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[bookmark: _Toc235188717]Abstract

Plant diseases can reduce crop quality and yield, making accurate identification important for early action. This study developed and evaluated a convolutional neural network for classifying five leaf-image classes from the Plant Pathology 2021 resized dataset. A simple baseline model was first created, followed by several controlled changes to the architecture and training settings. These included data augmentation, additional convolutional blocks, dropout, learning-rate adjustment and training callbacks. The strongest model achieved 93.09% validation accuracy and 93.87% test accuracy on 1,567 unseen images, with a weighted F1-score of 0.9387. Most classes were recognised reliably, although scab was sometimes confused with healthy leaves. The findings show that a custom CNN can provide strong classification performance without relying on a much larger pre-trained architecture. However, further testing on independent field images would be needed before practical deployment.

1. [bookmark: _Toc235188718]Introduction

Plant diseases are often recognised through visible changes in leaf colour, texture and lesion shape. Manual identification can be slow and may depend on the experience of the person examining the plant. Image classification offers a way to support this process by learning visual patterns directly from labelled examples. Recent research shows that deep learning has become widely used for plant disease recognition, although class imbalance, controlled image conditions and limited real-world generalisation remain important concerns [1], [2].
This report investigates whether a relatively simple artificial neural network can classify five categories from the Plant Pathology 2021 resized dataset: healthy, scab, frog-eye leaf spot, rust and powdery mildew. It first reviews artificial neural networks and compares the use of RNNs and CNNs. A custom CNN is then developed, tested and gradually optimised through changes to depth, augmentation, dropout, learning rate and kernel size. The models are compared using accuracy and loss, while the final model is evaluated through precision, recall, F1-score and a confusion matrix. The aim is to achieve strong performance while avoiding unnecessary architectural complexity.
2. [bookmark: _Toc235188719]Related Work and Theoretical Background

2.1 [bookmark: _Toc235188720]Artificial Neural Networks

Artificial neural networks learn by adjusting the connections between layers of artificial neurons. During training, the network makes a prediction, measures the error and updates its weights through backpropagation. This allows it to learn patterns directly from data instead of relying on fixed rules written by a programmer [3]. 
Deep learning extends this idea through several processing layers. Each layer learns a different level of detail. In image tasks, early layers may detect edges and colour changes, while deeper layers can recognise textures, lesions and disease patterns. The challenge is finding the right level of complexity. A model that is too small may not learn enough, while an unnecessarily large model may memorise the training data and perform poorly on new images [3].
2.2 [bookmark: _Toc235188721]Recurrent Neural Networks and Their Use Cases

Recurrent neural networks are designed for sequential data. Their hidden state carries information from earlier steps, which gives the model a form of memory. This makes RNNs suitable for text, speech and time-series forecasting, where the order of the data matters [4].
Healthcare provides a clear example. Blood glucose, heart rhythm and vital signs are measured over time, and a single value may have little meaning without the readings that came before it. Patharkar et al. describe how temporal models can support tasks such as blood glucose forecasting, arrhythmia classification and the early detection of abnormal changes in patient data [5]. In such cases, the sequence is part of the problem, so an RNN is a reasonable choice.
Standard RNNs can struggle to retain information across long sequences because of the vanishing gradient problem. LSTM and GRU models reduce this weakness by using gates that control which information should be stored or removed. LSTM is more detailed, while GRU has a simpler structure and fewer parameters. The best choice depends on the data and the task rather than on one model being universally superior [4].
For the current project, however, an RNN would not be the most natural solution. A leaf image does not contain a true time sequence. Its meaning comes from the spatial position of colour, texture and lesions. Turning an image into a sequence would add complexity without improving the representation of these visual features. RNNs could still be useful in agriculture for analysing weather data, sensor readings or disease development over time, but they are less suitable for classifying one static leaf image [3], [4].

2.3 [bookmark: _Toc235188722]Convolutional Neural Networks and Image Classification

Convolutional neural networks are built for visual data. They scan small areas of an image with learnable filters and create feature maps. Early filters often detect simple structures, while deeper layers combine them into more meaningful patterns. Pooling then reduces the size of the feature maps and keeps the strongest information needed for classification [6].
One important advantage is that CNNs learn feature extraction and classification in the same model. Traditional machine-learning methods often require colour, texture or shape features to be designed manually. That approach depends heavily on expert judgement and may miss subtle disease symptoms. CNNs can learn these features directly from the images, which makes them well suited to plant pathology [7].
Their performance still depends on the quality of the data. A CNN may learn the background, lighting or camera conditions instead of the disease itself. Rangel et al. also note limitations related to labelled datasets, spatial relationships and generalisation to unfamiliar conditions [8]. This matters in agriculture because images taken in a controlled dataset may be much cleaner than photographs captured in a real field.
The literature therefore supports both the strength and the caution required when using CNNs. They are effective because they preserve spatial information and learn visual patterns automatically. At the same time, high training accuracy alone is not enough. Validation on unseen data, controlled model complexity and data augmentation are needed to check whether the network has learned genuine disease features rather than memorised the dataset [7], [8].

2.4 [bookmark: _Toc235188723]RNN–CNN Comparison and Model Selection

The choice between RNN and CNN should follow the structure of the data (see Figure 1). RNNs are useful when earlier and later observations are connected through time. CNNs are more suitable when nearby regions inside an image form the important pattern.
The five classes in this project are separated through visible symptoms, including colour changes, texture and lesion shape. These are spatial features. A CNN can learn them directly, while an RNN would add a sequence-based mechanism that the task does not require. For that reason, CNN was selected as the most suitable architecture.
This does not mean that CNN is always better. An RNN could support disease forecasting from sensor data, while a hybrid model might analyse several images of the same plant over time. For single-image classification, however, a custom CNN offers a clearer and simpler solution. It matches the data, supports gradual optimisation and follows the requirement to avoid unnecessary model complexity.
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[bookmark: _Ref235181207]Figure 1.  Difference Between RNN and CNN Data Processing









3. [bookmark: _Toc235188724]Workflow Methodology

3.1 [bookmark: _Toc235188725]Dataset Selection and Class Structure

The study used the Plant Pathology 2021 resized dataset at 512 × 512 pixels. Only the five classes with the highest number of available images were retained: frog_eye_leaf_spot, healthy, powdery_mildew, rust and scab. This produced 7,307 training images, 1,564 validation images and 1,567 test images.
Restricting the project to five classes kept the task manageable while still preserving a realistic multiclass problem. As shown in Table 1, the class distribution was uneven, with powdery mildew containing far fewer images than healthy and scab. This mattered during evaluation because overall accuracy could hide weaker performance on the smaller classes. Recent reviews also note that dataset imbalance and limited class diversity remain common problems in plant disease classification [1], [2].


[bookmark: _Ref235181486]                       Table 1. Distribution of Images Across the Five Selected Classes
	Class
	Training
	Validation
	Test
	Total

	Frog-eye leaf spot
	1,448
	310
	310
	2,068

	Healthy
	2,074
	444
	445
	2,963

	Powdery mildew
	587
	125
	126
	838

	Rust
	864
	185
	186
	1,235

	Scab
	2,334
	500
	500
	3,334

	Total
	7,307
	1,564
	1,567
	10,438



The training, validation and test folders were kept separate. Training data were used to update the model weights, while validation data supported model selection and hyperparameter tuning. The test set remained unused until the final architecture had been selected. This reduced the risk of adjusting the model indirectly to the test data.

3.2 [bookmark: _Toc235188726]Image Preparation

All images were resized to 512 × 512 pixels during loading and grouped into batches of 32. Pixel values were rescaled before being passed into the network. The class labels were generated automatically from the folder structure, which reduced the chance of manual labelling errors.
The baseline model used the original training images without augmentation. Later experiments introduced data augmentation, with horizontal flipping, rotation and zoom. These transformations did not create new disease symptoms, but they changed the position and orientation of existing features. This encouraged the model to focus less on a fixed image layout and more on the leaf patterns themselves.
Data augmentation was selected because CNNs can overfit when the available images do not contain enough visual variation. Alomar et al. argue that augmentation can reduce this problem by increasing training diversity without requiring additional labelled samples [9]. Even so, the transformations were kept moderate. Excessive rotation or distortion could alter the appearance of the lesions and create samples that are less realistic.
Dropout reduces dependence on individual neurons. Learning-rate control can support more stable convergence, although aggressive regularisation may also prevent the network from learning useful features [9], [10]. For this reason, optimisation choices should be evaluated together rather than treated as universally beneficial.

[image: ][bookmark: _Ref235181543]Figure 2. Image Preparation and Modelling Workflow












Figure 2 summarises the workflow from dataset selection to final evaluation. Augmentation was applied only to the training data, while validation and test images were kept unchanged.

3.3 [bookmark: _Toc235188727]Baseline CNN

A simple CNN was developed first to establish a reference point. The baseline contained two convolutional blocks with 32 and 64 filters. Each block used convolution and max-pooling to extract features and reduce spatial dimensions. The classifier included dropout of 0.5 and a softmax output layer for the five classes.
The model was trained for five epochs using Adam with its default learning rate. No data augmentation or training callbacks were applied. This configuration was intentionally limited. Its purpose was not to produce the highest accuracy, but to show how the initial architecture behaved before optimisation.
Figure 3 presents the baseline architecture used to establish an initial performance reference before optimisation.
[image: ][bookmark: _Ref235181641]Figure 3. Baseline CNN Architecture










3.4 [bookmark: _Toc235188728]Iterative Model Optimisation

Optimisation introduced additional convolutional blocks, moderate data augmentation, dropout of 0.3, a learning rate of 0.0003 and training callbacks. Experiment 5 used a 5 × 5 kernel in the first convolutional layer, while Experiment 6 retained a 3 × 3 kernel. Table 2 summarises the configurations retained for comparison.

[bookmark: _Ref235181683][bookmark: _Ref235181762]Table 2. Experimental Design
	Configuration
	Conv. blocks
	First kernel
	Augmentation
	Dropout
	Learning rate
	Maximum epochs
	Callbacks

	Baseline
	2
	3x3
	No
	0.5
	Adam default
	5
	None

	Experiment 3
	3
	3x3
	Yes
	0.3
	0.0003
	30
	EarlyStopping, ModelCheckpoint

	Experiment 6
	4
	3x3
	Yes
	0.3
	0.0003
	30
	EarlyStopping, ModelCheckpoint

	Experiment 5
	4
	5x5
	Yes
	0.3
	0.0003
	30
	EarlyStopping, ModelCheckpoint



Pre-trained and transfer-learning models can achieve strong performance, but they may also increase computational requirements and make it harder to isolate the effect of individual design decisions [11]. A custom CNN was therefore retained because it met the requirement for an effective but reasonably simple solution.

3.5 [bookmark: _Toc235188729]Evaluation Strategy

Performance was evaluated using accuracy, loss, precision, recall, F1-score and a confusion matrix. The final model was tested once on 1,567 previously unseen images. Results are presented in Section 4 and critically interpreted in Section 5. Table 3 summarises the purpose of each evaluation metric.

[bookmark: _Ref235181743]Table 3. Evaluation Metrics
	Metric
	Purpose

	Accuracy
	Overall proportion of correct predictions.

	Precision
	Reliability of positive predictions for each class.

	Recall
	Proportion of actual class images correctly detected.

	F1-score
	Balance between precision and recall.

	Confusion matrix
	Location and direction of classification errors.



4. [bookmark: _Toc235188730]Results

[bookmark: _Toc235188731]4.1 Comparative Model Performance
Table 4 shows a consistent improvement from the baseline to the final CNN. The baseline achieved only 53.39% validation accuracy, indicating that two convolutional blocks and five training epochs were insufficient for the five-class task. Experiment 3 increased validation accuracy to 82.61%, following the introduction of augmentation, an additional convolutional block and controlled optimisation.
Adding a fourth convolutional block improved performance further. Experiment 6 achieved approximately 88.62% validation accuracy, while Experiment 5 reached 93.09% with a lower validation loss of 0.2258. The main difference between these final configurations was the first convolutional kernel: Experiment 5 used 5 × 5, whereas Experiment 6 used 3 × 3. The larger receptive field may have helped capture wider lesion and texture patterns, although the experiments do not isolate kernel size from all other training variation.

Table 4. Comparative Performance of the Selected CNN Models
	Model
	Conv. Blocks
	First Kernel
	Best Epoch
	Training Accuracy (%)
	Validation Accuracy (%)
	Best Validation Loss

	Baseline
	2
	3 × 3
	5
	58.98
	53.39
	1.1763

	Experiment 3
	3
	3 × 3
	28
	85.77
	82.61
	0.4959

	Experiment 6
	4
	3 × 3
	23
	89.56
	88.62
	0.3071

	Experiment 5
	4
	5 × 5
	30
	94.68
	93.09
	0.2258



[bookmark: _Toc235188732]4.2 Final Model Behaviour
Figure 4 shows that training and validation accuracy increased together across the final run, while both loss curves declined. The final gap between training and validation accuracy was only 1.59 percentage points, suggesting limited overfitting. Validation loss fluctuated slightly but remained close to training loss. This supports the use of augmentation and controlled model complexity, which are commonly recommended for improving generalisation in plant disease classification [9], [10].


[image: ][bookmark: _Ref235181881]Figure 4. Training and Validation Curves for Experiment 5










[bookmark: _Toc235188733]4.3 Final Test Performance

Experiment 5 achieved 93.87% test accuracy, a test loss of 0.1940 and a weighted F1-score of 0.9387 on 1,567 unseen images. As shown in Figure 5, most predictions were correct, although the confusion matrix reveals a clear error pattern between scab and healthy leaves. In total, 31 scab images were classified as healthy.
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[bookmark: _Ref235182028]Figure 5. Final CNN Test - Experiment5

The class-level metrics in Figure 6 provide a more detailed view of performance. Frog-eye leaf spot achieved the highest recall at 99.03%, while rust produced the highest precision at 96.69%. Powdery mildew recorded the lowest precision at 87.41%, and scab had the lowest recall at 90.20%. These results suggest that mild scab symptoms may resemble healthy leaf regions, which confirms why class-level metrics were needed alongside overall accuracy [2], [10].
[image: ][bookmark: _Ref235182091]Figure 6. Classification Report for the Final CNN Model













Additional model summaries, training curves, intermediate results and complete test outputs are provided in the Appendix.
5. [bookmark: _Toc235188734]Discussion and Recommendations

[bookmark: _Toc235188735]5.1 Interpretation of the Results

The progression from 53.39% validation accuracy in the baseline to 93.09% in Experiment 5 shows that the original model was not complex enough for the task. Additional convolutional blocks, augmentation, a lower learning rate and longer training improved feature extraction and convergence. The final test accuracy of 93.87% was close to the validation result, which suggests that the model generalised well within the selected dataset.
This improvement cannot be assigned to one change with certainty because several hyperparameters were modified together. The 5 × 5 first kernel in Experiment 5 may have captured wider lesion and texture patterns than the 3 × 3 kernel used in Experiment 6, but a controlled ablation study would be needed to isolate its exact contribution. This is an important limitation of the experimental design.

[bookmark: _Toc235188736]5.2 Comparison with Existing Research

The result is consistent with recent reviews showing that CNNs remain effective for plant disease classification when augmentation and deeper feature extraction are used carefully [9], [10], [12]. Experiment 5 also produced a relatively small gap between training and validation accuracy, suggesting that the additional depth did not cause severe overfitting.
More complex studies have reported slightly higher results. Bezabh et al. achieved 95.82% test accuracy by combining features from VGG16 and AlexNet [13], while Yang et al. used a hybrid CNN–Transformer architecture to capture both local and global information [14]. These methods offer greater modelling capacity, but they also require more computation and are harder to interpret. The custom CNN developed here achieved a competitive result with a simpler structure, which better matched the requirement to avoid unnecessary complexity.
The class-level results also reveal information that overall accuracy cannot show. Scab produced the lowest recall, mainly because 31 scab images were classified as healthy. Powdery mildew achieved the lowest precision despite high recall. Class imbalance may have contributed to this behaviour, since powdery mildew contained far fewer training images than healthy and scab. Similar challenges are reported across plant disease datasets, where uneven classes and visually similar symptoms reduce reliability [2], [10].

[bookmark: _Toc235188737]5.3 Limitations and Recommendations

The model was tested on unseen images, but all data came from the same dataset. Strong performance therefore does not guarantee equal accuracy on photographs taken in fields with different lighting, backgrounds, cameras or disease stages. Reviews of plant disease detection repeatedly identify external generalisation as a major unresolved problem [2], [12].
Future work should test the model on an independent dataset and on real field images. Targeted augmentation or class weighting could improve performance for powdery mildew and scab, while an ablation study could measure the separate effect of kernel size, depth and dropout. Grad-CAM could also be used to confirm whether predictions are based on diseased leaf regions rather than background features. Finally, a controlled comparison with a lightweight transfer-learning model would show whether a modest increase in complexity produces a meaningful improvement over the current custom CNN.

6. [bookmark: _Toc235188738]Conclusion

The experiments showed that model design and training strategy had a clear effect on classification performance. The baseline reached only 53.39% validation accuracy, while the final CNN achieved 93.09% validation accuracy and 93.87% test accuracy. This improvement supports the use of additional convolutional blocks, moderate augmentation and controlled optimisation for this task.
Experiment 5 provided the strongest balance between accuracy and model simplicity. Its results were consistent across most classes, although confusion between scab and healthy leaves remained visible. The model therefore offers a strong result within the selected dataset, but it should not yet be treated as fully reliable in field conditions. Future work should include external images, class-balancing methods and a controlled comparison with lightweight transfer learning.
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Experiment3 Model
[image: ]










[image: ]












[image: ]








Experiment6 Model
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[image: ]Experiment 5 Model (Final) + Test
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convad_5 (Conv2D) (None, 253, 253, 64) 18,496
max_pooling2d_5 (MaxPooling2D) | (None, 126, 126, 64) °
convad_6 (Conv2D) (lone, 124, 124, 128) 73,856
max_pooling2d_6 (MaxPooling2D) | (None, 62, 62, 128) °
convad_7 (Conv2D) (llone, 60, 60, 256) 295,168
max_pooling2d_7 (MaxPooling2D) | (lone, 30, 30, 256) °
flatten 1 (Flatten) (llone, 230400) °
dense_2 (Dense) (None, 128) 29,491,328
dropout_1 (Dropout) (None, 128) °
dense_3 (Dense) (None, 5) 645

Total params: 29,880,389 (113.98 MB)
Trainable params: 29,880,389 (113.98 MB)

Non-trainable params: © (0.00 B)
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Experiment 5 CNN with Additional Convolutional Block Results

Metric Result

Maximum Epochs 30

Epochs Completed 30

Early Stopping Activated No

Best Checkpoint Epoch 30
Training Accuracy at Best Epoch 94.68%
Validation Accuracy at Best Epoch 93.09%
Training Loss at Best Epoch 0.1504
Best Validation Loss 02258
Highest Validation Accuracy 93.09%

Highest Validation Accuracy Epoch 30

Best Checkpoint Saved Yes
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49/49 ———————— 12s 103ms/step - accuracy: 0.9387 - loss: 0.1940

FINAL TEST RESULTS
Test Loss: 0.1940
Test Accuracy: 93.87%
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