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Abstract: Because it is one of the most common sources of sustenance, agriculture is essential to the farming sector. To address the 

new challenges facing farmers and their training objectives, technological methods have recently emerged for identifying plants and, 

consequently, detecting their diseases. The plants must be well-grown and safeguarded from pests and diseases for increased crop output. 

Because it requires a while and requires a lot of labour, manual disease diagnosis is rarely an option for large-scale farmers. Machine 

learning is frequently used to identify diseases quickly. We can identify conditions impacting the leaf, stem, root, and fruits using 

machine learning techniques. Images taken with a mobile device's camera are edited using image processing software. Half of the 

population with the illness has traits that can be retrieved and identified using machine learning techniques like convolutional neural 

networks (CNN). 
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_________________________________________________________________________________________________________

I. Introduction 

Agriculture suffers economic losses when several illnesses 

afflict crops. Consequently, the necessary treatment may be 

given if plant diseases are correctly detected early on. To identify 

infections, the application employs machine learning and image 

processing techniques. We can use machine learning to identify 

illnesses and recommend actions to preserve the plant from 

disease. A mobile app is included with the application. The 

farmer will be assisted in finding the disease by a user-friendly 

application placed on an Android smartphone. Several studies 

have shown that ozone layer depletion brought on by plant 

extinction caused by industrial usage has contributed to global 

warming. 

Similarly to how human health may be affected by many 

diseases, so can plant health. According to assessments in the 

hundreds of billions of dollars, plant pests and diseases generate 

yearly losses in food, fibre, and decorative production systems. 

These diseases are brought on by fungus or orgasms that 

resemble fungus. However, bacterial and viral species are 

responsible for additional severe illnesses of food and feed 

crops. Some diseases may be contagious, which means they 

might move from one plant to another; as a result, they must be 

promptly diagnosed and treated. Leaf rust (common leaf rust in 

maize), Stem rust (wheat stem rust), Sclerotinia (white mould), 

Powdery mildew, Birds-eye spot on berries (anthracnose), and 

Damping off of seedlings are a few of the frequent signs of 

disease in plants (Phytophthora). The physical state of a plant's 

leaves can be used to identify these diseases. By examining the 

plant's leaves, stems, or fruit, professionals can determine 

whether it is defective. This strategy necessitates having a large 

human resource pool for this specific work. It could be a more 

effective method in the age of technology and automation; it 

would be much better if we had an automated system that 

automatically detected plant illness. 

Like other earlier studies, our approach uses images of plant 

leaves to identify plant diseases. A plant disease detector is an 

automated system based on computer vision that correctly 

identifies diseased and healthy plants and the kind of illness by 
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using machine learning techniques. Convolution neural network 

(CNN), a type of deep learning network for pictures, may be 

used to do this. CNN extracts photos' characteristics, such as 

RGB values, horizontal and vertical edges, etc. 

 

II. Methodology 

We suggested a technique to identify the plant sections affected 

by a disease and foretell the cure. We have carried out the project 

in the following ways: first, it classifies each plant component 

into one of the four categories of "Bacteria," "Virus," "Sunburn," 

and "Healthy." Second, it displays to the user both the issue and 

the solution. With a smartphone camera and an application built, 

a photo of the plant portion afflicted by the illness is captured 

and uploaded. 

 

      

Figure 1: A schematic will show the suggested method. 

The powerful machine learning method known as deep learning 

has reduced the complexity of feature extraction in standard 

machine learning. At this point, deep learning is competent for 

everything and no domain knowledge is required. The artificial 

neural network is at the heart of deep learning (ANN). Artificial 

neural networks are mathematical constructs that mimic the 

fundamental workings of the brain by simulating neurons and 

synapses that connect them.  

1.  Preprocessing 

The plant data images are enhanced on that during 

preprocessing. Preprocessing is used to improve the calibre of 

the model's subsequent training. The idea is displayed by default 

in RGB format. First, the RGB photos must be brought in at the 

same size.  

 

All of the images that will be used for training must be resized 

to the same shape and size. Only when each image is the same 

size can the feature extraction, classifier training, and place of 

the original move forward. 

2.  Feature Extraction 

After that, feature extraction follows next. On the resized photos, 

the feature is carried out by using HOG. HOG is a feature 

indicator that is typically employed for object recognition. In 

HOG, the intensity gradients explain how an item appears and 

how the picture edge looks. HOG should be used since it works 

best for feature extraction because it works with cells. Any 

change in quality has no impact on this. The texture of healthy 

leaves and sick leaves differs.  

3. Convolution Neural Network 

The illness in plant leaves is detected using Convolution Neural 

Networks (CNNs). CNN is an enhancement over an essential 

ANN that produces better picture results. Because photographs 

often have specific repeating patterns (any image). Convolution 

and pooling are two of CNN's critical operations. Pooling and 

convolution are used to compress images and identify the edges 

of image patterns, respectively. 

Additionally, these models are trained using Jupiter notebook 

and Tensor flow's Keras API. Tensor flow's high-level API for 

creating and refining deep learning models is called Keras. CNN 

operates directly on pictures rather than focusing on the 

exclusion feature that other neural networks do, which is the 

primary distinction between CNN and any other standard neural 

network. CNN treats the input as two-dimensional and works on 

images. 
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Figure 2: CNN Architecture 

 

III. Implementation 

1. Dataset 

To detect diseases in plants, two datasets are used. The first 

dataset has 15 classes, whereas the second has 38 categories. 

Several photos in both databases represent each plant. The total 

number of images in the first dataset is 2952. The Plant Village 

dataset, which covers 38 classes of different plants, served as the 

basis for this study's conclusions. Using this table, you can learn 

the number of photos in each category. There are about 2000 

images in each class. There are 14 different plants in this dataset. 

There are images of both healthy and sick leaves for every plant. 

 

Figure 2: Samples of the Plant Village Dataset's images 

 

The data set is split into two parts, one for testing and the other 

for training. The dataset is randomly divided in an 80/20 ratio—

the remaining 20% for the testing dataset and 80% for the 

training dataset. There are 56,236 images in the training dataset 

and 14,059 images in the testing dataset. 56,236 images were 

used in the model's training. However, 14,056 of them were 

hidden from the model so that its correctness could be verified. 

 

2. Model Description 

To enhance the size of the dataset and boost accuracy, some 

preprocessing is first conducted in the form of augmentation. 

Then, 256x256 pixels are removed from the picture size. After 

that, a model built on a convolution neural network with 

numerous pooling and convolution layers and a dense layer for 

prediction will be developed. Both five MaxPooling2D layers 

with a 2x2 filter and five convolution layers with a 3x3 filter are 

utilized. In this model, batch normalization is also employed. 

Data is scaled using batch normalization. However, this method 

differs in that it also raises data at hidden levels in addition to the 

input layer. 

Table 1: CNN Training Parameters 

Parameter 

 

Value 

 

Epochs 

 

25 

Batch Size 

 

33 

Learning Rate 

 

                        1e-1 

 

Activation in middle 

layers 

 

                        Relu 

 

Activation in the Final 

layer 

 

Softmax 

 

IV. Experimental Results  

This study demonstrates the significance of plant disease 

detection nowadays. Python was used to create this model using 

deep learning. 20% (14,059) of the Plant Village dataset's photos 

were used to evaluate this model's precision. These photos 
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represent the 38 various classes. 20% of each category were 

chosen at random to take the test. 

Moreover, some real-time photos were used. Those pictures 

were taken in the immediate region. They do not fall under any 

of the classes included in the dataset. However, the programmer 

also provides us with more than 95% accuracy on such photos 

by indicating if the leaf is healthy or ill. A total of 100 photos 

were used, and 96 of them were correctly classified. Some 

images were taken at night with a flash, and some pictures had 

dirt on them, which caused them to be misclassified—several of 

the images we captured of the area. Accuracy in the testing 

dataset is more than 98%. This indicates that the model 

accurately identified 1379 out of 14,059 photos. Our model's 

training and validation accuracy graph using the testing dataset 

is shown below. 

 

Figure 3: Training and Testing Dataset Accuracy Validation 

This method is based on a simple classification procedure using 

CNN's feature extraction abilities. Finally, the model utilizes 

fully linked layers for prediction.100 images from experimental 

studies and the correct data were merged with the publicly 

released 70295 images to conduct the research. The system 

attained an overall testing accuracy of 98% on an available 

public dataset, and it performed well when used to analyze 

photos of plants from the Sukkur IBA University. According to 

accuracy, CNN is perfect for plant recognition and diagnosis 

automatically. In real-time, this device may be added to 

miniature drones to identify plant diseases in agricultural 

regions. Although this system was trained using a dataset from 

Plant Village with just 38 classes, it is nevertheless capable of 

determining if a plant is sick or not because all plants, in some 

way, exhibit the same symptoms. 

 

Table 2: Classes of Images with Better Accuracy 

 

V. Conclusion 

The work is helpful for farmers since it enables us to develop a 

reliable and productive application for them. The framework 

created for this project uses extraction and grouping algorithms 

to play out the area correctly. Minimizing farmers' efforts to 

undertake research unit testing to identify the virus is critical to 

our task. A proposal will be made to detect plant diseases and 

predict the protection mechanisms needed for these diseases. 

The suggested system will function with different plants. The 

programme will be trained to use an image dataset of plant-

derived plant parts. Plants are composed of stems, fruit, leaf, and 

roots. This programme allows plant diseases to be detected and 

treated efficiently without visiting an expert. Machine learning 

technology and image processing will ensure the maximum 

accuracy of the system. 
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