.97), followed by Frog Eye Leaf Spot (0.96). Healthy and Scab also performed well, with F1-scores of 0.94 and 0.93, respectively. Although Powdery Mildew remained the most challenging class (0.84), overall class performance was more balanced than in previous models, demonstrating the effectiveness of the class-weighting and balancing strategies.
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Analysis of the confusion matrix showed a further reduction in classification errors across all classes (Figure 11). Compared with CNN Model 2, fewer Scab images were misclassified as Healthy, and Healthy samples were more accurately recognised. The model also achieved excellent recall for Frog Eye Leaf Spot (0.98) and Rust (0.95). Although some confusion remained between Powdery Mildew, Healthy, and Scab, the overall number of misclassifications was lower, confirming improved class discrimination and balance.
Overall, CNN Model 3 achieved the best balance between feature extraction, class balance, and optimisation. Targeted augmentation, class weighting, Focal Loss, and adaptive learning-rate scheduling improved generalisation and class-level performance without increasing architectural complexity. These findings suggest that once a strong CNN architecture is established, optimisation and balancing strategies can deliver greater benefits than simply adding network depth, making CNN Model 3 the most effective model in this study.
CNN Model 4 showed less stable learning than previous architectures. While training accuracy rose from 44% to 92% and training loss decreased, validation performance fluctuated significantly. Validation accuracy ranged from 27% to 82%, and validation loss exhibited sharp spikes before stabilising(Figure 12). The model was set for 25 epochs, but stopped at 15 due to Early Stopping, as validation performance stopped improving.
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Several factors likely contributed to this instability. First, reducing the input resolution from 224×224 to 160×160 pixels removed fine-grained visual details that are important for distinguishing diseases with subtle symptoms. As a result, the model learned less discriminative features, making its validation predictions more sensitive to data variations. Second, the combination of strong class weighting, data augmentation, and Cosine Learning Rate Decay may have led the optimisation process to focus heavily on certain minority-class samples, resulting in temporary increases in validation loss despite improvements in training accuracy. Batch Normalisation can also introduce additional variation during training, particularly when combined with relatively small batch sizes.
The classification report and confusion matrix further support this interpretation (Figure 13). While Rust (F1 = 0.94) and Frog Eye Leaf Spot (F1 = 0.91) were classified effectively, Scab achieved a much lower recall of 0.58, with 259 Scab images misclassified as Healthy. Healthy leaves achieved an unusually high recall of 0.99, suggesting the model developed a bias toward predicting the Healthy class when disease features were unclear. This pattern indicates that the reduced image resolution limited the model's ability to capture the subtle texture patterns required to differentiate Scab from healthy foliage.
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Overall, the results demonstrate that CNN Model 4 successfully reduced computational requirements and training time, but these efficiency gains came at the cost of classification performance and training stability. The findings highlight the trade-off between computational efficiency and predictive accuracy, suggesting that the loss of image detail had a greater impact on performance than the benefits provided by Batch Normalisation, L2 regularisation, and Cosine Learning Rate Decay.
[bookmark: _Toc235153082]4.2 Comparative Evaluation
The comparative evaluation of the four CNN models demonstrates the influence of architectural design, class-balancing strategies, and optimisation techniques on plant disease classification performance. As illustrated in Figure 14, classification accuracy improved progressively from CNN Model 1 (88.48%) to CNN Model 3 (93.80%), highlighting the importance of both effective feature extraction and training optimisation.
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CNN Model 1 established a strong baseline, confirming that a conventional CNN architecture could successfully learn disease-related visual features. However, the model exhibited limitations in distinguishing between visually similar disease categories, suggesting that the extracted features were insufficient to capture subtle differences in disease symptoms.
Adding an extra convolutional block to CNN Model 2 increased classification accuracy to 93.46%. This substantial improvement indicates that deeper feature extraction enabled the network to learn more complex visual patterns, including lesion characteristics, texture variations, and disease-specific structures. The reduction in classification errors further demonstrates the importance of network depth in plant disease recognition.
Building on this architecture, CNN Model 3 achieved the highest performance, with a test accuracy of 93.80%. Rather than increasing model complexity, improvements were achieved through targeted augmentation, class weighting, Focal Loss, and adaptive learning-rate scheduling. These techniques enhanced learning from underrepresented and difficult samples, improving overall generalisation and reducing the impact of class imbalance. Nevertheless, the dataset remained inherently imbalanced, with substantial differences in class representation. Consequently, some classification challenges persisted, particularly for Powdery Mildew, which continued to record the lowest class-level performance, while occasional confusion remained between Healthy, Scab, and Powdery Mildew samples. Therefore, the balancing strategies mitigated but did not completely eliminate the effects of class imbalance.
In contrast, CNN Model 4 prioritised computational efficiency. By reducing the input image size from 224×224 to 160×160 pixels and increasing the batch size from 32 to 64, the number of training steps per epoch decreased from 412 to 217, significantly reducing training time and computational requirements. However, these efficiency gains came at the expense of predictive performance, with test accuracy declining to 82%. The lower resolution likely removed important fine-grained disease characteristics, limiting the model's ability to distinguish between visually similar classes and leading to more misclassifications.
Overall, the results indicate that increasing feature extraction capacity produced the largest improvement in classification performance, while optimisation and balancing strategies further enhanced generalisation and class-level consistency. Although CNN Model 4 demonstrated computational efficiency, CNN Model 3 provided the best balance between accuracy, robustness, and disease recognition performance, making it the strongest model developed in this study.

[bookmark: _Toc235153083]4.3 Recommendations
Based on the experimental results, CNN Model 3 is recommended as the most suitable model for plant disease classification, achieving the highest test accuracy of 93.80% while maintaining strong generalisation across all disease classes. Its performance benefited from a combination of data augmentation, class weighting, focal loss, and adaptive learning rate scheduling, thereby improving recognition of minority classes and reducing classification bias.
To further enhance classification performance, future research should investigate transfer learning using pre-trained architectures such as EfficientNet, ResNet, DenseNet, and MobileNet, which may improve feature extraction efficiency and reduce training time. Additionally, preserving higher image resolutions could help retain fine disease characteristics that are lost during image resizing, particularly for diseases with subtle visual symptoms. Using GPU-based training is also recommended to accelerate experimentation and support more complex models. Finally, expanding the dataset and applying advanced hyperparameter optimisation techniques, such as grid search or Bayesian optimisation, could further improve model accuracy, robustness, and suitability for real-world precision agriculture applications.

[bookmark: _Toc235153084]5. Conclusion
This study demonstrated the effectiveness of Convolutional Neural Networks (CNNs) for automated plant disease classification using the Plant Pathology 2021 dataset. The evaluation of four CNN architectures showed that model performance depends on a combination of network design, optimisation techniques, and data preparation strategies. Among the tested models, CNN Model 3 achieved the best overall performance, attaining 93.80% test accuracy through the integration of data augmentation, class weighting, focal loss, and adaptive learning-rate scheduling. The findings also highlighted the importance of preserving image quality and utilising adequate computational resources to maximise classification accuracy. Overall, the study confirms that CNN-based approaches provide a reliable and practical solution for plant disease diagnosis, with strong potential to support precision agriculture and improve crop management practices.












References
[1] A. Upadhyay et al., , "Deep learning and computer vision in plant disease detection: a comprehensive review of techniques, models, and trends in precision agriculture," Artif.Intell.Rev., vol. 58, no. 3, pp.92, 2025, 
[2] C. Jackulin and S. Murugavalli, "A comprehensive review on detection of plant disease using machine learning and deep learning approaches," vol. 24, pp.100441, 2022, 
[3] X. Zhao, L. Wang, Y. Zhang, X. Han, M. Deveci and M. Parmar, "A review of convolutional neural networks in computer vision." Artif.Intell.Rev., vol. 57, no. 4, pp.1, 2024, 
[4] S. F. Ahmed et al., , "Deep learning modelling techniques: current progress, applications, advantages, and challenges," Artif.Intell.Rev., vol. 56, no. 11, pp.13521–13617, 2023, 
[5] Z. Li, F. Liu, W. Yang, S. Peng and J. Zhou, "A survey of convolutional neural networks: analysis, applications, and prospects," vol. 33, no. 12, pp.6999–7019, 2021, 
[6] I. D. Mienye, T. G. Swart and G. Obaido, "Recurrent neural networks: A comprehensive review of architectures, variants, and applications," vol. 15, no. 9, pp.517, 2024, 
[7] R. Archana and P. E. Jeevaraj, "Deep learning models for digital image processing: a review," Artif.Intell.Rev., vol. 57, no. 1, pp.11, 2024, 
[8] Y. Zhang, S. Wa, Y. Liu, X. Zhou, P. Sun and Q. Ma, "High-accuracy detection of maize leaf diseases CNN based on multi-pathway activation function module," vol. 13, no. 21, pp.4218, 2021, 
[9] T. Kumar, R. Brennan, A. Mileo and M. Bendechache, "Image data augmentation approaches: A comprehensive survey and future directions," vol. 12, pp.187536–187571, 2024, 
[10] M. M. Taye, "Theoretical understanding of convolutional neural network: Concepts, architectures, applications, future directions," vol. 11, no. 3, pp.52, 2023, 
[11] H. Li, G. K. Rajbahadur, D. Lin, C. Bezemer and Z. M. Jiang, "Keeping deep learning models in check: A history-based approach to mitigate overfitting," vol. 12, pp.70676–70689, 2024, 
[12] B. Sabiri, B. El Asri and M. Rhanoui, "Mechanism of Overfitting Avoidance Techniques for Training Deep Neural Networks.", in ICEIS (1), pp. 418–427. 
[13] K. Bian and R. Priyadarshi, "Machine learning optimisation techniques: a survey, classification, challenges, and future research issues," vol. 31, no. 7, pp.4209–4233, 2024, 
[14] M. Krichen, "Convolutional neural networks: A survey," vol. 12, no. 8, pp.151, 2023, 
[15] M. R. Ahmed, S. R. Ahmed, A. D. Duru, O. N. Uçan and O. Bayat, "An expert system to predict eye disorder using a deep convolutional neural network," vol. 9, no. 1, pp.47–52, 2021, 
[16] I. Salehin and D. Kang, "A review on dropout regularisation approaches for deep neural networks within the scholarly domain," vol. 12, no. 14, pp.3106, 2023, 
[17] C. F. G. D. Santos and J. P. Papa, "Avoiding overfitting: A survey on regularisation methods for convolutional neural networks," vol. 54, no. 10s, pp.1–25, 2022, 
[18] M. M. Taye, "Understanding of machine learning with deep learning: architectures, workflow, applications and future directions," vol. 12, no. 5, pp.91, 2023, 



[bookmark: _Toc235153085]8. Appendices 
1. Import Libraries
import os
import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import (
    Input,
    Conv2D,
    MaxPooling2D,
    Flatten,
    Dense,
    Dropout)
from tensorflow.keras.callbacks import EarlyStopping
from tensorflow.keras.preprocessing.image import ImageDataGenerator
from sklearn.metrics import (
    classification_report,
    confusion_matrix)
2. Loading Dataset
df = pd.read_csv("data.csv")
print(df.head())
2.1 Dataset Summary
print("Dataset Shape:", df.shape)
print("\nColumns:")
print(df.columns)
print("\nClass Distribution:")
print(df["labels"].value_counts())
3. Filter Dataset
required_classes = [ "healthy", "scab", "frog_eye_leaf_spot", "rust", "powdery_mildew"]
filtered_df = df[df["labels"].isin(required_classes)]
print(filtered_df.shape)
print(filtered_df["labels"].value_counts())
3.1 Saving Filtered Dataset
filtered_df.to_csv("filtered_plant_new_data.csv", index=False)
print("Filtered dataset saved!")
4. Create a new dataset with 5 classes
import shutil
os.makedirs("plant_dataset", exist_ok=True)
for label in required_classes:
    os.makedirs(os.path.join("plant_dataset", label), exist_ok=True)
for _, row in filtered_df.iterrows():
    image_name = row["filepaths"]
    label = row["labels"]
    source = os.path.join("images",  image_name)
            destination = os.path.join(  "plant_dataset", label, image_name)
    if os.path.exists(source):
        shutil.copy2( source, destination)
print("Dataset preparation complete.")
4.1 Dataset Split (Train, Validation, Test)
# Create output folders
base_dir = "plant_split_dataset"
for split in ['train', 'validation', 'test']:
    for label in required_classes:
        os.makedirs(os.path.join(base_dir, split, label), exist_ok=True)
for label in required_classes:
    class_df = filtered_df[
        filtered_df["labels"] == label ]
    images = class_df["filepaths"].tolist()
    # 70% train, 30% temp
    train_imgs, temp_imgs = train_test_split(
        images,
        test_size=0.30,
        random_state=42)
    # Split remaining 30%
    val_imgs, test_imgs = train_test_split(
        temp_imgs,
        test_size=0.50,
        random_state=42)
    # Copy training images
    for img in train_imgs:
        shutil.copy2(
            os.path.join("images", img),
            os.path.join(
                base_dir,
                "train",
                label,
                img))
    # Copy validation images
    for img in val_imgs:
        shutil.copy2(
            os.path.join("images", img),
            os.path.join(
                base_dir,
                "validation",
                label,
                img ))
    # Copy test images
    for img in test_imgs:
        shutil.copy2(
            os.path.join("images", img),
            os.path.join(
                base_dir,
                "test",
                label,
                img))
print("Dataset successfully split into Train, Validation and Test sets.")
4.2Verifying the number of images in each split
for split in ['train', 'validation', 'test']:
    print(f"\n{split.upper()} SET")
    total = 0
    for label in required_classes:
        count = len(
            os.listdir(
                os.path.join(
                    base_dir,
                    split,
                    label  ))
   )
                total += count
        print(label, count)
    print("Total =", total)
5. Creating data generators
train_datagen = ImageDataGenerator(
    rescale=1./255,
    rotation_range=20,
    zoom_range=0.2,
    horizontal_flip=True)
train_generator = train_datagen.flow_from_directory(
    "plant_split_dataset/train",
    target_size=(224,224),
    batch_size=32,
    class_mode="categorical")
validation_datagen = ImageDataGenerator(rescale=1./255)
    validation_generator = validation_datagen.flow_from_directory(
    "plant_split_dataset/validation",
    target_size=(224,224),
    batch_size=32,
    class_mode="categorical",
    shuffle=False)
test_datagen = ImageDataGenerator(
    rescale=1./255)
test_generator = test_datagen.flow_from_directory(
    "plant_split_dataset/test",
    target_size=(224,224),
    batch_size=32,
    class_mode="categorical",
    shuffle=False
6. CNN Model 1
model = Sequential([
    Input(shape=(224,224,3)),
    Conv2D(32, (3,3), activation='relu'),
    MaxPooling2D(2,2),
    Conv2D(64, (3,3), activation='relu'),
    MaxPooling2D(2,2),
    Conv2D(128, (3,3), activation='relu'),
    MaxPooling2D(2,2),
    Flatten(),
    Dense(128, activation='relu'),
    Dropout(0.5),
    Dense(5, activation='softmax')])
model.compile(
    optimizer='adam',
    loss='categorical_crossentropy',
    metrics=['accuracy'])
early_stop = EarlyStopping(
    monitor='val_loss',
    patience=5,
    restore_best_weights=True)
6.1 Train model
history = model.fit(
    train_generator,
    validation_data=validation_generator,
    epochs=20,
    callbacks=[early_stop])
loss, accuracy = model.evaluate(
    test_generator)
print(
    "Test Accuracy:",
    accuracy)
print(
    "Test Loss:",
    loss)
7. CNN Model 2
model2 = Sequential([
    Input(shape=(224,224,3)),
    Conv2D(32,(3,3),activation='relu'),
    MaxPooling2D(2,2),
    Conv2D(64,(3,3),activation='relu'),
    MaxPooling2D(2,2),
    Conv2D(128,(3,3),activation='relu'),
    MaxPooling2D(2,2),
    Conv2D(256,(3,3),activation='relu'),
    MaxPooling2D(2,2),
    Flatten(),
    Dense(256,activation='relu'),
    Dropout(0.5),
    Dense(5,activation='softmax')])
batch_size = 32
epochs = 20
learning_rate = 0.001
optimizer = "Adam"

print("Batch Size:", batch_size)
print("Epochs:", epochs)
print("Learning Rate:", learning_rate)
print("Optimizer:", optimizer)
model2.compile(
    optimizer='adam',
    loss='categorical_crossentropy',
    metrics=['accuracy'])
from tensorflow.keras.callbacks import EarlyStopping
early_stop = EarlyStopping(
    monitor='val_loss',
    patience=5,
    restore_best_weights=True)
7.1 Train Model 2
history2 = model2.fit(
    train_generator,
    validation_data=validation_generator,
    epochs=20,
    callbacks=[early_stop])

loss, accuracy = model2.evaluate(
    test_generator)
print("Test Accuracy:",   accuracy) 
print(
    "Test Loss:",
    loss)
8. Accuracy Graph
plt.figure(figsize=(8,5))
plt.plot(
    history.history['accuracy'],
    label='Training')
plt.plot(
    history.history['val_accuracy'],
    label='Validation')
plt.title( 'Training and Validation Accuracy')
plt.xlabel('Epoch')
plt.ylabel('Accuracy')
plt.legend()
plt.show()
9. Loss Graph
plt.figure(figsize=(8,5))
plt.plot(
    history.history['loss'],
    label='Training')
plt.plot(
    history.history['val_loss'],
    label='Validation')
plt.title('Training and Validation Loss')
plt.xlabel('Epoch')
plt.ylabel('Loss')
plt.legend()
plt.show()
10. Classification Report
predictions = model.predict(
    test_generator)
y_pred = np.argmax(
    predictions,
    axis=1)
print(
    classification_report(
        test_generator.classes,
        y_pred,
        target_names=list(
            test_generator.class_indices.keys()
        )
    )
)
11. Confusion Matrix
cm = confusion_matrix(
    test_generator.classes,
    y_pred
)
plt.figure(figsize=(8,6))
sns.heatmap(
    cm,
    annot=True,
    fmt='d',
    cmap='Blues',
    xticklabels=test_generator.class_indices.keys(),
    yticklabels=test_generator.class_indices.keys()
)
plt.xlabel("Predicted")
plt.ylabel("Actual")
plt.title("Confusion Matrix")
plt.show()
12. Model 3
minority_gen = ImageDataGenerator(
    rotation_range=40,
    width_shift_range=0.20,
    height_shift_range=0.20,
    zoom_range=0.25,
    brightness_range=[0.8,1.2],
    horizontal_flip=True,
    fill_mode='nearest')
12.1 Generate additional Images
from tensorflow.keras.utils import (
    load_img,
    img_to_array)
minority_folder = (
    "plant_split_dataset/train/powdery_mildew")
for file in os.listdir(minority_folder):
    img_path = os.path.join(
        minority_folder,
        file )
    img = load_img(img_path)
    img = img_to_array(img)
    img = img.reshape(
        (1,) + img.shape)
    i = 0
    for batch in minority_gen.flow(
        img,
        batch_size=1,
        save_to_dir=minority_folder,
        save_prefix='aug',
        save_format='jpg'):
        i += 1
        if i >= 3:
            break
12.2 Count Images per class
import os
import numpy as np
train_dir = "plant_split_dataset/train"
class_names = []
labels = []
for idx, class_name in enumerate(sorted(os.listdir(train_dir))):
    class_path = os.path.join(
        train_dir,
        class_name)
    if os.path.isdir(class_path):
        image_count = len(os.listdir(class_path))
        class_names.append(class_name)
        labels.extend(
            [idx] * image_count)  
print(class_names)
12.3 Compute class weights
classes = np.unique(labels)
weights = compute_class_weight(
    class_weight='balanced',
    classes=classes,
    y=labels)
class_weights = dict(
    zip(classes, weights)
)
print(class_weights)
weight_df = pd.DataFrame({
    "Class": class_names,
    "Weight": weights})
weight_df
13. Created updated Data Generator
from tensorflow.keras.preprocessing.image import ImageDataGenerator
train_datagen = ImageDataGenerator(
    rescale=1./255,
    rotation_range=30,
    width_shift_range=0.15,
    height_shift_range=0.15,
    zoom_range=0.20,
    horizontal_flip=True,
    brightness_range=[0.8,1.2],
    fill_mode='nearest'
)
13.1 Focal loss function
def focal_loss(gamma=2.0, alpha=0.25):
    def loss(y_true, y_pred):
        y_pred = tf.clip_by_value( y_pred, 1e-7, 1.0)
        cross_entropy = (
            -y_true *
            tf.math.log(y_pred)
        )
        weights = (
            alpha *
            tf.pow(
                1 - y_pred,
                gamma
            )
        )
        focal = weights * cross_entropy
        return tf.reduce_mean(focal)
    return loss
14. Reusing the best-performing CNN model2 architecture.
model3 = Sequential([
    Input(shape=(224,224,3)),
    Conv2D(32,(3,3),activation='relu'),
    MaxPooling2D(2,2),
    Conv2D(64,(3,3),activation='relu'),
    MaxPooling2D(2,2),
    Conv2D(128,(3,3),activation='relu'),
    MaxPooling2D(2,2),
    Conv2D(256,(3,3),activation='relu'),
    MaxPooling2D(2,2),
    Flatten(),
    Dense(256,activation='relu'),
    Dropout(0.5),
    Dense(5,activation='softmax')
])
model3.summary()
model3.compile(
    optimizer=Adam(
        learning_rate=0.001),
    loss=focal_loss(),
    metrics=['accuracy'])
early_stop = EarlyStopping(
    monitor='val_loss',
    patience=5,
    restore_best_weights=True)
reduce_lr = ReduceLROnPlateau(
    monitor='val_loss',
    factor=0.5,
    patience=3,
    min_lr=1e-6,
    verbose=1)
checkpoint = ModelCheckpoint(
    "3plant_disease_best_balanced_cnn.keras",
    monitor='val_accuracy',
    save_best_only=True,
    verbose=1)
15. Train Improved CNN Model3
history = model3.fit(
    train_generator,
    validation_data=validation_generator,
    epochs=30,
    class_weight=class_weights,
    callbacks=[
        early_stop,
        reduce_lr,
        checkpoint] )   
model3.save("3plant_disease_final_balanced_cnn.keras")
print("Final model saved successfully as '3plant_disease_final_balanced_cnn.keras'")
16. CNN Model 4
train_datagen = ImageDataGenerator(
    rescale=1./255,
    rotation_range=20,
    width_shift_range=0.10,
    height_shift_range=0.10,
    zoom_range=0.15,
    horizontal_flip=True,
    brightness_range=[0.8,1.2])
val_datagen = ImageDataGenerator(
    rescale=1./255)
validation_generator = val_datagen.flow_from_directory(
    "plant_split_dataset/validation",
    target_size=(160,160),
    batch_size=64,
    class_mode='categorical',
    shuffle=False)
test_datagen = ImageDataGenerator(
    rescale=1./255)
test_generator = test_datagen.flow_from_directory(
    "plant_split_dataset/test",
    target_size=(160,160),
    batch_size=64,
    class_mode='categorical',
    shuffle=False)
train_generator = train_datagen.flow_from_directory(
    "plant_split_dataset/train",
    target_size=(160,160),
    batch_size=64,
    class_mode='categorical')
# Count Images Per Class
train_dir = "plant_split_dataset/train"
class_names = []
labels = []
for idx, class_name in enumerate(sorted(os.listdir(train_dir))):
    class_path = os.path.join(
        train_dir,
        class_name)
  
    if os.path.isdir(class_path):
        image_count = len(os.listdir(class_path))
        class_names.append(class_name)
        labels.extend(
            [idx] * image_count)      
print(class_names)
weights = compute_class_weight(
    class_weight='balanced',
    classes=np.unique(
        train_generator.classes),
    y=train_generator.classes)
class_weights = dict(
    enumerate(weights))
print(class_weights)
weight_df = pd.DataFrame({
    "Class": class_names,
    "Weight": weights})
weight_df
lr_schedule = CosineDecay(
    initial_learning_rate=0.001,
    decay_steps=12000,
    alpha=0.0001)
17. CNN Model 4 architecture
model4 = Sequential([
    Input(shape=(160,160,3)),
    Conv2D(32,(3,3),activation='relu'), 
    BatchNormalization(),
    MaxPooling2D(2,2),
    Conv2D(64,(3,3), activation='relu'),
    BatchNormalization(),
    MaxPooling2D(2,2),
    Conv2D(128,(3,3),activation='relu'),
    BatchNormalization(),
    MaxPooling2D(2,2),
    Conv2D(256,(3,3),activation='relu'),
    BatchNormalization(),
    MaxPooling2D(2,2),
    Flatten(),
    Dense(256,activation='relu', kernel_regularizer=l2(0.0001)),
    Dropout(0.4),
    Dense(5,activation='softmax')])
model4.summary()
model4.compile(
    optimizer=Adam(
        learning_rate=lr_schedule),
    loss='categorical_crossentropy',
    metrics=['accuracy'])
early_stop = EarlyStopping(
    monitor='val_loss',
    patience=4,
    restore_best_weights=True,
    verbose=1)
checkpoint = ModelCheckpoint(
    "4plant_disease_optimised_cnn.keras",
    monitor='val_accuracy',
    save_best_only=True,
    verbose=1)
18. Train Model 4
history4 = model4.fit(
    train_generator,
    validation_data=validation_generator,
    epochs=25,
    class_weight=class_weights,
    callbacks=[
        early_stop,
        checkpoint])
18.1 Test Model 
test_loss, test_accuracy = model4.evaluate(
    test_generator)
print(
    f"Test Accuracy: {test_accuracy:.4f}")
print(f"Test Loss: {test_loss:.4f}")
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