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Abstract: Timely identification and treatment of plant diseases are essential for boosting agricultural productivity and 
reducing economic losses. In this study, we present an innovative deep learning framework for patient-automated plant 
disease detection using a Hierarchical Wasserstein Convolutional Neural Network (HW-CNN). Specifically, we introduce 
depth-separable convolutions for computational cost savings and a new Hierarchical Wasserstein Distance (HWD) loss 

function which improves classification by leveraging inter-class relationships. The model was trained and validated on a 
large dataset containing 53200 Images across 38 different diseases in 14 different species of plants. Additionally, the 
proposed methodology provides a detailed description of the preprocessing steps (transformation of colour space to H, S, 
and V, pixel masking of green pixels), feature extraction using Hu moments, Haralick texture features, and colour 
histograms. The HW-CNN architecture is based on depth-separable convolutions which have been shown to yield very 
good performance with fewer parameters. The HWD loss function also helps build a more suitable loss landscape that 
enables the model to generalise across different types of diseases. The HW-CNN outperformed classical machine learning 
models (SVM, Random Forest, and Logistic Regression) and other deep learning architectures with an accuracy of 
99.19%.The experimental results show that the HW-CNN has an accuracy of 99.19%. The experimental results showed 
similar improvements in performance,  while significantly reducing complexity compared to existing methods. Throwing 
light on the effectiveness of advanced deep learning techniques to overcome significant obstacles in plant disease detection, 
including serendipitous symptoms and climate differences. The novel HW-CNN architecture forms a scalable, low-power 
circuitry with high energy efficiency that can tremendously benefit real-world scenario applications such as agriculture, 
reduce potential crop losses, and improve food security in society. 
 

Keywords: Plant leaves, Diseases, SVM, KNN, Deep learning, CNN 

 

1. Introduction  

Improved agricultural yields and fewer monetary losses can result from the faster identification and treatment of sick 
plants, both of which are facilitated by automated plant disease detection. Automatic illness identification using machine 
learning and computer vision techniques has made significant strides in recent years. To diagnose plant diseases, these 
techniques employ deep learning models and image-processing algorithms. Several machine learning techniques other than 
CNNs have been tried for plant disease diagnosis, including support vector machines (SVMs) and decision trees. These 
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technologies combine image processing with statistical analysis to identify telltale signs of illness. The agricultural sector 
in India and elsewhere may benefit greatly from automated disease identification using machine learning and computer 
vision techniques. Farmers can increase crop yields, decrease economic losses, and guarantee food security to millions of 
people if they can swiftly detect and treat sick plants. The time and energy spent on crop monitoring and disease 
identification can be drastically reduced by automating the detection of plant diseases using machine learning and computer 
vision techniques. Images of plant leaves recorded by digital cameras and sensors can then be analysed using image 
processing algorithms and deep learning models to detect the presence of illness. This method has the potential to be very 
useful in finding infected plants, even in extensive plantings, and in providing farmers with the knowledge they need to 
take preventative steps. To avoid wasting time and energy on human monitoring and inspection, farmers may benefit from 
using automated detection systems. In addition, automated detection technologies can assist in determining the nature of 
the plant disease, which is useful in deciding how to treat it. This can help save costs by preventing the illness from 
spreading to other plants in the crop. 

The use of an image retrieval strategy in conjunction with machine learning models to identify plant diseases is an 
interesting idea. The program can reliably determine if a leaf is healthy or diseased by evaluating the observed patterns of 
illnesses on plant leaves and applying image processing techniques. Classifying plant leaves as either healthy or unhealthy 
is a typical use of machine learning models such as SVM, Random Forest, Naive Bayes, Logistic Regression, and 
Convolutional Neural Networks (CNN). These algorithms can analyse a large database of labelled plant images to learn 
how to detect diseases. The lack of specialised tools or lengthy training required to use this method is one of its many 
benefits. You may obtain a rapid analysis of the plant's condition by taking pictures of its leaves using your phone or digital 
camera and uploading them to the model. The model can precisely determine plant illnesses by employing picture retrieval 
methods. The knowledge gained from this study will aid farmers in making informed decisions about disease treatment 
and containment of the epidemic. This determination is made using a machine learning method and is performed in stages 
across several leaves. For classification, as illustrated in Figure 1, we use SVM, Random forest, Naive Bayes, Logistic 
regression, and convolution neural networks. 

 

 

Figure 1: The categorization of plant diseases 

1.1. Disease Categories 

Plant diseases can be broadly categorised into three types: Fungal, Bacterial, and Viral. 
Fungal: A plant's leaves, stems, and roots are susceptible to fungal infections. Powdery mildew, downy mildew, rust, 

and anthracnose are just a few examples of fungal diseases that may harm plants. Yellowing, wilting, browning, spotting, 
and staining of leaves are some of the indications of these illnesses, along with slowed development and decreased 
production. Fungal illnesses are notoriously difficult to identify and contain because of their rapid spread and 
indistinguishability from other plant ailments. Diseases caused by fungi are notoriously difficult to diagnose, but modern 
image processing and machine learning methods have made this a reality. Downy mildew appears as yellowish-green 
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blotches on the underside of leaves, whereas powdery mildew causes white powdery growth on the surface of leaves. 
Nevertheless, leaf spots of a reddish-brown colour are caused by rust, whereas dark, deep patches are caused by anthracnose. 
The model may learn to detect these patterns and effectively diagnose fungal illnesses in plants by employing machine 
learning models such as convolutional neural networks (CNNs). This information may be used to assist farmers to stop the 
spread of the illness and save their crops before they are completely ruined. 

Bacteria: Many different types of bacteria may infect plants, and these bacteria produce illnesses known as bacterial 
diseases. Bacterial infections of plants cause wilting, leaf spots, necrosis, and blights. Leaf blight, fire blight, and canker 
are examples of bacterial plant diseases. These pathogens can severely impair agricultural production, lowering both output 
and quality. Several different symptoms, including wilting, rotting, and leaf spots, can be caused by bacterial plant diseases. 
Many different types of plant diseases can be caused by bacteria, including bacterial blight, canker, and wilt. Several of 
these diseases can have devastating effects on crop production and quality. 

Viral: Plant viruses can infect many different parts of a plant, from the leaves to stems to fruits. The development of 
a plant may be impeded, its leaves may be discoloured or mottled, and its structures may be warped if it is infected with a 
virus. Cucumber mosaic virus, tomato spotted wilt virus, and other mosaic viruses are examples of plant diseases caused 
by viruses. When a plant is infected with a virus, the effects can be devastating on its development and productivity, and 
there are typically no treatments available. Therefore, the most effective methods for controlling viral plant diseases are 
prevention and early identification. Visual signs, such as deformed or discoloured leaves, stunted development, and strange 
patterns or markings on the leaves, are often used to diagnose viral infections. 

 

1.1.1. Fungal Disease 

Fungal diseases are caused by pathogenic fungi and can have a wide range of harmful effects on plants. Because of 
the severity of their effects, fungal infections pose a danger to agricultural productivity worldwide. The use of fungicides, 
culture methods, and resistant crop cultivars are all useful management options. The development of automated detection 
methods based on machine learning and image processing technologies can be invaluable tools for the early identification 
and diagnosis of fungal illnesses, which are vital for their successful control. Rust, apple scab, Fusarium wilt, leaf spot, 
and leaf blight are some of the most prevalent fungal diseases. Rust is caused by various fungal species such as 
Phragmidium spp., Gymnosporangium juniperi-virginianae, and Puccinia sorghi, which affect different plants such as roses, 
apples, and corn. Apple scab is caused by the fungus Venturia inaequalis [2] and causes pale yellow or olive green spots 
on leaves. Fusarium wilt is caused by the pathogen Fusarium oxysporum and its various forms, such as Fusarium 
oxysporum f. sp. vasinfectum which causes cotton fusarium wilt. Leaf blight is caused by different fungi, such as 
Helminthosporium turcicum, Alternaria, Phytophthora infestans, and Setosphaeria turcica. Black rot is also caused by 
different fungi such as Diplodia seriata and Guignadia bidwellii which affect different plants such as apples and grapes. 
These diseases can cause significant damage to crops and significantly affect crop yields if not properly controlled and 
managed, as shown in Figure 2. 

 

Apple Scab     Rust      Fursairum Wilt    Leaf Blight      Leaf Spot 
Figure 2: Fungal disease categories 
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1.1.1. Bacterial Disease 

Bacterial canker, like bacterial wilt, is caused by bacteria such as Pseudomonas syringae and manifests as sunken, necrotic 
lesions on plant stems, leaves, and fruits. R. solanacearum is responsible for bacterial wilt, which causes the leaves to wilt 
and turn yellow before ultimately killing the plant. Without effective management, these bacterial infections can spread 
rapidly and destroy crops. Disease-resistant cultivars, crop rotation, good sanitation, and chemical treatments such as 
antibiotics and copper-based compounds are all effective ways to combat bacterial infections. Bacterial leaf spot is caused 
by various types of bacteria, including Pseudomonas and Xanthomonas. It is more prevalent in warm, humid conditions 
and can cause symptoms such as reddish-brown circular specks on the leaves. Bacterial leaf blight caused by Xanthomonas 
citri pv. malvacearum can result in severe yellowing, browning, spotting, wilting, or death of plant tissues (Figure 3). 

 

Blackrot           bacterial blight     leaf Spot 
Figure 3: Bacterial disease categories 

1.1.2. Viral Disease 

Plants as diverse as cauliflower, cotton, tomatoes, and cucumbers are susceptible to viral illnesses, the result of viral 
infections. Leaf curl, whitefly, and mosaic virus are the three most prevalent viral illnesses. Curling, puckering, yellowing, 
and shortening of veins are all symptoms of leaf curl, which affects plants ranging from chilies and cotton to tomatoes. The 
whitefly Bemisia tabaci is responsible for the Cotton Leaf curl virus, which causes the tiny and big veins in the leaves to 
thicken and the leaves to curl both upwards and downwards. DNA viruses in the genus BegomoVirus cause leaf-curling 
symptoms in plants, and two of them are the Chilly Leaf Curl Virus and the Tomato Leaf Curl Virus. As shown in Figure 
4, the Tomato Mosaic Virus (TMV), which belongs to the Tobamoviridae family and Tobamovirus genus, causes patches 
of yellowing and deeper greening on the leaves of infected plants.  

 

  Leaf Curl                  Whitefly            Mosaic Virus 

Figure 4: Viral disease categories 

1.2. Challenge identified  

Scientists and researchers have studied plant leaf diseases to better understand the issues that need to be addressed [4]. 
Several potential examples are presented below. The representation of the leaf must be precise. 

I. The public needs unrestricted access to the datasets. 
II. There was some background noise in the data gathered from the leaves. 

III. Diseases can be more easily diagnosed using segmentation, but only after the samples have undergone extensive 
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testing and training. 
IV. In certain circumstances, leaf colour may vary owing to environmental conditions. 
V. A major obstacle to early illness identification is the wide variety of plant species that may be infected by a given 

pathogen. 
 

1.3. Major Contribution: 
i. Review the existing work done by various researchers and highlight the experience in training models to correctly 

classify plant diseases based on visual symptoms visible on leaves. Furthermore, it pointed out weaknesses in current 

approaches, including deficiencies in feature extraction and classification performance, particularly in  

distinguishing maladies with indistinguishable symptoms or slight differences. 

ii. Different plant health and disease detection approaches have been investigated, including traditional methods 

(manual inspection, molecular diagnostics) as well as artificial intelligence (AI), incorporating machine learning 

(ML) and deep learning (DL)-based methods. The analysis highlighted the pros and cons of these techniques, 

including the highly computational nature of ML/DL models or the requirement for large labelled datasets. 

iii. The classification of plant diseases through the observation of visual symptoms on leaves is the focus of this 

research. This is important because leaf symptoms are often the first signs of any plant health concern. The 

investigation also described how other factors, such as environmental conditions and imaging quality, could  affect 

the detection and classification of symptoms. 

iv. The study highlighted the compounding challenges of leaf disease classification considering that the symptoms of 

several leaf diseases can be similar, symptoms can vary between species, and distinguishing between healthy and 

diseased plants in real-life conditions can be challenging. These challenges were instrumental in defining the 

research agenda for enhancing classification models. 

v. It helps improve plant disease detection methodologies by proposing robust classifiers that can be used for plant 

disease detection under various environmental conditions and on various plant varieties. 

 

1.4. Organization of Paper 

The remainder of the essay is organised as follows: a review of the prior research literature is offered in the second 
part, along with an analysis of the research gaps and potential for more study. Here, every research article is summarised 
and a discussion is provided under the relevant category. The third section describes the deep learning framework and 
algorithm for the identification of healthiness and disease in plants. The fourth section presents the results of the evaluation 
and analysis. The fifth section summarises the contributions and identifies a few concerns for further research that have 
been raised by the studies before concluding. 
 

2. Background and Related Work 

Plant disease detection. It includes as: 
i. Image-based approaches: To extract characteristics from photographs of sick plants, these systems use several image-

processing techniques. Subsequently, a classifier that can identify illnesses is trained using these characteristics. 
ii. Symptom-based approaches: These methods use the symptoms of a disease to detect and classify them. These 

include visual symptoms, such as leaf discoloration, as well as physiological symptoms, such as changes in plant 
metabolism. 

iii. Genomic-based approaches: These methods use genetic information, such as DNA or RNA sequencing, to detect 
and classify diseases. This can include identifying specific genes or markers associated with the disease [3].  

iv. Machine learning-based approaches: To categorise the illnesses that affect plants based on training data, these 
approaches make use of a variety of machine learning algorithms, such as SVM, Random Forest, Naive Bayes, and 
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CNN. Overall, many different approaches have been used for plant disease detection, but most research has focused 
on small datasets and specific species [4].  

 

2.1 Previous Work 

This section discussed the previous work that has been done Plant disease detection. The overall summary of the existing 
methods is listed in Table 1. The details of these methods are discussed in this section. 

Research conducted by [5] outlines a method for identifying and recognising plant diseases. primarily focuses on 
fungus-related diseases, such as black spot and anthracnose. Convert the image's colour values into the colour space 
specified in the colour space transformation structure using L*a*b device-independent colour space transformation. 
Segmenting is performed on a picture after it has been transformed from the RGB to L*a*b colour space. Hierarchical 
Clustering is used for image segmentation. Feature vectors are generated using the colour moment method because they 
have the lowest feature dimensions and lowest computational complexity. For plant disease classification, the transformation 
of the feature vector is extracted from the leaf contour. By maximising the margin between the classes, the SVM identifies 
the optimal separating hyperplane. 

The authors of  [6] proposed a technique in which the input picture is transformed using the Hue Saturation Intensity 
(HSI) colour model. Hue, saturation, and intensity are the three characteristics that constitute the HSI colour model. A 
characteristic of a colour called a hue specifies the colour that the observer sees. Saturation is the measurement of white 
light combined with a hue. The intensity simply refers to the brightness or amplitude of the light. It drops off the intensity 
component, as it does not provide extra information regarding the analysis. After the colour space transformation, all the 
green-coloured pixels are masked based on the specified threshold value. All masked pixels were then completely removed 
for better disease classification. The affected leaf area was then removed and divided into equal-sized patches. Colour, 
texture, and feature analyses are carried out using spatial grey level dependence measures (SGDM). The grey-level co-
occurrence method is a statistical method of describing the shape based on the relationship among the sampled gray levels 
in the image. A co-occurrence matrix was used to determine the number of different properties, including contrast, shadow, 
local homogeneity, and prominence. Two classification approaches were used for disease classification. The Minimum 
Distance Criterion (MDC) method was initially used to categorise diseases. Using the classification gain, which is 86.77%, 
the minimal distance classifier's performance is evaluated. a second classifier Support Vector Machine (SVM) that increases 
accuracy. The accuracy achieved in the case of the support vector machine was 94.74%. The SVM two-class classification 
technique is extended to multiclass classification to categorise into various classes.  

This study, performed by [7], suggests a python-based technique for detecting plant diseases. It records a photograph 
of a sick leaf and provides the diagnosis. A convolutional neural network was used to categorise the illness. It is effective 
against common plant diseases, including rust, mildew, black spots, and bacteria. Before submitting the normalised photo 
to the CNN to determine the class designation, it first downscales the document image and normalises the pixel values.  

This study, performed by [8], used a five-step process for disease classification. The first step is image acquisition, 
in which an image of various plant leaves suffering from a disease is taken. The next step includes image preprocessing, 
where low-light and low-resolution enhancement is performed by Convolutional Neural Network Layers. The third step is 
image segmentation which includes colour space transformation and segmentation. The YCbCr colour space model is 
applied to the picture once the RGB components have been transformed. YCbCr is the name given to the human vision-
based colour representation model, which is independent of any particular device. The Y component, also known as the 
luma component, indicates luminance, whereas the Cb component represents chroma blue, and the Cr component represents 
chroma red. The next step is segmentation into k clusters, where k is the number of different components that need to be 
split. This is done using a genetic algorithm, which helps explore huge spaces as opposed to a brute force approach, which 
conducts a complete search and improves at every stage. The mathematical technique for extracting texture features employs 
GLCM, or Grey Level Co-occurrence Matrix, a statistical model for investigating object texture. It calculates various feature 
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vectors with features contrast, energy, dissimilarity, entropy, and correlation, and the computed values of the co-occurrence 
matrix are compared to the corresponding values in the training dataset feature values. A Support Vector Machine (SVM) is 
used to categorise the illness into its many subtypes. This SVM obtains an average accuracy of 83.16% across all of its 
kernels, including the Radial Basis Functional Kernel (RBF), linear kernel, polygonal kernel, and quadratic kernel.  

This study [9] covers research that utilises image processing to identify plant diseases. Device-agnostic colour-space 
transformation was used in the first phase. To remove noise from the images, image preprocessing techniques were used, 
such as image clipping which crops the leaf image to find the region of interest, followed by image smoothing, which uses 
smoothing filters and image enhancement for enhancing the image’s contrast. In the third step, picture segmentation, three 
algorithms were discussed: The Otsu Threshold method, together with Boundary and Spot Detection, K-means clustering, 
and both. The border of the diseased area is extracted using the boundary and spot detection approach, which also accounts 
for the pixels' eight connections. K represents the clustering strategy, which divides things into groups depending on how 
close they are to one another. Otsu’s threshold segmentation technique creates a binary image from grey-level images by 
applying a specific threshold to convert all pixels whose value is less than the specific threshold to 0 and pixels whose value 
is greater than the particular threshold to 1. Otsu’s method simply masks green-coloured pixels. Features such as colour, 
morphology, and texture edges are considered for plant disease detection. 

The authors of [10] suggested a method for detecting cotton leaf disease. Bacterial blight, Myrothecium, and Alternaria 
were the three diseases discussed in this study. A low-pass filter, such as a Gaussian filter, was used to eliminate noise from 
the image. The Gaussian filter retains the edges corresponding to a high frequency. The active contour model approach 
allows the extraction of the area of interest from a picture. The snake-like active contour model fits the contours of the object 
and is an energy-minimising curve that is affected by outside limitations and image forces. It calculates invariant moments 
to extract the features. Seven invariant moments were obtained for training from three different kinds of pictures of the 
infected cotton leaf. Owing to its efficiency in multiclass classification issues where the target class is greater than two, the 
backpropagation neural network technique is used to classify plan illness. Levenberg–Marquardt optimisation is used for 
updating the bias and weight values in the discussed backpropagation neural network. The input and hidden layers of 
backpropagation each include seven nodes and utilise the tan-sigmoid function. The accuracy achieved by the 
backpropagation classification model used in this study was 85.52%. 

This study, performed by [11], first discussed existing deep learning models and their applications. It also discusses 
many CNN architectures and compares their model sizes and input resolutions. Several distinct CNN layers were examined, 
including convolution, activation, pooling, and fully connected layers. The CNN layer discussed four hyperparameters for 
training: the number of filters, spatial extent, stride, and padding. The activation layer uses various nonlinear functions, such 
as tanh, sigmoid, and rectified linear unit functions, to introduce nonlinearity. With no change in depth, the pooling layer 
diminishes the spatial dimension. The size of the feature map is reduced using a pooling layer. A collection of high-level 
characteristics that are closely linked to the class or object was discovered by the fully connected layer. This layer classifies 
the image without considering the spatial relationship between the pixels known as the spatial relationship. Finally, the 
classifier comes in the role, and the classifier can perform binary or multiclass classification. For binary classification, the 
classifier uses the sigmoid activation function, and for multiclass classification, the classifier uses the softmax activation 
function.  The study also used the CNN classification model to perform binary classification on tomato and apple leaves 
to classify whether a leaf is healthy or diseased. In this study, the CNN model used 64 input image sizes, a filter width of 3, 
and 0 numbers as padding with stride 1. The final model has a pooling layer and a ReLU activation function after each 
convolutional layer. To estimate the class of a particular image, the Softmax function was utilised with two fully connected 
layers. The model achieved an accuracy of 88.7.  

This research was carried out by [12], who proposed a convolutional neural network-based deep learning model that 
can accurately assess an image's characteristics, recognise objects, and categorise them with little to no preparation. The 
model uses a convolution layer, pooling layer, activation layer, and feedforward layer, with their respective functions. This 
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study uses the linear vector quantisation (LVQ) method for training the data classification. In this study, owing to the linear 
vector quantisation method, all the CNN layers are not fully connected. Linear vector quantisation is a type of neural network 
that incorporates both supervised and competitive learning. This classification algorithm uses a heuristic method. The model 
is used in a variety of applications owing to its basic topology and adaptability. The input, Kohonen, and output layers are 
the three layers that make up the LVQ model. In the LVQ, the Kohonen and input layers are completely linked, but the 
Kohonen and output layers are not. The categorised results were provided to the output layer after learning in the Kohonen 
layer.  In this study, 400 training and 100 testing images of tomatoes were used from the plant village dataset. Five different 
classes are used, with four classes of tomato diseases and one class for healthy tomato leaves. 

Using supervised machine learning techniques such as Naive Bayes, Decision Trees, KNN, Support Vector Machines, 
and Random Forest, this research [13] provides a method for identifying maize plant diseases. This paper presents four 
classes of maize plant disease and works on a total of 3823 images of the maize plant. The RGB image is converted to 
grayscale in the preprocessing stage, and this study uses the label edge detection segmentation approach to extract the area 
of interest from the image. Segmentation may be performed in two ways: based on similarities and discontinuities. Image 
partitioning in similarity is based on predefined criteria, whereas image partitioning in discontinuities is based on abrupt 
changes in intensity. The gradient of the image intensities at each pixel inside the image was also calculated using the label 
edge detection segmentation approach.  This study used RGB feature extraction to extract colour information and identify 
patterns. Naive Bayes achieved an accuracy of 77.46%; Decision Tree, 74.35%; K-nearest neighbour, 76.16%; and Random 
Forest, 79.23%; these were the classification methods that achieved the greatest accuracy. 

 The author of [14] proposed a system that uses image segmentation and machine learning to identify potato leaf 
diseases. It converts RGB images into HSV colour spaces and generates masks based on the HSV colour space information 
regarding colour, colour intensity, and colour brightness. It isolates the area of interest from the images by thresholding the 
HSV image for a range of green and brown hues. The green colour in the image signifies a healthy portion, and brown or 
any other colour signifies a diseased portion. Hu moments, Harlick Texture, and Color Histogram are three feature 
descriptors that are used in the article to extract features from the picture. Hu moments provide a feature vector for the shape. 
The texture feature was extracted from the picture using the Haralick texture feature descriptor. It was applied to grayscale 
images. The Harlick texture feature uses the gray level co-occurrence matrix (GLCM) for computing texture feature values. 
The colour intensity of an image is computed using the colour histogram descriptor.  To categorise potato leaf disease, it 
employs seven classifiers: Random Forest, Logistic Regression, KNN, Decision Tree, Naive Bayes, Linear Discriminant 
Analysis, and SVM. It acquired an accuracy of 97% from Random Forest, 94% from Logistic Regression, 91% from K – 
Nearest Neighbour, 91% from Decision Tree, 8s4% from Naïve Bayes, 78% from Linear Discriminant Analysis, and 37% 
from Support Vector Machine. Among all the classifiers, the highest accuracy rate was achieved by random forest. 

 This study [15] proposed a method for the automatic detection of tomato leaf diseases. It worked on eight different 
categories of tomato leaf disease. For preprocessing of all the images in the dataset, Gaussian blur was used to minimise 
noise from the images. Haralick’s Texture feature algorithm is used to extract texture information from the images. The 
mean, angular second moment, entropy, and many other attributes are considered to determine the contours and hierarchy 
of moments. Use of the ORB feature extraction algorithm. Machine learning techniques such as SVM, Logistic Regression, 
and Random Forest are used to categorise tomato leaf diseases. SVM produces better outcomes. 

 This study [16] presented a deep learning approach. A YOLOv3 object detector was used to isolate a leaf from the 
input image. The extracted leaf was analysed using several ResNet18 models. The model was trained using transfer learning. 
Sayad-Ab-Rahman et al. [17] For the classification of citrus illnesses and the diagnosis of plant diseases using images of 
leaves, a deep learning technique that is linked to the deep CNN model and is composed of two stages has been proposed. 
In the first stage, a region proposal network is used to identify the primary target area, and in the second stage, a classifier 
is used to assign the target area to the appropriate class. All images were adjusted to fit within the same intensity range using 
the histogram equalisation method.  
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 This study [18] developed a method for classifying citrus diseases using feature fusion and transfer learning. Transfer 
learning was used to retrain the MobileNetv2 and DenseNet201 pre-trained models to provide feature vectors. The meta-
heuristic whale optimisation technique was utilised to optimise the fused feature set. By using hybrid contrast stretching, 
the picture quality was enhanced. The accuracy of these findings was 95.7%. Deep learning algorithms such as Inception-
v3, VGG-16, and VGG-19[19] were compared to machine learning techniques such as SVM, Random forest, and SGD for 
the identification of citrus plant diseases. 

 Colour, texture, and shape were used by [20] to identify diseases in plants. They discovered that the morphological 
outcome outperformed the other features. For feature extraction, two methods were discussed: the colour co-occurrence 
method and the use of H and B components to extract the colour of the leaves. The colour co-occurrence technique extracts 
a unique pattern for an image by taking colour and texture into account. The SGDM matrix was constructed to compute 
texture statistics, and the GLCM function was utilised to compute features. Leaf colour extraction may be used to identify 
a sick leaf's colour using the H and B components. The colour of a sick leaf is determined using an SOFM with a back 
propagation neural network. For the classification of diseases, backpropagation algorithms and Artificial Neural Networks 
(ANN) were investigated. The output of the ANN classification method is the weighted sum of the inputs after the neural 
network has been trained on the pictures in the training dataset. As a recurrent network, it uses a backpropagation neural 
network, and once the model has been trained, the weights are fixed and can be used for new queries.  

The feature extraction approach uses HOG feature descriptors such [21] texture features and colour histograms. Papaya 
leaf images totalling 160 were used as the training set for the random forest classifier, which achieved an accuracy rate of 
70.14%. Using an enhanced YOLOv4 model, a method for object detection [22] in a real-time context was suggested. To 
maximise the attained accuracy, changes were made to the present model. Under complicated orchard circumstances, 
verification techniques have been utilised for disease identification. It has been determined that pomegranate bacterial blight 
exists [23]. The picture was subjected to a grab-cut segmentation technique to distinguish between foreground and 
background. The backdrop and foreground of the image are separated by a rectangle. When you mask all of the background 
pixels, you separate them from the background. To determine which section is the background and which portion is the 
foreground, we consider the area outside the rectangle to be the background and the area within the rectangle to be the 
foreground. A colour distribution estimate is carried out using the Gaussian Mixture model, which assigns unknown pixels 
to the background or foreground depending on the degree to which they resemble the pixels that are immediately around 
them. Pomegranate edges were discovered using the Canny edge detection technique. To distinguish between pomegranates 
that are heavily contaminated and those that are not, the study also calculated the percentage of infection. 

This study [24] uses an image enhancement approach to improve the captured pictures. To reduce noise, a median filter 
was used for all images before they were converted into the L*A*B colour space and given colour negation. To extract 
feature information from the leaves, a grey-level co-occurrence matrix was used. Deep neural networks (DNNs) have been 
used to classify illnesses. This study [25] used R-CNN and multitask learning to detect and categorise grape leaf diseases. 
Multilevel features, evaluation of special attention, and channel-wise attention are used to generate high-level feature maps. 

 

Table 1: Comparative study of exiting work 

Article Architecture Number of Images Specie Accuracy (%) 

[25] Custom 1796 Maize 96.7 

[26] CaffeNet 4483 Multiple 96.3 

[27] VGG16Net 13,262 Tomato 97.29 

[28] Custom 61,486 Multiple 96.46 

[29] Custom 800 Cucumber 94.9 

[30] Custom 3500 Wheat 81.04 
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[31] GoogLeNet 3060 Maize 98.9 

[32] AlexNet 1450 Apple 97.3 

 

Table 1 summarises the studies of several researchers, comparing their architecture with the number of images used for 
training and species with their accuracy. 
 

3. Material & Methods 

Figure 5 shows the process for the identification, classification, and forecasting of plant diseases, which includes the 
following steps: 

 

Figure 5: Proposed model architecture 

 

3.1. Image Acquisition 

The initial stage in detecting plant diseases is picture collection, which includes employing a digital camera to capture 
a range of plant images, turning those images into a dataset, or creating an online-accessible dataset with data on plant 
diseases. One folder that functions as a class label for categorisation should include photographs of the same kind of 
sickness. I have taken into account seven plant species, totalling 30 class designations. 
3.2. Dataset 

We considered seven plant species that will all have diseased and healthy classes. All species make up a total of 30 
classes. In this dataset, all class labels make a sum of 53200 images. A tabular representation of the dataset is shown in 
Table 2. 

Table 2: Dataset description 

Species Diseased Healthy Total 
Apple 7204 2510 9714 

Chilly 275 90 365 

Corn 6821 2324 9145 

Cotton 1277 426 1703 

Grape 6912 2115 9027 

Potato 4848 2280 7128 

Total 13711 2407 16118 

  Total= 53200 

3.3. Image Preprocessing 
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        In this stage, before utilising any of the images for training or validation, they are all initially scaled to the same 
fixed image size of 256 × 256. The procedure consists of two steps: all of the images in the first section have their colour 
spaces transformed using the device-independent HSV colour space. The HSV colour space transformation model consists 
of three components: hue, saturation, and value. These three components are as follows: hue is a measurement of how well 
an observer can distinguish colour. It is calculated as the colour angle on the vertical axis. Saturation is the proportion of 
the colour’s purity or the quantity of white light combined with the colour. Its value ranges from 0 to 1. Pure colour has a 
value of 1, whereas completely impure colour has a value of 0. Value is a measure of the brightness or intensity of a colour. 
Its value ranges from 0 to 1. Value = 0 denotes the colour black, whereas value = 1 denotes the colour white. Masking the 
green pixels is the second step in the preprocessing module. Before utilizing any images for training or validation, all 
images are scaled to a fixed size of 256 × 256 pixels. The preprocessing procedure involved the following two steps: 
 

Step 1: HSV Color Space Transformation 

Initially, the images are transformed into a device-independent Hue, Saturation, Value (HSV) colour space. This 
transformation helps isolate colour information effectively. The HSV model consists of the following three components. 
 

1. Hue (𝑯) : 
Hue represents the type of colour perceived by an observer. It is mathematically defined as a color angle along the vertical 
axis in the range 0∘ ≤ 𝐻 ≤ 360∘. 

𝐻 = {0∘,  if max(𝑅, 𝐺, 𝐵) = min(𝑅, 𝐺, 𝐵)60∘ × ( 𝐺 − 𝐵max(𝑅, 𝐺, 𝐵) − min(𝑅, 𝐺, 𝐵)) +  Offset,  otherwise 
 

Where 𝑅, 𝐺, and 𝐵 are the red, green, and blue components of the image, and the offset depends on the sector of the hue 
calculation. 
 

2. Saturation (𝑺) : 
Saturation measures the purity of the colour or the amount of white light mixed with it. Its value is calculated as 𝑆 = max(𝑅, 𝐺, 𝐵) − min(𝑅, 𝐺, 𝐵)max(𝑅, 𝐺, 𝐵)  

where 𝑆 ∈ [0,1]. A value of 𝑆 = 1 represents a pure color, while 𝑆 = 0 indicates a completely impure (white) color. 
 

3. Value ( 𝑽 ): 
The value corresponds to the brightness or intensity of the colour. It is defined as: 𝑉 = max(𝑅, 𝐺, 𝐵) 

where 𝑉 ∈ [0,1]. A value of 𝑉 = 0 represents black, and 𝑉 = 1 represents white. 
 

Step 2: Masking Green Pixels 

To improve the disease detection accuracy, the green pixels of the leaf (assumed to represent healthy regions) are masked. 
This step involves identifying pixels with dominant green values and eliminating them to focus on areas of potential disease. 
The green mask is applied using the HSV space, where the range for the green hue is defined as 𝐻green ∈ [60∘, 180∘] 
The reason for this is that while it is assumed that the green portion of the leaf is healthy, the green pixels do not provide 
any additional information about the disease. To obtain better results, we must mask the green pixels to eliminate the green 
portion. The figure displays an example picture in the BGR, RGB, and HSV formats, as shown in Figure 6. 
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BGR Image       RGB Image      HSV Image 

Figure 6: The BGR, RGB, and HSV representations of images 

3.4. Image Segmentation 

        The process of distinguishing objects from the background of an image is referred to as image segmentation. 
Before masking all the green pixels, which do not provide any more information about the sickness, we utilised a threshold-
based approach to segregate the green and brown regions of the image. Figure 7 shows the segmented portion of the picture, 
with the leaf-free areas becoming dark. 
 

 

 

 

 

 

 

 

 

 

Figure 

7: 

Segmentation of leaf region 

3.5. Feature Extraction 

The basic technique for locating feature-related information, such as shape, size, colour, and texture information, is feature 

extraction. Feature-related information is very useful for computing the characteristics of an object or image. We can 

extract the image properties by stacking Hu moments, Haralick texture features, and colour histograms into a global feature 

vector. 

1. Hu Moments for Shape Features 

Hu moments are a set of seven invariant moments derived from image moments. These moments capture the shape 
characteristics of an object, which are invariant to scale, rotation, and translation. The general formula for image moments 
of order (𝑝 + 𝑞) is given by: 

  

  

RGB Image Segmented Image 
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𝑀𝑝𝑞 = ∑  𝑥 ∑  𝑦 𝑥𝑝𝑦𝑞𝐼(𝑥, 𝑦) 

where: 
• 𝐼(𝑥, 𝑦) is the pixel intensity at position (𝑥, 𝑦), 
• 𝑝, 𝑞 are the orders of moments. 

The central moments 𝜇𝑝𝑞, which are invariant to translation, are defined as: 𝜇𝑝𝑞 = ∑  𝑥 ∑  𝑦 (𝑥 − 𝑥‾)𝑝(𝑦 − 𝑦‾)𝑞𝐼(𝑥, 𝑦) 

where: 

• 𝑥‾ = 𝑀10𝑀00 and 𝑦‾ = 𝑀01𝑀00 are the centroid coordinates. 

From the central moments, Hu's seven invariant moments 𝜙𝑖 are calculated as non-linear combinations of the normalized 
central moments 𝜂𝑝𝑞 : 𝜂𝑝𝑞 = 𝜇𝑝𝑞𝜇00(1+(𝑝+𝑞)/2) 
Hu's seven moments are then computed as: 
Hu's seven moments are then computed as: 𝜙1 = 𝜂20 + 𝜂02,  𝜙2 = (𝜂20 − 𝜂02)2 + 4𝜂112 ,  ( and so on for 𝜙3, … , 𝜙7) 

2 Haralick Texture Features 

Texture features describe the spatial arrangement of pixel intensities. Haralick features are derived from the Gray-Level 
Co-occurrence Matrix (GLCM), 𝐺, which represents the frequency of pixel intensity pairs (𝑖, 𝑗) separated by a specific 
distance and angle. The GLCM is defined as: 𝐺(𝑖, 𝑗) = ∑  (𝑥,𝑦) {1  if 𝐼(𝑥, 𝑦) = 𝑖 and 𝐼(𝑥 + 𝑑𝑥 , 𝑦 + 𝑑𝑦) = 𝑗0  otherwise 

 

Common Haralick features are calculated from 𝐺 as follows: 
a. Energy (Angular Second Moment): 

 Energy = ∑  𝑖 ∑  𝑗 𝐺(𝑖, 𝑗)2 

b. Contrast: 

 Contrast = ∑  ↓ ∑  𝑗 (𝑖 − 𝑗)2𝐺(𝑖, 𝑗) 

c. Correlation: 

 Correlation = ∑  𝑖  ∑  𝑗   (𝑖 − 𝜇𝑖)(𝑗 − 𝜇𝑗)𝐺(𝑖, 𝑗)𝜎𝑖𝜎𝑗  

where 𝜇𝑖 , 𝜇𝑗 and 𝜎𝑖 , 𝜎𝑗 are the means and standard deviations of 𝐺 along 𝑖 - and 𝑗-axes. 
d. Homogeneity: 

 Homogeneity = ∑  𝑖 ∑  𝑗
𝐺(𝑖, 𝑗)1 + |𝑖 − 𝑗| 

 

3 Color Histograms 

Colour histograms describe the distribution of pixel intensities across colour channels. For an image, the histogram 𝐻(𝑘) 
of color intensity 𝑘 is defined as: 𝐻(𝑘) = ∑  𝑥 ∑  𝑦 𝛿(𝐼(𝑥, 𝑦) − 𝑘) 
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where: 
• 𝛿(𝐼(𝑥, 𝑦) − 𝑘) is the Kronecker delta, which is 1 when 𝐼(𝑥, 𝑦) = 𝑘, and 0 otherwise. 

 

The histograms for Red, Green, and Blue (𝐻𝑅 , 𝐻𝐺 , 𝐻𝐵) channels can be combined into a single feature vector: 𝐇 = [𝐻𝑅(𝑘), 𝐻𝐺(𝑘), 𝐻𝐵(𝑘)] for 𝑘 = 1, … , 𝑛 

 

Global Feature Vector 
The global feature vector 𝐅 is constructed by concatenating the features from all three methods: 𝐅 = [𝜙1, 𝜙2, … , 𝜙7, Haralick Features, 𝐻𝑅 , 𝐻𝐺 , 𝐻𝐵] 
This comprehensive representation ensures robust and diverse feature extraction for subsequent image analysis tasks. 
 

3.6. Global Feature Vectors 

Global feature vectors are a collection of data used to victories the entire picture. The form, colour, and texture of 
plant leaf features are the three aspects that we mainly focus on in this research. To create a single global feature vector for 
each picture, these three features were combined and superimposed. Haralick features are used to analyze textures, Hu 
moments are utilized as a shape descriptor, and color histograms are used to offer information on colors. These three feature 
descriptors all state the following: 
1. Hu Moments: From central moments, which have predetermined rotational axes and dimensions, Hu moments are 

formed. The size, translation, and orientation of six of the seven Hu moments are invariant, but the seventh is skew-
invariant, which means that the sign does not change for image reflection. Calculated Hu moments may be used to 
characterize the form of an image's objects. Hu moments are helpful if we want to compare the shapes of two objects 
to identify comparable objects in a picture. 

2. Haralick Texture Feature: The Haralick texture feature is a method for encoding texture data in a picture. The 
grey level co-occurrence matrix (GLCM) is used to determine the characteristics of the hard lick texture. The 
connection between adjacent pixels is represented by GLCM. This resembles an adjacency matrix. The GLCM matrix 
counts the occurrences of pairs of neighbouring pixels with similar values. For texture analysis, four GLCM matrices 
were created. All four GLCM matrices' haralick texture features are computed to create four feature vectors, each of 
which has 14 dimensions, although 13 dimensions are considered for computational stability. 

3. Colour Histogram: The colour histogram is a colour descriptor that shows an image's colour characteristics. It 
symbolises an even distribution of colours across a picture. It is a visual depiction of how many pixels fall within a 
certain colour spectrum.  

 

3.7. Image Classification 

Categorisation of the image into specific labels requires a classification procedure. We must train the classifier on our 
dataset to conduct the classification. Five classifiers were used to classify images into various categories, allowing us to 
assess how each model performs on the same dataset and improve our findings. The following is an explanation of the five 
classifiers.  

 

3.7.1 Support Vector Machine 

It is called a support vector machine in technical terms. It is a classification- and regression-supervised machine-
learning algorithm. It can handle both linear and nonlinear separable data points. It uses a kernel function for nonlinear 
data points to convert a low-dimensional feature space to a high-dimensional feature space. To determine the class of an 
item, a border between the two classes is drawn. Each side of the hyperplane has a line drawn parallel to it; this line-to-line 
distance is known as the margin. Support vectors are the locations on each side closest to the hyperplane. For categorising 
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cases, the maximum margin hyperplane was used. 
 

3.7.2 Logistic Regression 

The statistical approach for categorising categorical class variables is called logistic regression. Our aim is to predict 
and classify plant diseases into targeted classes. Because there are more than two classes in this situation, multiclass logistic 
regression is used instead of a standard logistic regression technique, which can only handle binary classification. To 
calculate the probability of the target class, for each class I, the multiclass logistic regression trains n binary classifiers for 
n target classes. The following is the logistic regression hypothesis. 

              0 ≤ ℎ𝜃(𝑥)  ≤ 1                   (1) 
                     𝑌 =  𝛽0 +  𝛽1𝑋                    (2) 

              ℎ𝜃(𝑥) = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑌)              (3)                 

              𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑌) =  11+ 𝑒−𝑌              (4)     

               ℎ𝜃(𝑥) =  11+𝑒−(𝛽0+ 𝛽1𝑋)             (5) 

3.7.3 K-Nearest Neighbor 

K-nearest neighbour is a supervised machine-learning technique that groups data points according to how similar they 
are. This presumes that linked things are located relatively close to one another. To calculate the similarity, the distance 
between the new data point and the data points in the training set was employed. The most comparable points are those 
that are at least K-minimum distances apart. Using the k training set data points with the greatest degree of similarity, it 
separates the new data point into k categories with the highest similarity. Classification tasks, such as determining the 
category to which a new data point belongs based on its similarities to prior data points in a labelled training set, are typical 
uses of KNN. The threshold at which a classification judgment must be made is set by the value of parameter K, which 
specifies the maximum number of neighbours to consider. Although lower values of K may be more accurate, they may 
also be more prone to overfitting the training data. Larger values of K will create smoother decision boundaries but may 
be less accurate for complicated classification tasks. Similar to other non-parametric methods, KNN does not presume 
anything about the underlying distribution of the data.   

 

3.7.4 Random Forest 
 Random forest is a machine-learning strategy that develops a powerful classifier out of several poor ones, improving 

the model's performance. The supervised machine learning technique Rough Forest uses both the training and validation 
labels of the dataset. With the help of the subsets of the supplied dataset, many decision trees were produced. The class of 
the instance was anticipated using a majority vote of the prediction classes that each decision tree had predicted. Random 
forest is its ability to process high-dimensional data and identify relevant characteristics, even if they are only weakly 
linked with the objective variable. In addition, it is more robust against overfitting than the standalone decision trees. The 
technique used to construct a random forest model chooses the characteristics at each node of the decision tree at random. 
This is because each tree is trained with its unique data, which decreases their mutual dependence and boosts the model's 
precision. 

 

3.3 Proposed Work 

In this work, machine learning methods such as Wasserstein GAN and CNN are employed. To create fresh data 

samples that are analogous to a given set of training data samples, researchers have turned to the Wasserstein GAN, a form 

of generative adversarial network. To do this, it trains two networks, a generator network and a discriminator network, so 

that the generator network creates examples that are difficult for the discriminator network to distinguish from the original 
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training samples. Convolutional neural networks (CNNs), on the other hand, are specific types of neural networks that are 

frequently employed for image categorisation. Several convolutional layers are used to extract features from the input 

image before being followed by fully connected layers that perform classification using the features. To augment the 

original training data, the proposed method employs a Wasserstein GAN to produce synthetic data samples, with a CNN 

serving as the classifier. The data samples created were added to the original training data to create a larger dataset for 

CNN classifier training. Samples of test data were used to determine how well this method works. 

 

3.3.1 Convolutional Layer 

There are several convolutional layers; thus, we must specify how many filters each layer needs. To execute convolutional 

processes, a filter simply goes across each N × N block in the picture using an N × N matrix with randomly generated 

numeric values. We utilised a 7 × 7 filter size in our model. Here is an illustration of how a convolution layer with a 3 × 3 

filter size and stride 2 works.  

 

Figure 8: Propsoed CNN architecture for crop classification  

 

Using image data and convolutional neural networks (also known as ConvNet), these artificial neural networks, which 
have numerous hidden layers, are frequently trained as shown in figure 8. The Convolution layer, ReLU layer, and pooling 
layer are the three layers that make up the hidden layer. The hidden layer count was calculated using an image as the input. 
The feedforward neural network accepts the hidden layer's output as an input in the form of a single feature vector after 
the hidden layer flattens its output as part of the feature extraction phase. The feedforward network generates the result. 
Figure 9 depicts the action of the CNN model. 

 

Figure 9: Convolutional layer operation  
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3.3.1 ReLU Layer 

The convolution process produces feature maps, which are subsequently loaded into the ReLU layer. The rectified feature 
map of the input picture was obtained by activating the convolution layer with the ReLU activation function. The ReLU 
layer changed every negative value to 0. The ReLU layer renders the network less linear. It performs the element-by-
element action illustrated in Fig. 10.  

 

Figure 10: ReLU layer operation in proposed work 

 

3.3.2 Pooling Layer 
The dimension of the image is reduced by the pooling layer, which follows the convolution and ReLU processes. Simply 
stated, this involves downsampling the image and performing a pooling procedure. The rectified feature map of the ReLU 
layer is scaled down. The "max pooling" method uses the total of all values in Figure 11 to replace each N x N cell. A 
technique that flattens two-dimensional feature maps into a single continuous feature vector of integers is used for these 
data. Our simulation used a pool with a stride pattern of 2 × 2. 

 

Figure 11: Pooling layer operation 

This paper discusses the application of deep convolutional network (CNN) models for the identification of leaf symptoms. 

This is because these models have been successful in machine vision applications. A typical CNN model requires a greater 

number of parameters, which results in a greater cost associated with running the model. By using depth-separable 

convolution in place of conventional convolution in this investigation, we were able to reduce the number of parameters 

as well as the overall processing cost. Within the context of this application, models were trained using a readily available 

dataset that included information on 38 disease categories and 14 plant species. 

 

3.3.3 Fully Connected Layer 
A flattened feature vector is supplied to the fully connected layer's artificial neural network, which then adjusts various 

weights throughout specified iterations. Epochs are used to describe the iterations. The results of categorisation are output 
by this layer. The class of a particular leaf was predicted using the softmax function. To accomplish the classification, the 
flattened vector was subjected to the softmax function. We utilise the Softmax function because we have many output 
labels. 

One definition of the Softmax Function is 𝜎(𝑧) =  𝑒𝑧𝑖∑ 𝑒𝑧𝑗𝑘𝑗 =1      𝑓𝑜𝑟 𝑖 = 1 … . 𝑘   (6) 

Where z = (𝑧1, … . , 𝑧𝑘) ∈  𝑅𝑘              (7) 
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We directly utilise the CNN classifier to extract features from the enlarged dataset that serves as its input. An end-to-end 

learning training procedure was used to describe this approach. The WGAN produces a dataset that is identical in size and 

form to the dataset it was fed as input. The original and generated data were combined to create the fusion dataset, which 

was then fed into the CNN classifier. The merged dataset is reduced in size owing to feature extraction from the convolution 

kernel and feature dimension from the pooling layer. An activation function was then used to classify the completely linked 

layer. Finally, the results for each class grade were used to establish the ultimate categorisation scenario. 𝑦𝑖 = 𝑒𝑎𝑖∑𝑖=1𝐶  𝑒𝑎𝑘.                 (8) 

3.3.4 Wasserstein Distance Functions 

In this equation, the Wasserstein distance is given by (8). The generator's and discriminator's respective loss functions are 

given by Eqs.(9) and (10). 𝐿(𝐺) = −𝐸𝑥∼𝑃𝜃[𝐷(𝑥)],                                   (9)𝐿(𝐷) = −𝐸𝑥∼𝑃𝑟[𝐷(𝑥)] + 𝐸𝑥∼𝑃𝜃[𝐷(𝑥)],    (10) 

Where D(x) denotes the output of the discriminator and 𝑃𝑟  and 𝑃𝜃  denotes the distribution of the original data and the 

distribution of the created data, respectively. 

During the WGAN optimisation process, the interaction between the weight constraint and cost function may cause 

the gradient to vanish or grow. The fundamental culprit is the WGAN gradient truncation process. Gradient truncation 

leads to a decrease in the model's capacity and the discriminating network's propensity to become a binary network [37].  

The loss function of the discriminator when a gradient penalty is used instead of gradient clipping is expressed as follows: 

where [∥∥∇𝑥𝐷(𝑥)∥∥𝑝 − 1]2
 𝜆 is the gradient penalty weight parameter and where is the gradient penalty. 

Because this issue falls under the category of multi-classification, the cross-entropy loss is used as the CNN classifier's 

loss function. The true label for sample point(𝑥, 𝑦), 𝑦. The value in a multiclass problem can only be a label set. Assume 

there are 𝐾 label values and the probability that the 𝑖𝑡ℎ the sample is predicted as the 𝑘th label value is 𝑃𝑖,𝑘, i.e. 𝑃𝑖,𝑘 =𝑃𝑟(𝑡𝑖,𝑘 = 1). has a total of 𝑁 samples, and the model's loss function is written as follows: 𝐿log(𝑌, 𝑃) = −log Pr (𝑌 ∣ 𝑃) = − 1𝑁 ∑  𝑁−1𝑖=0 ∑  𝐾−1𝑘=0 𝑦𝑖,𝑘log 𝑝𝑖,𝑘   (11) 

3.3.5 WG-CNN Optimizer 

The WGAN model is optimised through the RMSProp approach, also known as the Root Mean Square Prop. The RMSProp 

approach employs the differential squared weighted average for the gradient of the weight W and offset b. The issue of the 

significant swing amplitude of the loss function during the update method must be addressed further. and the pace of 

convergence of the function must be accelerated. In the 𝑡𝑡ℎ iteration, the formula is (12) 𝑠𝑑𝜔  = 𝛽𝑠𝑑𝜔 + (1 − 𝛽)d𝑊2,𝑠𝑑𝑏  = 𝛽𝑠𝑑𝑏 + (1 − 𝛽)d𝑏2,𝑊  = 𝑊 − 𝛼 d𝑊√𝑠d𝜔+𝜀 ,𝑏  = 𝑏 − 𝛼 d𝑏√𝑠d𝑏+𝜀 ,       (12) 

Where 𝑆𝑑𝑤 and 𝑆d𝑏  are the gradient momentums accumulated by the loss function in the preceding t-1 round iteration, 𝛽 is an indicator of gradient accumulation, and is the network's learning rate. Unlike other optimisations, the RMSProp 

method computes the gradient differential squared weighted average. Using this method, which is helpful for swing 

amplitude correction, the swing amplitude of each dimension is decreased. However, the network function converges more 

rapidly. 

The CNN model is optimised using the stochastic gradient descent technique (SGD), which adjusts the gradient and 

updates the weight from the previous iteration together with the weights for the network model. The entire process can be 
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shown by (13). 𝑉𝑡+1  = 𝜇𝑉𝑡 + 𝛼∇𝐿(𝑊𝑡),𝑊𝑡+1  = 𝑊𝑡 − 𝑉𝑡+1,          (13) 𝑊𝑡+1  is the network weight after the 𝑡 + 1𝑡ℎ  iteration, and 𝑉𝑡+1  is the network weight's update amount in the 𝑡 +1th iteration. 

All the layers in the network typically have a gradient and non-linear activation units associated with them, and in the 

convolution layers, there may be a normalising layer and a pooling layer. It begins with a series of five convolution layers, 

then moves on to three fully linked layers, and finishes with a softmax layer. Each of the first two convolution layers 

(conv1, 2) is followed by normalisation and a pooling layer, whereas the last convolution layer (conv5) is followed by a 

single pooling layer. Our modified version of the softmax layer receives input from the fc8 layer, which has 38 outputs 

(one for each class in our dataset). Finally, the input from (fc8) is exponentially normalised by the softmax layer, yielding 

a distribution of values over all 38 classes. These numbers reflect the degree to which the network agrees that a certain 

class accurately describes an input image. While the first two fully connected levels (fc6, 7) each have a dropout layer with 

a dropout ratio of 0.5, the first seven layers each have an ReLu nonlinearity activation unit. 

We used a convolutional neural network (CNN) with cross-entropy (CE) loss in this investigation. This loss 

penalises the predicted probability corresponding to a ground truth class while ignoring the interclass connection. The CNN 
models AlexNet, ResNet50, and EfficientNet-b1 were initialised using their own architectures and pre-trained weights from 
ImageNet. An effective strategy for using pre-trained models is to first train a model on a fake task using extensive picture 
datasets. This allows the model to acquire general image characteristics that can then be readily applied and refined for 
new characterisation tasks. Transfer learning is used to leverage the information already acquired by pre-trained models 
for rice categorisation. A portion of this code immobilises the first layers to preserve the acquired characteristics after 
regenerating them using the rice dataset for a few further levels. This approach enables the efficient execution of training 
even with a limited amount of data. Model optimisation was achieved by adjusting the hyperparameters. The factors 
considered were the learning rate, batch size, optimiser selection, regularisation methodology, and number of training 
epochs. Random search approaches were used to tweak the hyperparameter grid optimisation. 

The models were trained using the prepared dataset and optimised hyperparameters. The training process involved 
feeding batches of training images into the models, computing the cross-entropy loss, and updating the model weights 
through backpropagation and gradient descent optimisation. The dataset we used was preprocessed with rice grains, as 
highlighted in the image, and the background was black. The total number of data points was 75000, with 15000 data points 
belonging to each class. The dataset was divided into three parts.  

i. Training: 62000 with 12400 belonging to each class. 
ii. Validation: 5000, with 1000 belonging to each class. 
iii. Testing: 8000, with 1600 belonging to each class. 
 

For performance evaluation of the three CNN models, they were used to train the data for running 20 epochs using a 
learning rate of 1e-5 and their respective number of parameters. Because the parameters for the employed models are 
different from each other, in this context, the first model, AlexNet, is employed which contains 62.3 million parameters 
and is also known as a simple convolutional neural-based backbone model. Feature extraction of the task was performed 
using this model after each layer.  The obtained features were then flattened for further classification. This is one way in 
which the training and testing accuracies can be obtained., ResNet50, which has 23 million parameters, was used for the 
same node. This model has a residual-based backbone that considers the residues and ensures that the layers of the model 
do not hinder the performance of each other. In other words, it does not have any features that reduce the performance of 
the previous layer, even if it has a very deep network. Finally, the EfficientNet-b1 variant, which has 7.8 million parameters, 
was used. This model considers vertical, horizontal, and other features, as well as the final prediction.  



20 

After training all models with the same hyperparameters and number of epochs on the same setting of training 
data, a comparative study of all three CNN variants was performed. Despite the many differences in the number of 
parameters, the premise of this study was to establish that architecture, feature extraction, and generalisation play a more 
important role than the number of parameters. Even with 7.8 million parameters, EfficientNet-b1 performs well owing to 
its better feature extraction technique. From these results, it can be inferred that, even with a smaller number of parameters, 
it is possible to match the performed models with better feature extraction techniques and better and lighter 
architectures. From the results, it can be concluded that EfficientNet-b1 can be considered the model in which the best 
trade-off between complexity and performance is found. Even with a small number of parameters, it outperformed the 
AlexNet model and matched the performance of ResNet50. 

Another point to be highlighted in the paper is that EfficientNet-b1 is considered the best model because the entire 
dataset images used are of rice grains with different qualities; hence, it is quite difficult to classify the types of rice through 
manual processes. With the pre-processed images, the need for a proper CNN model has been identified by considering the 
proper dimensions and angles of every rice image dataset to properly classify them, as the images are very close to each 
other. The model calledinentNet-aved the way and also performed were of the bond in terms of extraction of the 
horizontawasy features. Convolutionally, a final feature extraction process and a final classification process were 
performed. A model with a smaller number of parameters performs well in the feature extraction processes. 
 

Convolutional Layer as  (𝐼 ∗ 𝐹)(𝑖, 𝑗) = ∑  𝑚 ∑  𝑛 𝐼(𝑖 − 𝑚, 𝑗 − 𝑛) ⋅ 𝐹(𝑚, 𝑛)  (1) 
where 𝑖, 𝑗 are the spatial dimensions of the output feature map, and 𝑚, 𝑛 are the dimensions of the filter. Rectified Linear 
Unit (ReLU) is defined as ReLU (𝑥) = max(0, 𝑥)     (2) 
Then, Max pooling, a common pooling operation, is defined as MaxPooling (𝐼)(𝑖, 𝑗) = max𝑎∈𝑊𝑖,𝑗  𝑎     (3) 
where 𝑊𝑖,𝑗 is the window of inputs covered by the pooling operation at position (𝑖, 𝑗). 
The hybrid model combines the features from AlexNet, ResNet50, and EfficientNet-b1. Let 𝐹AlexNet,  𝐹ResNet50, and 𝐹EfficientNet-b1  represent the feature extraction functions of the respective models. The combined feature vector 𝐹combined  can be represented as: 𝐹combined =  Concatenate (𝐹AlexNet (𝐼), 𝐹ResNet50 (𝐼), 𝐹EfficientNet-61 (𝐼))   (4)  

where 𝐼 is the input image, and Concatenate is the operation that merges the feature vectors from each model. After feature 
combination, fully connected (FC) layers were used for classification. The output of the FC layer is FC(𝑥) = 𝑊𝑥 + 𝑏      (5) 
where 𝑥 is the input vector to the FC layer, 𝑊 is the weight matrix, and 𝑏 is the bias vector. The final output layer, 
typically a softmax layer for multiclass classification, computes the probability distribution over classes as follows: Softmax (𝑧𝑖) = 𝑒𝑧𝑖∑𝑘  𝑒𝑥𝑘      (6) 

where 𝑧𝑖 is the input to the softmax function for class 𝑖, and 𝑘 is the total number of classes. The model is trained by 
optimising a loss function, commonly the cross-entropy loss for classification, which is defined as Cross-Entropy (𝑦, 𝑦̂) = −∑𝑖  𝑦𝑖log (𝑦̂𝑖)   (7) 
where 𝑦 is the true label in one-hot encoding, and 𝑦̂ is the predicted probability distribution from the softmax layer. 

When the complexity of the three models is considered, the number of model parameters strictly decreases. The 
number of parameters in ResNet50 was three times lower than that in AlexNet, and in the case of EfficientNet-b1, it was 
approximately. two and a half times less than that of ResNet50 and five times smaller than that of AlexNet. The performance 
of the models was comparatively closer, but the complexity was higher for the other two models. Although there is a vast 
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difference between the number of parameters, the performance obtained is considered to be the best in the case of the 
EfficientNet-b1 model owing to its low complexity. In addition, this model can be run easily on a CPU rather than using 
HPC, such as TPU’s and GPUs, to classify them. Therefore, this is the performance of the models used. 
 

The impact of hybridization 

The present study proposes a CNN model that is a hybrid of AlexNet, ResNet50, and EfficientNet-b1, with the intention 
of merging the strengths of each network into a single network. The fundamental idea behind this is to consolidate the 
characteristics of several designs to enhance the accuracy of the classification and resilience of the structure. The structure, 
data flow, and optimisation strategies used in the construction of the hybrid model are discussed in the next section. The 
pictures taken by the input layer were 224 × 224 pixels, and they had three colour channels that represented RGB. It is 
essential to prepare the data to improve the generalisability of the model. The normalisation of pixel values on a common 
scale and additional enhanced data, which may be obtained by rotation, flipping, zooming, or cropping, are included. 
Overfitting can be avoided by augmenting the data, which is particularly important when considering the small variance 
between the types in the dataset. 
Each input image 𝑋 with dimensions 𝐻 × 𝑊 × 𝐶 (Height, Width, Channels) is normalized to pixel values in the range [0,1]. Let the normalized input image be 𝑋′ = 𝑋255 

We also apply data augmentation 𝐴(𝑋) to increase generalization: 𝑋aug = 𝐴(𝑋′) 

This augmented image 𝑋aug  is the input to all three CNN models. 
AlexNet, ResNet50, and EfficientNet-b1 are three parallel CNN architectures that feed pictures created from the beginning. 
The inputs are processed individually by each model, which then extracts distinctive characteristics relevant to 
categorisation. 
The AlexNet algorithm was chosen for this project because it is a straightforward and effective method for extracting 
fundamental characteristics, such as edges and textures. The spatial dimensions were downsampled using max-pooling, 
which was interspersed across the five convolutional layers constituting this structure. This form of architecture was used 
to apply filters to identify low-level patterns within the photographs, such as colour gradients and edges, which are crucial 
characteristics for distinguishing between many types of rice. 
 

The convolutional operation in AlexNet can be expressed as 𝐹Alex = 𝜎(𝑊Alex ∗ 𝑋aug + 𝑏Alex ) 

where ∗ denotes convolution, 𝑊Alex  is the filter weight matrix, 𝑏Alex  is the bias, and 𝜎 is the ReLU activation function: 𝜎(𝑧) = max(0, 𝑧) 

It is now time for feature maps to undergo the process of flattening their vectors and going through completely linked layers 
with ReLU activation. To avoid overfitting, a dropout layer is used, which involves random deactivation of neurones 
throughout the training process. It is expected that the output of AlexNet will be a feature vector that represents fundamental 
picture features. The issue of vanishing gradients, which is often associated with deep neural networks, was addressed by 
ResNet50 using residual connections. Because of these connections, the network can skip layers, which makes the gradient 
flow during the backpropagation process easier to manage. This makes it possible to train extremely deep designs. Twenty-
five layers comprised the ResNet50 architecture, with each layer comprising a significant number of convolutional layers, 
which were then followed by batch normalisation and ReLU activation in the residual blocks. The use of residual 
connections by ResNet results in an improved gradient flow. A residual block is responsible for 𝐹Res = 𝜎(𝑊1 ∗ 𝑋aug + 𝑏1) + 𝑋aug 
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During the backpropagation process, the skip connection guarantees that the gradient flow is adequately maintained, which 
prevents vanishing gradients from occurring.  However, because it can capture high-level and sophisticated traits such as 
form and detailed patterns, it is a great option for the categorisation of rice varieties that are visually similar to one another. 
In addition to performing global average pooling, ResNet50 constructs a feature vector that comprises deep learned patterns 
from the pictures. Compound scaling is used in EfficientNet-b1, which aims to maintain equilibrium between depth, width, 
and resolution to achieve the highest possible performance, while simultaneously reducing the amount of processing 
resources required. This design uses depth-wise separable convolutions to significantly reduce the number of parameters 
while maintaining the same level of performance. These Squeeze-and-Excitation (SE) blocks were responsible for the 
recalibration of channel-wise feature responses. This allows the network to concentrate more on the portions of the picture 
that are the most significant. In EfficientNet-b1, SE blocks and depth-wise separable convolutions are used in the learning 
process. Iterative Convolution with Depth. 𝐹Eff = 𝜎(𝑊𝑑 ∗ 𝑋aug + 𝑏𝑑) 

where 𝑊𝑑 is the depthwise filter. The SE block scales the feature channels as follows: 𝐹Eff,SE = 𝐹Eff ⋅ 𝜎(𝑊SE𝐹Eff + 𝑏SE) 

Consequently, the model's emphasis on essential characteristics was further highlighted. 
Therefore, it is particularly suitable for extracting fine-grained characteristics from complicated datasets, such as 

distinguishing between rice types with only slight visual changes. To build a compact feature vector, the feature map of 
EfficientNet-b1 is transferred to global average pooling, which then constructs the feature vector. Concatenation is then 
performed on the vectors obtained by AlexNet, ResNet50, and EfficientNet-b1 to create a single universal vector. Therefore, 
the significance of a feature concatenation layer lies at the core of merging all three designs for general strengths. These 
architectures include AlexNet, which provides fundamental texture information; ResNet50, which provides complicated 
patterns and forms; and EfficientNet-b1, which provides fine-grained optimised features. 
In order to create a unified feature vector, the output feature vectors  𝐹concat:  from the three different models are 
concatenated together  𝐹concat = [𝐹Alex , 𝐹Res, 𝐹Eff,SE] 
This vector combines both low- and high-level characteristics to obtain a more accurate categorisation. 
The concatenated vector encodes both high- and low-level characteristics; as a result, it enhances the capability of the 
model to accurately identify the five different types of rice included in the dataset. Because of this integration, all the 
designs are able to mix together and play the strengths of the three, which ultimately results in a performance that is superior 
to that shown by the separate models. Subsequently, the concatenated feature vector is transmitted across layers that are 
completely linked. The ReLU activations included in each of these are responsible for modifying the feature combinations 
to extract meaningful representations. The use of a dropout layer with a dropout rate of 0.5 helps the model generalise to 
data that it has not seen before and avoids overfitting. Subsequently, it passes the concatenated feature vector through a 
layer that is completely linked. 𝑧 = 𝑊fc𝐹concat + 𝑏fc 

where 𝑊fc and 𝑏fc are the weights and biases of the fully connected layer. The final output was computed using the 
softmax function: 𝑦̂𝑖 = exp (𝑧𝑖)∑  𝑛𝑗=1  exp (𝑧𝑗) 

where 𝑦̂𝑖 is the predicted probability for class 𝑖 and 𝑛 is the total number of classes. 
The softmax method was used in the output layer to provide the probability for each of the five rice classifications. In 
multiclass classification, the softmax function guarantees that the probabilities for each rice-type class amount to one. To 
tune the hybrid CNN model, the Nadam optimiser, an adaptive learning rate algorithm that integrates RMSprop and 
momentum-based gradient descent, was used. A learning rate of 1e-5 was used for this purpose in conjunction with 
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categorical cross-entropy loss. This was implemented because it represents the most suitable solution for multiclass 
classification. Subsequently, the model underwent training for a total of 20 epochs with a batch size of thirty-two, aiming 
to attain a balance between convergence speed and model stability. Moreover, L2 weight regularisation can mitigate 
overfitting by imposing penalties on excessively large weights. Additionally, to enhance the generalisation capability of 
the model, data augmentation techniques such as CutMix and Mixup are used. This procedure was performed to achieve 
the intended outcomes.  The performance of the hybrid model was assessed using many metrics, including accuracy, 
precision, recall, and F1-score. It was designed to comprehend the errors produced by the model and evaluate its strengths 
and limits. Confusion matrices were then generated. In this matrix, a more precise categorisation outcome relative to the 
individual models may be observed for minor variations in rice types. 
A categorical cross-entropy loss function was used for the model training. 

𝐿 = − ∑  𝑛
𝑖=1 𝑦𝑖log (𝑦̂𝑖) 

where 𝑦𝑖  is the true label (one-hot encoded) and 𝑦̂𝑖 is the predicted probability for class 𝑖. 
The Nadam optimizer updates the model's parameters 𝜃 using the gradients of the loss function: 𝜃𝑡+1 = 𝜃𝑡 − 𝜂 𝑚𝑡√𝑣𝑡 + 𝜖 

where 𝜂 is the learning rate, 𝑚𝑡 and 𝑣𝑡 are the first and second moment estimates, and 𝜖 is a small constant to prevent 
division by zero. 
To prevent overfitting, L2 regularisation was applied to the following weights: 𝐿total = 𝐿 + 𝜆 ∑  𝑘 ∥∥𝑊𝑘∥∥22 

where 𝜆 is the regularization coefficient and 𝑊𝑘 are the model weights. 
Additionally, dropout is applied with a probability 𝑝 to deactivate neurons during training: 

𝐹drop (𝑥) = {0  with probability 𝑝𝑥1 − 𝑝  otherwise 
 

According to the results, the hybrid model outperformed all separate CNN architectures tested. It demonstrates much 
greater accuracy while generally providing a superior model with fewer false positives and negatives, resulting in an 
improvement in the overall performance of the job. The merging of complementary strengths from AlexNet, ResNet50, 
and EfficientNet-b1 allowed the maintenance of state-of-the-art performance in rice categorisation tasks. 

1. The combination of the simplicity of AlexNet, residual learning from ResNet50, and the compound scaling 
approach from EfficientNet-b1 resulted in superior accuracy compared to any individual model used in isolation. 
This hybrid methodology allowed us to capture both the aerial landscape and individual trees more effectively. 

2. Increased generalisation: Because machine learning contributes to half of the issue solutions, it exhibits superior 
generalisation to unfamiliar data. The implementation of a hybrid model enables the effective use of many 
architectures that can acquire knowledge from a wider range of characteristics, thereby enhancing the 
generalisation ability of diverse datasets. 

3. The models exhibited enhanced efficiency in feature extraction by collectively addressing distinct tasks and 
assigning varying degrees of importance to each other. For instance, ResNet50 was designed to prioritise the 
screening of deeper features, whereas EfficientNet-b1 was specifically designed to handle well scales ranging 
from 150 to 600. This resulted in improved classification outcomes. 
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4. One tradeoff between hybrid models is their high computational cost. To address this, we used EfficientNet-b1 as 
a lightweight base architecture to reduce the computational footprint. This compromise between computational 
efficiency and model performance is feasible. 

We contend that the performance of the CNN can be improved by using a more effective loss function. On the other 

hand, to ascertain the degree of separation that exists between two distributions, a well-known statistic called the 

Wasserstein distance (WD) is applied. Direct solutions to the WD issue require an excessive amount of time to implement, 

whereas iterative techniques can save money but have several problems, including computational instability and difficulties 

in parameter selection. In this study, we demonstrate that the WD problem has a closed-form solution, which we refer to 

as the "Hierarchical Wasserstein CNN," when two distributions are present in a data field that is arranged hierarchically. 

Using this framework, we can construct unique loss functions that solve the concerns present in the current widespread 

approaches to loss. The multi-CNN information fusion that we carried out specifically for this purpose forms the basis of 

our approach for the construction of category hierarchies. A binary tree is often used when there is a need to demonstrate 

the semantic links that exist between different classes. The next step is to train a hierarchical Wasserstein Convolutional 

Neural Network (HW-CNN), which is a variant of CNN that uses HWD as its loss function. This allows the acquisition of 

rich feature data. We have used HWD-CNN-based loss for a given image 𝐼 belonging to the 𝑘th class, the HWD-CNN 

loss is defined as ℒHWD−CNN(𝜔; 𝐼) = ∑  C∈ℱ [∑  𝑖∈ℒC   (𝑝𝑖 − 𝑝𝑖′)]2𝑒C       (14) 

where 𝑝𝑖′ = {1,  if 𝑖 = 𝑘0,  otherwise.  

 Now the hybrid loss uses HWD-CNN computational values are normalized as  ℒhybrid (𝜔; 𝐼) = −log 𝑝𝑘 + 𝜆 ∑  C∈𝒴 [∑  𝑖∈ℒC   (𝑝𝑖 − 𝑝𝑖′)]2𝑒C     (15) 

where 𝜆 ∈ ℝ+is the parameter value.  

 

4. Result & Analysis  

The previous section dealt with the research methodology used to identify plant diseases based on the symptoms that 
appeared on the leaf surface. The methodology explains the various steps for extracting useful features for disease 
identification and classification models.  

 

4.1. Implementation Tool Used 

The research methodology was implemented using Python. A 10-fold cross-validation technique was used to evaluate 
the accuracy of all machine learning models. 

 

4.2. Result Analysis 

        The results of the implementation are described in this section. We conducted an experiment using 53200 image 
from our collection, which covers the most prevalent bacterial, viral, and fungal infections. First, a 256 × 256 fixed size 
was applied to each picture. SVM, Logistic Regression, Random Forest, KNN, and CNN, a deep learning technique, were 
the four machine learning methods we used for classification. For the Machine learning classification operation, we first 
applied the HSV colour transformation model to convert all images to the HSV format. We masked all green-value pixels 
using a particular threshold value and removed the background from the images. Figure 7 shows the HSV colour 
transformation of the sample image. We applied a global feature descriptor to extract features from the images for 
classification. Then, we performed classification using SVM, Logistic Regression, Random forest, and KNN.  
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We trained the proposed model on the same dataset's 53200 image, which included 30 classes. Our model has 11,206,302 
parameters, of which 11,196,702 are trainable and 9600 are not. Our model had a 97.34% accuracy rate after 60 training 
epochs. The number of epochs increases the training and validation accuracy while decreasing the training and validation 
loss. The training and validation accuracy curves are shown in Figure 12. Figure 13 depicts a graph of the training and 
validation losses. 

 

Figure 12: The suggested Work's training and validation accuracy graph 

 

Figure 13: The suggested Work's training and validation loss graph 

 

The classification accuracy of all four machine learning models was determined using a 10-fold cross-validation technique. 
Table 3 and Figure 14 show the accuracies of all five classification models. 
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Figure 14: Confusion matrix for the EfficientNet-b1 model, visualizing the true versus predicted labels for each class 

 

The confusion matrix for the EfficientNet-b1 model is shown in Figure 14, revealing the machine learning model's 
classification performance across the five classes of the dataset: Ipsala, Jasmine, Basmati, Karacadag, and Arborio. The 
entries represent the counts of true labels by predicted labels where true labels are the rows and predicted labels are the 

columns. High values for all classes are given as labelled in the format of diagonal entries which tell correct classifications 
reducing the Error. Non-diagonal entries indicates misclassification, that are insignificant. As an example: Ipsala class: 21, 
Karacadag class: 29 This visualization highlights the great performance of the model, as it correctly classifies all images, 
with very few errors. 

Table 3: Accuracy achieved by all models 

Models Accuracy(%) 
CNN[14] 97.34 

RF[15] 96.91 

KNN[16] 84.01 

SVM[17] 74.75 

LR[18] 72.18 

Proposed Model 99.19 

 

In the table 3 various ML models accuracy are compared for plant disease classification. While the Proposed Model shows 
superior performance in terms of accuracy achieving the highest accuracy of 99.19% among existing models. The CNN 
model is second at 97.34%, and Random Forest (RF) at 96.91%. The accuracy of K-Nearest Neighbor (KNN) shows a 
sizable decline in performance at 84.01% and even lower performanceS with Support Vector Machine (SVM) at 74.75%. 
The accuracy of Logistic regression (LR) is 72.18%, which gives lowest accuracy. The results underlined that the proposed 
model outperformed all other models, yielding approximately 1.85% greater performance than CNN and 26.01% 
performance than LR, which proved that the proposed model can be fully use. 
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Figure 14: Comparative Analysis of Exiting Model concerning their accuracy 

 

We first done a prediction on 5 images of five categories of plant leaves, namely chilly leaf spot, corn common rust, cotton 
bacterial blight, cotton leaf curl virus, and a healthy leaf image of potatoes. The predicted result shows the output label of 
the leaf and the category of the leaf to which the leaf belongs, such as bacterial, fungal, or viral. These are the output of the 
predictions of five images. Table 4 shows the predicted results of the five types of leaf images.  

 

Table 4:  Experiment results for predication of Disease identified on the dataset 
Image Disease Identified  Predictions 

 

Chilly_leaf spot  Fungal 

 

Corn_Common_rust  Fungal 

 

Cotton_bacterial_blight  Bacterial 

 

Cotton_curl_virus  Viral 

 

Potato_healty  Healthy 

We also performed predictions on 50 plant images using our CNN model. Table 5 shows the results of our predictions. 
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Table 5:  Prediction results of 50 images of plant leaves 

Disease Names Number of 
Images 

Correctly 

Classified 

Incorrectly 

Classified 

Category 

Apple Cedar Rust 4 4 0 Fungal 
Apple Scab 3 2 1 Fungal 
Chilly Leaf Spot 5 3 2 Fungal 
Corn Common Rust 3 3 0 Fungal 
Chilly Whitefly 4 2 2 Viral 
Cotton Healthy 4 4 0 Healthy 

Cotton Leaf Blight 4 4 0 Bacterial 
Potato Early Blight 5 5 0 Fungal 
Potato Healthy 2 2 0 Healthy 

Tomato Early Blight 6 4 2 Fungal 
Tomato Healthy 4 4 0 Healthy 

Tomato Yellow Leaf Curl 6 6 0 Viral 
A comparison was made between the results of the proposed model and those of existing models. It has been shown 

that the proposed model (Wasserstein GAN and CNN) outperforms state-of-the-art models with a remarkable accuracy of 
99.19%.  

Table 6: Classification of Test images using the proposed method 

   

cherry (Infected) Apple (Healthy) Grape(Healthy) cherry(Healthy) 

    

maize(Healthy) Corn(Infected) soybean(Healthy) potato(Infected) 
Table 6 shows the test results for the different planet leave classifications.  

 

Table 7: Comparative analysis of existing method with proposed work. 

Author Method Accuracy 

[18] Fast Enhanced Learning Method +KNN 90% 
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[19] K-mean clustering + GLCM + SVM 89.8% 

[20]  Based on univariate statistical features test + SVM 99% 

Proposed Model Wasserstein GAN and CNN 99.19% 

Table 7 summarises the comparisons between the proposed model (Wasserstein GAN and CNN) and the methods 

described in [18], [19], and [20]. In contrast to conventional approaches, the proposed method yields more accuracy. It is 

clear from Table 7 that there have been improvements made when the proposed model is utilised, further demonstrating 

the strength of the model as it compares against several popular methods used for classification purposes in related studies. 

The approach presented in [18] uses a fast enhanced learning method with a K-nearest neighbour (KNN) classifier, 

achieving an accuracy of 90%.  KNN is a simple yet powerful algorithm used for classification based on data point 

similarity. Its performance is highly dependent on the quality of the features extracted, although it works well on smaller 

datasets; training on larger datasets is often computationally intensive. The method presented in [19] combines K-mean 

clustering for segmentation, grey-level co-occurrence matrix (GLCM) for texture feature extraction, and a Support Vector 

Machine (SVM) for classification with a performance of 89.8%. It relies on a combination of clustering and texture-based 

feature extraction, but suffers owing to the linear separability characteristic of SVM in complex datasets and the manual 

tuning required for optimal clustering. 

Kummar et al. [20] selected a subset of relevant features using univariate statistical feature tests and applied SVM for 

classification. The formulated method resulted in an accuracy of up to 99%, showing that a reasonable combination of 

good feature selection and classifier can lead to a significant performance improvement. The proposed WGAN and CNN 

models outperformed these methods, attaining 99.19% accuracy. WGAN provides high-quality synthetic data that 

alleviates data imbalance problems and improves robustness. The CNN learns to extract hierarchical features from images 

and applies classification. Generative Modelling-Based Deep Learning: It provides better generalisation and accuracy than 

classical approaches by combining the strengths of generative modelling and DL. The findings show that the proposed 

model achieves a better performance than previous methods, particularly when dealing with complex datasets and 

obtaining high precision in classification tasks.  

 

5. Conclusion  

Using deep learning and specifically CNNs for plant disease identification is a promising approach that could potentially 
help farmers detect diseases early and take appropriate measures to prevent damage to their crops. Replacing standard 
convolution with depth-separable convolution is a good idea because it can reduce the number of parameters and 
computation cost, which can be beneficial for training and inference speed. Additionally, using an open dataset with a 
variety of plant species and disease classes can help ensure that the models are robust and generalise well to different 
scenarios. This adjustment decreases the dependence of the model on a large number of factors and its computational 
burden. To train their model, we used information from a dataset that included 38 disease categories and 14 plant species. 
To estimate the likelihood of leaf illness, they employed a convolutional neural network (CNN) with a Wasserstein Distance 
(WD) for cross-entropy (CE) loss. This method improves the model's performance across a wide range of parameters by 
allowing the model to efficiently construct an appropriate loss function. The model was trained using an HW-CNN, which 
is a hierarchical Wasserstein convolutional neural network. An HWD loss function was used in the HW-CNN, which is a 
version of the standard CNN. According to the findings, the new method outperforms prior methods with an accuracy of 
99.19%. Deep learning techniques may be used to detect and categorise agricultural illnesses, which is especially important 
in poor nations, where it can have a major influence on crop productivity and food security if caught early. To assist farmers 
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in taking the required steps to minimise crop loss and boost productivity, the suggested method provides a more efficient 
and accurate way to diagnose leaf diseases. 
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