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Abstract 

 Plant diseases cause various pathogens, including bacteria, viruses, fungi, 

and protozoa. Plant diseases and pathogens have an impact on the entire 

crop and field area. Plant diseases can be identified by various techniques; 

however, traditional techniques are time-consuming and require more effort. 

Up-to-date machine learning based approaches are used to identify plant 

diseases based on the image data. This study investigated the application of 

convolutional neural network (CNN) models for the detection and 

classification of diseases affecting green leafy vegetables. Several state-of-

the-art CNN architectures, including InceptionV3 and DenseNet121, were 

evaluated on an image dataset of diseased and healthy leaf samples. 

Preprocessing techniques such as scaling, cropping, grayscale conversion, 

and normalization were applied to enhance the input images. The CNN 

models demonstrated high diagnostic accuracy, with InceptionV3 and 

DenseNet121 exhibiting exceptional performance across multiple metrics 

like sensitivity, specificity, accuracy, recall, F-measure, and Matthews 

correlation coefficient (MCC). 
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1. Introduction 

Green leafy vegetables are an integral part of a nutritious diet and play a vital role in promoting 

human health. These nutrient-dense foods are rich sources of vitamins (such as folate, vitamin A, 

vitamin C, and vitamin K), minerals (like iron and calcium), and dietary fiber(Kumar et al., 2020; 

Slavin & Lloyd, 2012). Leafy vegetables, including spinach, asparagus, lettuce, mustard greens, 

colocasia green leaf, and turnip greens, are the primary natural sources of folic acid. These foods 

contain much higher levels of folic acid compared to other leafy and non-leafy vegetables(Kumar et 

al., 2020). Numerous studies have highlighted the protective effects of green leafy vegetables against 

chronic diseases, including cardiovascular disorders, certain cancers, and age-related cognitive 

decline(Fekete et al., 2022). However, these crops are susceptible to a number of diseases produced 

by fungus, bacteria, and viruses, which can have a substantial impact on both crop yield and quality. 
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Timely and accurate detection and categorization of these diseases are essential for efficient disease 

control and prevention measures(Savary et al., 2019; Schreinemachers et al., 2018). Conventional 

approaches to disease detection, including manual examination by experts, can be ineffective, 

subjective, and time consuming.  

In recent times, machine learning (ML) approaches have demonstrated significant potential in 

automating and enhancing the identification and categorization of plant diseases(Domingues et al., 

2022). Machine learning algorithms have the ability to acquire knowledge from extensive collections 

of labelled images or other types of data, which allows them to identify patterns and generate precise 

predictions(Sarker, 2021). The implementation of durable and reliable machine learning-based 

disease detection and classification systems could have significant impacts for the agricultural 

sector(Ngugi et al., 2024). Precise diagnosis of diseases can lead to early treatments, including the 

focused administration of pesticides, fungicides, or other control methods, resulting in decreased 

crop losses and enhanced overall yield and quality(Anastasiou et al., 2023). Moreover, machine 

learning algorithms can assist in developing disease-resistant plant types and optimising agricultural 

management approaches(Durai & Shamili, 2022). 

Several studies showed the CNN-based model was used to identify green leafy vegetable plant 

disease detection(Mehta, Kukreja, Sharma, et al., 2023; Sennan et al., 2022). The study by Mehta et 

al. (2023) showed the efficient use of federated learning in conjunction with CNN for the 

identification and classification of fenugreek leaf diseases, resulting in commendable performance 

across multiple parameters(Mehta, Kukreja, & Sharma, 2023). Similarly, the study by Vishalli et al. 

(2023) showed that the effectiveness of using a CNN and federated learning approach for the 

detection of diseases in parsley leaves. The data demonstrate the model's reliability and resilience, as 

seen by its high precision, recall, F1-Score, and accuracy(Vishalli et al., 2023). 

The objective of this study is to develop and evaluate a machine learning method for identifying and 

categorising diseases that impact fenugreek and spinach plants using a multi-class classification 

methodology. Specifically, the performance of various CNN models, including DenseNet121, 

InceptionV3, MobileNetV2, ResNet50, and VGG16, precisely recognises and distinguishes between 

diseases that impact crops such as spinach and fenugreek. Overall, the proposed CNN architecture 

classifies the spinach and fenugreek diseases. 

A machine learning system designed for classifying diseases in fenugreek and spinach might 

enhance food security, support small-scale farmers, and promote the growth of premium, nutritious 

green leafy crops. This would eventually benefit people reliant on these crops, enhancing their 

overall security. 

2. Related work  

This section discusses the various CNN algorithms to identify and classify the spinach and fenugreek 

diseases. 

The study by Sennan et al. (2022) developed a novel model to identify and classify spinach. The 

proposed model achieves 97.5 % accuracy in classification. Moreover, the proposed CNN model was 

compared with other CNN models, including support vector machines (SVM), random forests, 
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Visual Geometry Group 16 (VEG16), Visual Geometry Group 19 (VEG19), and Residual Network 

50 (ResNet50), and the model performed superiorly to all the models(Sennan et al., 2022). 

In Bose et al. (2023) SFDNet model was proposed to identify the diseases caused by fungi, A 

software solution was built using Deep Learning techniques, specifically a CNN, to rapidly identify 

and find a cure for fungal diseases in spinach leaves. The system achieved an accuracy of 89.86%. 

Developed a GUI application using PySide2 that effectively categorises diseases in spinach leaf 

images and provides suitable solutions, hence assisting the food, medical, and skincare sectors(Bose 

et al., 2023). 

In the 2023 study, Paragaien et al. utilised machine learning algorithms to recognise leaves of 

specific anti-diabetic plants, including Basella alba, Moringa oleifera, Fenugreek, Psidium guajava, 

and Hibiscus rosa sinesis. The experiment yielded a maximum accuracy of approximately 99.4% by 

employing a hybrid approach of Neural Network and Logistic Regression. The suggested model 

accurately classifies the plant photos with a high level of precision(Pargaien et al., 2023). 

 

The study proposed by Ramkumar et al. (2021) used CNN and the Resnet-50 architecture to identify 

the cercospora disease in the different classes of spinach. The outcome of the study showed higher 

accuracy in training and testing datasets(Ramkumar et al., 2021). 

The study by Mehta et al. (2023) used a CNN model and trained the model on various datasets to 

identify six different kinds of fenugreek diseases. The model performed well in each client 

evaluation. Here, averaging approaches were used, including macro average, micro average, and 

weighted average. These averagings consistently performed well for all the client data. Overall, the 

study showed CNN and federated learning were highly efficient in identifying and classifying leafy 

crop diseases with good and scalable accuracy(Mehta, Kukreja, Sharma, et al., 2023). 

Harakannanavar et al. (2022) used various machine learning approaches to identify the tomato leaf 

disease, including SVM, CNN, and K-Nearest Neighbour (K-NN). The accuracy of the models in the 

tomato disease is 88%, 99.6%, and 97%, respectively(Harakannanavar et al., 2022). 

The study by Shin et al. (2021) optimised several deep learning models, including AlexNet ResNet-

50, GoogLeNet, SqueezeNet, SqueezeNet-MOD1, and SqueezeNet-MOD2, to identify the powdery 

mildew diseases in the leaf of the strawberry plant. The result of the study showed the ResNet-50 had 

a higher accuracy of 98.11 to classify and identify healthy and infected leaves(Shin et al., 2021). 

3. Methodology 

3.1.  Data Collection 

The dataset images were collected from the agricultural land, and the proposed method performs 

preprocessing and classification. Subsequently, the well-trained model receives the novel input 

images for the purpose of categorization and identification. In this study, CNN models were used, 

including DenseNet121, InceptionV3, MobileNetV2, ResNet50, and VGG16, to extract features and 

perform classification and identification of the disease. The original data set contained healthy-
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fenugreek, powdery-mildew-fenugreek, Spinach-Cladosporium Leaf Spot, spinach healthy, new 

alternaria as listed in Table 1.  

The data set images are taken from the agricultural land in Ralamandalindore, Raukhediindore, and 

Nipania-Sunar Ujjain, Madhya Pradesh. The dataset images were captured using Galaxy A73 5G 

(SM-A7368/DS) with quad camera 108 mega pixel (MP) + 12MP +5MP+5MP. Each image was 

taken in portrait or landscape form. Figure 1 depicts the images of the dataset. 

3.2. Pre-processing of the Images 

Image preprocessing involves the use of different techniques on unprocessed images with the aim of 

enhancing their quality. Here, the images were primarily scaled to a uniform dimension of 260 by 

260 pixels. Standardising images is crucial for ensuring constant scale across all images, which is 

vital for keeping uniform input values in machine learning models. Following that, images were 

cropped. Cropping helps to decrease background noise and focus the investigation on essential 

characteristics. The images were later turned to grayscale. This method reduces the data's 

dimensionality by eliminating colour information. This can be beneficial for particular analytical 

methods that focus on texture or form. The images were normalised by adjusting the pixel values to 

remain within the range of 0 to 1. This technique standardises the spectrum of pixel intensities, 

enhancing the stability and speed of the model training. The images may be rotated or inverted, 

enhancing the dataset's variety. In addition, the colour intensity, contrast, and filter application were 

applied for the enhancement of the image quality.The data collected after preprocessing listed in 

Table 2, and the preprocessed images are shown in Figure 2.

3.3. Proposed Model Architecture 

The model architecture for image classification tasks incorporates a sequence of components starting 

with an Input Tensor that specifies the input shape as 224x224 pixels with 3 color channels (RGB), 

leading into a selection of pre-trained convolutional neural networks includingMobileNetV2, 

VGG16, ResNet50, InceptionV3, DenseNet121, which are utilized without their top layers to allow 

customization for new tasks. It includes a GlobalAveragePooling2D layer to reduce parameter count 

and computations, this pooling operation is mathematically represented as: 

 

𝑃𝑐 =  
1

𝐻 × 𝑊
 ∑ ∑ 𝐹𝑐𝑖𝑗

𝑊

𝑗=1

𝐻

𝑖=1
 

Where Pc is the pooled feature for channel c, H and W are the height and width of the feature map, 

and is the feature at position (i,j) in the feature map for channel c. This reduces the network's 

complexity and parameters, assisting in the moderation of overfitting. 

Followed by a dense layer with 1024 units and ReLU activation for learning high-level features, I 

represented Subsequently, a dropout layer with a rate of 0.5 is used to prevent 

overfitting. The architecture concludes with a softmax activation for multi-class classification, 

employs the Adam optimizer for efficient weight updates, uses Sparse Categorical Crossentropy as 
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the loss function for handling multi-class labels, and measures performance with an 'accuracy' metric 

during training. 

 

4. Results 

4.1. Model Performance on different known CNN Architectures 

The stated model design uses multiple known CNN architectures including MobileNetV2, VGG16, 

ResNet50, InceptionV3, and DenseNet121, each possessing distinct features and uses. Each of these 

five architectures was examined in detail with unprocessed and preprocessed dataset. 

The model performance evaluated on various metrices that include sensitivity, specificity, accuracy, 

recall, f-measure, MCC(matthews correlation coefficient).  

Sensitivity: This metric, referred to as the true positive rate, is essential for evaluating the model's 

capacity to reliably detect disease leaves. It quantifies the accuracy of correctly identifying actual 

positive cases. The equation below calculates the sensitivity. 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
∑ (𝑇𝑃𝑖)

𝑖=𝑛
𝑖=1

∑ (𝑇𝑃𝑖 + 𝐹𝑁𝑖)
𝑖=𝑛
𝑖=1

 

Specificity: The true negative rate measures the accuracy of correctly identifying negative situations, 

reflecting the model's ability to accurately identify actual negatives. The equation below calculates 

the specificity. 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
∑ (𝑇𝑁𝑖)

𝑖=𝑛
𝑖=1

∑ (𝑇𝑁𝑖 + 𝐹𝑃𝑖)𝑖=𝑛
𝑖=1

 

Accuracy: The accuracy of a model is measured by the ratio of properly predicted data to the total 

number of observations, indicating the frequency at which the model is correct. The average 

accuracy calculated through the equation described below:  

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
∑

𝑇𝑃𝑖+𝑇𝑁𝑖

𝑃𝑖+𝑁𝑖

𝑖=𝑛
𝑖=1

𝑛
 

Recall: Recall, also referred to as the probability of detection, is calculated by dividing the number 

of true positive outcomes by the total number of positive outcomes. The information is explicitly 

stated in the equation. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
∑ (𝑇𝑃𝑖)

𝑖=𝑛
𝑖=1

∑ (𝑇𝑃𝑖 + 𝐹𝑁𝑖)
𝑖=𝑛
𝑖=1

 

F-measure (or F1 score): The F score is computed using the harmonic mean of the accuracy and 

recall. This statistic is crucial for evaluating the balance between recall and accuracy, providing a 

comprehensive view of the model's performance. 

Matthews Correlation Coefficient(MCC): MCC is a coefficient that provides a high score if the 

prediction achieves favourable outcomes in all four categories of the confusion matrix (true 
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positives, false negatives, true negatives, and false positives), evenly distributed across the different 

classes. The range of values is from -1 to 1. A value of 1 represents a perfect prediction, 0 indicates 

no improvement over random guessing, and -1 signifies complete disagreement between the 

prediction and the observation. 

Table 3 shows a comprehensive comparison of five CNN architectures applied to unprocessed data 

based on several performance measures. More precisely, it provides the following numerical values: 

MobileNetV2 demonstrates a high sensitivity and recall rate of 0.99, a perfect specificity of 1, an 

accuracy of 0.677, an excellent F-measure of 0.995, and a strong MCC of 0.99. The VGG16 model 

has enhanced performance with a sensitivity and recall of 0.995, a specificity of 1, an accuracy of 

0.904, an F-measure of 0.997, and a MCC of 0.995. The parameters of ResNet50 nearly match those 

of VGG16, with a sensitivity and recall of 0.989, a specificity of 1, an accuracy of 0.899, an F-

measure of 0.994, and an MCC of 0.989. InceptionV3 and DenseNet121 dominate the rankings by 

attaining flawless scores in all measures, including sensitivity, specificity, accuracy, recall, F-

measure, and MCC, all of which are placed at 1. This analysis highlights InceptionV3 and 

DenseNet121's superior ability to flawlessly classify the dataset in question, suggesting their optimal 

use in scenarios where precise accuracy is paramount, despite potential considerations for 

computational resources or inference efficiency that might favor architectures like MobileNetV2, 

VGG16, or ResNet50. Similarly, in the figure 3 comparison analysis between various CNN 

architectures was examined, InceptionV3 and DenseNet121 provide outstanding performance across 

all categories, showing their excellent durability while handling unprocessed data VGG16 and 

ResNet50 exhibit notable performance, particularly in terms of Sensitivity, Recall, and F-measure, 

however their Accuracy and MCC scores are significantly inferior to those of the top performers. 

MobileNetV2 has a lack of accuracy, suggesting possible inconsistencies in its ability to make 

accurate predictions, despite having high sensitivity and specificity. This visualisation facilitates the 

identification of the most optimal CNN model for specific analytical specifications, takes into 

consideration an optimal balance of all assessed performance factors. 

4.2. Performance of CNN models on Pre-processed data 

The preprocessed evaluation used CNN architectures including MobileNetV2, VGG16, ResNet50, 

InceptionV3, and DenseNet121, and these architectures analysed various performance metrics listed 

in Table 4. Based on the metricesthese architectures achieved perfect scores of 1 for sensitivity, 

specificity, accuracy, recall, F-measure, and MCC. Despite ResNet50's slightly lower performance 

compared to the others, it nonetheless achieved impeccable sensitivity and recall, as well as nearly 

flawless accuracy and F-measure. The specificity was determined to be 0.992, and the MCC was 

likewise determined to be 0.992. The results emphasise the crucial importance of preprocessing in 

enhancing the performance of CNN, both in terms of its accuracy in prediction and its overall 

efficiency in classification. Similarly, the metrics are compared using bar chart, as shown in Figure 

4. Here, each algorithm shows high values, reaching 1, for Sensitivity, Specificity, and Recall. This 

indicates a robust ability to accurately recognise real positives and correctly reject negatives. The 

metrics of Accuracy, F-measure, and MCC also frequently exceed 1 for the majority of models, 

which suggests a generally high level of prediction performance and classification accuracy. This 

visualisation highlights the efficiency of the algorithms in analysing and categorising the dataset, 
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with slight differences between the structures that can guide their use in particular situations where 

accuracy and computing speed are important factors. 

sensitivity, specificity, accuracy, recall, F-measure, and MCC, with the following models evaluated: 

MobileNetV2, VGG16, ResNet50, InceptionV3, and DenseNet121. 

Figure 5 shows the training and validation loss and accuracy of a machine learning model during 60 

epochs. Regarding loss Figure 5(a), showed a drop in both training and validation over time. The 

training loss exhibited more fluctuations, however overall had lower values compared to the 

validation loss. This suggests a good fit without any notable overfitting. Figure 5(b) shows both 

training and validation accuracy increase as epochs progress, with training accuracy slightly 

surpassing validation accuracy. This indicates that the model is effectively learning. Periodic 

decreases in validation accuracy may indicate the presence of overfitting or inconsistencies in the 

data. Overall, the model demonstrates good performance with consistent validation loss and accuracy 

metrics at the conclusion of training, suggesting that it is a well-optimized model suitable for 

deployment. 

Figure 6 shows the heatmap of each model that was used to classify and identify leafy vegetable 

disease. Here, it was observed that the heat map of the InceptionV3 model shown in Figure 6 (a) 

showed that all 425 instances of healthy fenugreek were correctly identified. However, in the case of 

the new-alternaria 1419 instances were identified correctly, and 48 instances were misidentified as 

powdery mildew fenugreek. Similarly, 323 instances of powdery mildew fenugreek were correctly 

identified, while 106 instances were observed in new-alternaria. The spinach cladosporium leaf spot 

was perfectly identified in 51 instances, and no misclassification was observed. Likewise, spinach 

healthy 344 instances were correctly identified without misclassification. Overall, the InceptionV3 

architecture has demonstrated excellent accuracy, exhibiting an insignificant number of 

misclassifications. It appears that errors occur most frequently between the new-alternaria and 

powdery-mildew-fenugreek classes. This may be due to the conditions' similar visual characteristics. 

High diagonal values and low off-diagonal values indicate that the architecture performs effectively 

in this task of classification. 

Furthermore, in Figure 6(b), the ResNet50 model's heat map properly recognises 421 cases of 

healthy fenugreek, and 3 instances were observed in the new alternaria and 1 in powdery mildew-

fenugreek. 1345 incidents were successfully identified in the new alternaria context, and 117 

incidences were misidentified in powdery mildew-fenugreek, 4 in spinach-cladosporium leaf spot, 

and 1 in spinach healthy. Similarly, 368 cases of powdery mildew in fenugreek were accurately 

identified, whereas 61 cases were found in new-alternaria. Moreover, the spinach-cladosporium leaf 

spot was accurately classified with 49 predictions and 2 instances found in healthy spinach. 

Additionally, spinach-healthy was classified flawlessly, with 344 accurate predictions. Figure 6(c) 

shows the confusion matrix of the VCG16. 425 cases of healthy fenugreek were correctly identified. 

In this context, 1422 instances of new alternaria were correctly identified, along with 45 instances of 

powdery mildew fenugreek. Similarly, 320 instances of powdery mildew fenugreek were correctly 

identified, and 109 instances were observed in the new- alternaria. Moreover, 51 instances of 

spinach-cladosporium leaf spot were correctly identified, and in the case of healthy spinach, 340 
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cases were correctly identified, while 3 instances were observed in spinach-cladosporium leaf spot 

and one in new-alternaria. 

Figure 6(d) shows the confusion matrix of the MobileNet, in which 424 instances of the healthy 

fenugreek were identified correctly along with one observed in powdery-mildew-fenugreek. 1359 

instances of new -alternaria were identified correctly, and 108 instances were found in powdery 

mildew-fenugreek. Similarly, 381 instances were correctly identified as powdery-mildew-fenugreek, 

and 48 instances were misidentified as new-alternaria. Additionally, 51 instances of spinach-

cladosporium leaf spot were correctly identified, though 341 instances of spinach-healthy were 

identified correctly, along with 1 observed in powdery-mildew-fenugreek and 2 observed in new-

alternaria. 

Figure 6 (e) shows the DenseNet121 confusion matrix, in which healthy fenugreek is classified with 

424 correct predictions, with 1 misclassification in powdery mildew fenugreek. New-alternaria is 

mostly classified correctly with 1408 instances, but there are 59 instances misclassified as powdery-

mildew-fenugreek. Powdery-mildew-fenugreek has 399 correct predictions and 90 instances 

misclassified as new-alternaria. Spinach-cladosporium leaf spot is perfectly predicted in all 51 cases. 

Spinach-healthy is classified with 50 correct predictions and 2 misclassifications found as new-

alternaria. 

Overall, each model exhibited a high level of accuracy in distinguishing between healthy and 

unhealthy plants. InceptionV3 showed outstanding accuracy across all models, with a minimal 

number of misidentifications and a high rate of correct identifications.

4. Conclusion 

The current study emphasises the ability of machine learning, specifically convolutional neural 

networks, to identify and categorise diseases in green leafy vegetables like fenugreek and spinach. 

The operational suitability of the CNN models under assessment, particularly InceptionV3 and 

DenseNet121, is evidenced by their ability to attain high accuracy and minimal misclassification. 

The findings indicate that the incorporation of these technologies into agricultural methods may have 

a substantial positive impact on disease management approaches, leading to enhanced agricultural 

productivity, less dependence on pesticides, and improved food security. Following studies might 

look into the practical implementation of these models in agricultural environments and the 

development of intuitive applications customised for the needs of farmers and agronomists. 
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