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[bookmark: _Toc235024762]Abstract
Plant diseases remain a challenge for global food production, and when the disease is detected early on a plant on a leaf before it can cause a problem for the production, it gives the food producer a chance to respond to the situation. This report examines a subset of the Plant Pathology 2021 data, examining only images from the top five image classes: healthy, scab, frog eye leaf spot, rust, and powdery mildew.
For comparison three models were built: two CNN models, a fully connected ANN model. Training and testing of each model is done with the same data split for fair comparison of results. Data augmentations, class weights, early stopping of the learning rate and batch normalisations are just a few of the techniques used to help the models generalise their predictions on unseen images.
The second CNN has the best test accuracy of the three CNN models. This network is made up of deeper convolutional blocks, a global average pooling layer and L2 regularisation. The performance is definitely above that of the first CNN, and even bigger if compared with the fully connected baseline model. These results are analysed using accuracy curves, loss curves, the confusion matrix and a classification report which includes the precision, recall and F1 score.
Overall, the results are consistent with findings in other areas of this literature as convolutional networks seem to be ideal for raw image data relative to fully connected, meaning that the relationship between neighbouring pixels is a meaningful one that the convolutional layers of the network model well.
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Correct and timely detection and identification of crop disease is essential to modern agricultural [16]. Symptoms of fungal or bacterial infections of leaves are outward and easily identified by a trained eye, also the manual inspection process over large farms continues to be slow, inconsistent and expensive. A way to achieve disease detection that is impossible to do manually is the possibility of automated image classification, and this type of visual recognition task has been made easier with artificial neural networks (ANN).
An artificial neural network is a system of interconnected artificial neurons operating as layers that transform an input signal into a prediction via weighted connections and various activation functions [13]. There are two major categories to network address a different class of problem. Recurrent neural networks can take in sequential data, data that has order, like speech or sensor data over a series of time. CNNs operate on grid-structured data like images, and are characterised by their use of filters that slide across the input preserving spatial relationships between neighbouring pixels. This is a static report of the leaf images so the best way to do this is through a convolutional approach, a fully connected network has also been included as a baseline and to show empirically the need for spatial structure in the report.
This report aims to review relevant literature on convolutional and recurrent architectures and optimisation methods for neural networks, go through hyperparameter tuning and standard optimisation methods to train an image classifier using a subset of the Plant Pathology 2021 dataset for five most widely-represented classes, and finally evaluate the optimised models with regard to standard image classification metrics and offer some conclusions and recommendations for further work [1].
[bookmark: _Toc234922549][bookmark: _Toc235024764]Related Work
According to [2], the exciting result in image classification, where convolutional networks were found to outperform previous handcrafted feature approaches on large scale benchmarks of visual recognition, CNN became the benchmark architecture utilised by the community for image classification problems [2]. With multiple convolutional layers, the earlier layers learn simple features, and the deeper layers learn to synthesis more abstract features by learning from them a concept with advanced architectures like ResNet and VGGNet have expanded upon by adding more layers and then including skip connections [3].
According to reference [4] the other type of problem is suitable for Recurrent Neural Network that process sequence of signals instead of only an input at once. One salient feature of these networks is that the output from prior steps is regenerating the input at later steps. Because the order of the samples is important, this design is good for many applications that turn other representations of a sample into text, such as recognising speech. One well-known problem of this simple design is the disappearing gradient issue. To address the problem, gating mechanisms between the LSTM were introduced in reference [5], which enabled information to be propagated across extended sequences without it fading away. Leaf images contain no relationship of the timing with the pixels. There is no purposeful sequence that could be captured from one pixel to another, as there is no use in having a recurrent network in such an instance. Convolutional networks are therefore the better option in this instance to work with image data of this nature.
As per the findings of [6], for instance, convolutional networks have been used in a few studies of images of plant leaf diseases, showing some success. Transfer learning, where the network is initially trained on a large dataset of a generic class of objects and then fine-tuned on a small dataset of objects in a specific target domain, has been shown to be superior to networks trained from random initialisations on many occasions, especially when the small target domains data is limited [7]. Another common problem is class imbalance in agricultural data sets, in which most samples are healthy or common diseases, and class weighting and oversampling are suggested as means of balancing the data, class weighting is suggested as more beneficial as it avoids overfitting by repeated minority class samples [11].
According to [9], there is also an aspect of literature related to regularisation and optimisation. Dropout speeds up the rate of forgetting part of the networks connections during training, to make the network less similar to other ones that were trained during the same time period and hence less dependent on any special pathway, and is used almost universally to prevent overfitting. The technique is batch normalisation, which normalises the activations within the different layers, leading to faster convergence and introducing a mild regularising effect [8]. Adam is an adaptive optimiser that includes both momentum and a learning rate adjustment per parameter, and typically outperforms SGD in global convergence rate, while being competitive against RMSprop when gradients are noisy, for example, if aggressively augmenting your data [10].
Based on the literature, convolutional methods with batch normalisation, dropout, adaptive optimisation and attention to class imbalance are recognised as a reliable method of plant leaf image classification. The approach used in this report is based on these principles.
[bookmark: _Toc234922550][bookmark: _Toc235024765]Methodology
[bookmark: _Toc234922551][bookmark: _Toc235024766]Dataset
Throughout this report, the data under consideration is taken from Kaggle made publicly available data from the Plant Pathology 2021 dataset, which has been resized to 512x512. To preserve a single-label problem, only the five classes with the greatest number of samples were included, namely healthy, scab, frog eye leaf spot, rust and powdery mildew. The five classes mentioned were retained and combined-label images as well as the sixth complex label class were discarded to ensure the task be single label. The filtering yielded 15675 useable images, which were split in training, validation/testing sets of 13984, 832 and 859 images respectively. There is a slight degree of class imbalance as scab and healthy both represent more than four thousand images and powdery mildew represents slightly more than a thousand images, dealt with via the training configuration below.
[image: ]
[bookmark: _Toc235024780]Figure 1: Class distribution across the filtered dataset.
[bookmark: _Toc234922552][bookmark: _Toc235024767]Pre-processing and Augmentation
The images were imported using an ImageDataGenerator utility provided by the Keras library, and the size is scaled down to 128x128 pixels to ensure a balance between training time and the number of diseases that could be discerned. The values of the pixels were rescaled between zero and one. Training images were enhanced with randomly selected rotations, width and height modifications, shear, zoom and horizontal flipping to provide them with some real-world variations to minimise overfitting. Only rescaling is performed on the validation and test images, ensuring captured performance represents true generalisation.
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[bookmark: _Toc235024781]Figure 2: Data generator configuration and output confirming successful loading of the five classes.
[bookmark: _Toc235024768]Handling Imbalance Among Classes
Due to the unbalanced ratio in some categories, there are more images than others, class weights are obtained by using scikitlearn using the heuristic approach called balanced. In this method, each class gets an inverse ratio of the frequency that it occurs. The healthy class (large number of samples) gets a weight around one. As the smallest type in the data set, the smallest type occupies the largest weight, and this type is the powdery mildew. The smallest type gets the largest weight as it is the smallest type in the data set. The weight of the scab class is very near the median of the weight value class.
These calculated weights are directly fed into the model in training. Therefore, class errors incur a higher cost for the underrepresented classes, and make the model focus more on the underrepresented classes, which perhaps are classes with fewer occurrences.
[bookmark: _Toc234922554][bookmark: _Toc235024769]Architecture Of Models
The first convolutional network is a well-known architecture of four convolutional blocks, adding a convolutional layer, batch normalisation and max pooling, followed by flattening and two dense layers with dropout, followed by a softmax output, representing a simple baseline convolutional design.
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[bookmark: _Toc235024782]Figure 3: Architecture summary for first convolutional neural network (CNN Model 1).
Another approach is used for the second convolutional network, which passes the features on pairs of convolutional layers, enabling them to continue to accumulate at a gentler rate before reaching the next layer. In the case of Global Average Pooling, the output is not flattened but rather it is used to reduce the number of parameters responsible for learning. The default value for the dense layers is also L2 regularised, which helps to build a deeper feature hierarchy, and also reduces the overall risk of the model overfitting the training data.
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[bookmark: _Toc235024783]Figure 4: Architecture summary of the second, deeper convolutional neural network (CNN Model 2).
The artificial neural network baseline is a baseline without any spatial structure because all the 128 by 128 by 3 dimensional input is compressed to a one dimensional vector with more than forty nine thousand entries, passed through four fully connected layers with lesser number of neurons each, followed by batch normalisation and dropping the entries by 50 per cent by dropout before reaching the final softmax layer.
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[bookmark: _Toc235024784]Figure 5: Architecture summary of the fully connected artificial neural network baseline.
[bookmark: _Toc234922555][bookmark: _Toc235024770]Training Configuration
The first convolutional network and the baseline were compiled with Adam learning rate 0.001, and the second convolutional network is compiled using RMSprop learning rate 0.0005 with augmenting stronger than the baseline, some even flipping it up and down an brightness variation, in order to test a more aggressive regime. The loss function used across all the tasks is categorical cross-entropy which is applied in a single-label or multi-class classification problem. Three call-backs were used for each model, early stopping that would stop training when there is a plateau in the validation loss and then restore the best weights, model checkpointing to store the model with the highest validation accuracy, learning rate reduction when plateau to reduce the learning rate when there is a plateau in the validation loss. All three models have been trained for up to fifteen epochs with early stopping mechanism stopping two of the three training.
[image: ]
[bookmark: _Toc235024785]Figure 6: Call-back configuration applied during training.
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The metrics used to evaluate model performance consisted of accuracy, precision, recall, and F1 score reported as macro and as weighted averages if class frequency is an expected variable. To gain an understanding beyond an aggregate dimension, confusion matrices for each model were computed to determine the rates of misjudging different classes.
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The final accuracy in the first CNN is 87.54 percent. The performances on frog eye leaf spot and rust were the highest of F1-scores more than 0.94 and on scab is lowest with the score of 0.65, suggesting that there is significant proportion of the images classified as scab and the majority of them were mis-classed as healthy. The accuracy and loss curves depict the trend of validation that is rather volatile in the initial epochs which ends up stabilising once learning rate is decreased around epoch ten.
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[bookmark: _Toc235024786]Figure 7: Training and validation accuracy and loss curves for CNN Model 1.
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[bookmark: _Toc235024787]Figure 8: Confusion matrix for CNN Model 1 on the test set.
[bookmark: _Toc234922559][bookmark: _Toc235024774]CNN Model 2
The second, deeper convolutional network gave even better overall performance with 89.76% on the test set, and a macro precision of 0.917 and macro F1 score of 0.894. Although the small size of the samples resulted in a low level of scab recall, the powdery mildew samples were hardest. It may observe that there are some peaks in the validation loss curve, especially at the 11th epoch but where early stopping halted and gave the best weights back.
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[bookmark: _Toc235024788]Figure 9: Training and validation accuracy and loss curves for CNN Model 2.
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[bookmark: _Toc235024789]Figure 10: Confusion matrix for CNN Model 2 on the test set.
[bookmark: _Toc235024775]Fully Connected Baseline Model
The fully connected baseline network obtains a very lower test accuracy of 43.89 percent. The recall for scab drops to only 0.075 with the category, indicating that misclassification occurs over and over again, mainly in the healthy or frog eye leaf spot categories. After the third epoch, the training accuracy curve does not seem to show significant improvement, and it becomes level around 50% accuracy across the remaining 12 epochs. The reason for this poor performance is that the input layer takes in the values of all the flattened pixels, ignoring the 3-D structure which contains meaningful spatial information within the image.
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[bookmark: _Toc235024790]Figure 11: The accuracy and the loss curves of the baseline artificial neural network during training and validation procedure.
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[bookmark: _Toc235024791]Figure 12: Artificial neural network baseline confusion matrix on test set.
[bookmark: _Toc235024776]Overall Result Comparison
The overall accuracy rate along with Macro-averaged Precision, Recall, and the F1 score for all three models on each class is provided in Table 1. CNN Model 2 achieves the best performance in all individual metrics and CNN Model 1 performs in the mid-range. CNN Model 2 significantly outperforms both the CNN models, and the baseline network is well behind both convolutional models.
Table 1: Comparative performance on the test set for all three models.
	Model
	Accuracy
	Precision (macro)
	Recall (macro)
	F1 (macro)
	F1 (weighted)

	CNN Model 1
	0.8754
	0.9006
	0.8709
	0.8769
	0.8700

	CNN Model 2
	0.8976
	0.9170
	0.8678
	0.8851
	0.8943

	ANN Baseline
	0.4389
	0.5029
	0.4707
	0.4379
	0.4096
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[bookmark: _Toc235024792]Figure 13: Bar chart comparison of accuracy, precision, recall and F1-score across the three models.
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[bookmark: _Toc235024793]Figure 14: Overlay of validation accuracy and validation loss across training epochs for all three models.
[bookmark: _Toc234922562][bookmark: _Toc235024777]Discussion and Recommendation
The results confirm the theoretical separation between convolutional and fully connected architectures for image data, observed in the literature [14]. The accuracy of both convolutional models is significantly better than the baseline and this can be easily understood in terms of the approach implemented by each model to process spatial information. In the convolutional layers the 2D layout of the pixels is maintained and the filters learned are meant for detecting local patterns like leaf-spots without bearing into account their location in the frame [12]. In the case of the artificial neural network, data at the first layer discards spatial relationships and flattens the image into a single vector, which means features were extracted before forming 2D arrays. The example of scab is the best for this as recall of the scab class is 0.075 under baseline while it is 0.65 and 0.74 under the two convolutional models, demonstrating that a class of scab lesions has a spatial signature that is not effectively captured without convolutional models.
A comparison between the two convolutional designs is more complicated. This is because CNN Model 2 obtained higher accuracy, precision and weighted F1 score, which were due to the following reasons, firstly, this additional depth enabled more complex feature hierarchies to be built, secondly, use of global average pooling reduced global randomisation and increased the number of parameters compared to using flatten, which decreased the risk of overfitting, thirdly, the risk for relying on any single weight is reduced by L2 regularisation. Macro-averaged recall is slightly below that of CNN Model 2, with a decrease in the recall of powdery mildew from 0.75 to 0.67 likely attributed to the decreased architecture of the deepest class, which is consistent with studies of class imbalance.
Noticeable points in validation loss are seen in both the convolutional models, with CNN Model 1 having a visible spike at epoch 9 with CNN Model 2 showing a visible spike at epoch 11. Despite the downward overall direction, these spikes indicate periods of instability in the training process, likely due to a relatively fast initial learning rate and rapid augmentation. The learning rate reduction call-back seems to be a good way to rebound from such episodes, and is incorporated into the configuration.
Another path of exploration has been to use transfer learning from a good pretrained image network, with fine-tuned pretrained networks always performing better than random initialisation, especially in the smaller powdery mildew class [16]. The recall gap between the images in all three models would be reduced if more powdery mildew images were targeted for collection or synthetically added. A systematic hyperparameter search for CNN Model 2, with varying learning rates, batch sizes and dropout rates would help determine if the benefit of using CNN Model 2 is because of depth or one of the hyperparameters could be used more efficiently.
[bookmark: _Toc234922563][bookmark: _Toc235024778]Conclusion
This report aimed to conduct an in-depth literature review on the neural network architectures, implementation of image classifier model for a subset of the Plant Pathology as part of 2021 and assessing the generated model with already available metrics. From the literature reviewed it is decided that convolutional networks were well suited to the image data, whereas recurrent networks would tackle an entirely different kind of sequential problem, with which this could provide a justification of the choice of architecture explored. This is confirmed directly in the practical results that both convolutional models gave significant improvements compared to the baseline fully connected model, the second model with the larger depth giving the best total results at an accuracy under test of 89.76 percent.
The class-level analysis implies beyond headline numbers in a wider context when introducing such a classifier in an actual agribusiness application. The model shown to work well on accuracy on the aggregated class but not well on a specific class, such as powdery mildew, can give the grower false security if the crop suffers from powdery mildew. This further emphasises the need to look at per-class figures instead of just accuracy and highlights the need to instead focus on class balance for the purpose of further architectural refinement.
Overall, the second CNN is suggested to be the most appropriate model developed, as it achieved better aggregate performance and consumed less number of parameters with the use of GAP for its global average pooling layer. The biggest challenge is the continued effort to resolve the lack of data in the minority classes, which is most likely a transfer learning issue and labelled minority data collection.
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# Build the CNN model
From tensorflow.keras import layers, models

def build_cnn(input_shape=(128,125,3), num_classes=5, dropout_rate=0.3):
model = models. Sequential ([
layers.Conv2D(32, (3,3), activation="relu’, padding='same’, input_shape=input_shape),
layers.BatchNormalization() ,
layers.MaxPooling2D(2,2),

layers.Conv2D(64, (3,3), activation="relu’, padding='same’),
layers.BatchNormalization(),
layers.MaxPooling2D(2,2),

layers.Conv2D(128, (3,3), activation="relu’, padding='same’),
layers.BatchNormalization(),
layers.MaxPooling2D(2,2),

layers.Conv2D(256, (3,3), activation="relu’, padding='same’),
layers.BatchNormalization(),
layers.MaxPooling2D(2,2),

layers.Flatten(),
layers.Dense(256, activatio
layers.Dropout (dropout_rate),
layers.Dense(128, activatio
layers..Dropout (dropout_rate),

layers.Dense(nun_classes, activation='softmax’)

*relu’),

*relu’),
n
return model

model = build_cnn()
model. summary ()

Jusr/1ocal/lib/python3.12/dist-packages/keras/src/layers/convolutional /base_conv.py:113: UserWarning
super().__init_(activity_regularizer=activity_regularizer, **kuargs)
Model: “sequential®™
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Jusr/1ocal/1ib/python3.12/dist-packages/keras/src/layers/convolutional /base_conv.py:1

super()._init_(activity_regularizer-activity_regularizer, *kuargs)

Model: “sequential”
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Deeper CNN

# Build Model 2 — deeper CNN with tuned hyperparameters.
From tensorflow.keras import layers, models, regularizers
From tensorflow.keras.optimizers import RMSprop

def build_cnn_v2(input_shape=(125,128,3), num_classes=5, dropout_rate=0.4):
model = models. Sequential ([
layers.Conv2D(32, (3,3), activation="relu’, padding='same’, input_shape=input_shape),
layers.BatchNormalization() ,
layers.Conv2D(32, (3,3), activation="relu’, padding='same’),
layers.BatchNormalization(),
layers.MaxPooling2D(2,2),

layers.Conv2D(64, (3,3), activation="relu’, padding='same’),
layers.BatchNormalization(),

layers.Conv2D(64, (3,3), activation="relu’, padding='same’),
layers.BatchNormalization(),

layers.MaxPooling2D(2,2),

layers.Conv2D(128, (3,3), activation="relu’, padding='same’),
layers.BatchNormalization(),

layers.Conv2D(128, (3,3), activation="relu’, padding='same’),
layers.BatchNormalization(),

layers.MaxPooling2D(2,2),

layers.Conv2D(256, (3,3), activation='relu’, padding='same’),
layers.BatchNormalization(),
layers.MaxPooling2D(2,2),

layers.GlobalaveragePooling2D(),  # replaces Flatten -> fewer params, less overfitting
layers.Dense(256, activation="relu’, kernel_regularizer-regularizers.12(1e-4)),
layers.Dropout (dropout_rate)

layers.Dense(128, activatio
layers.Dropout (dropout_rate) ,
layers.Dense(num_classes, activation='softnax’)

elu’, kernel_regularizer=regularizers.12(le-4)),

n
return model

model2 = build_cnn_v2()
model2. summary ()
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© # Check unique label combinations and their counts
print (df[*Labels' ] .value_counts())
print(“\nunber of unique lsbel combinstions:”, df[*labels"].nunique())

# Check train/valid/test split sizes
print("\n", df['data set'].value_counts())

# Check individual disease classes (split by space)
all_labels = df['labels’].str.split(’ ').explode()
print("\nIndividual classes:\n", all_labels.value_counts())

e labels
scab 4526
healthy 4624
frog_eye leaf_spot 3181
rust 1860
complex 1602
powdery_mildew 1184
scab frog_eye leaf_spot 636
scab frog_eye leaf spot complex 200
frog_eye leaf_spot complex 165
rust frog_eye leaf spot 120
rust complex o7
powdery_mildew complex a7

Name: count, dtype: int64

Number of unique label combinations: 12

data set
train 16632
test 1000
valid 1000

Name: count, dtype: int64

Individual classes:

labels
scab 5712
healthy 2624
frog_eye leaf spot 4352
complex 2151
rust 2077
powdery_mildew 1271

Name: count, dtype: int64




