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Abstract 

     Nowadays, several diseases affect plants and, it is able to reason great damage 

and financial losses to the agricultural economy. It can even lead to great 

ecological losses. Employed information technology in plants disease detection 

and diagnosis is become required. Therefore, there is a need for an accurate system 

for plant disease detection and diagnosis by using the most effective deep learning 

techniques to avoid such losses.  

    In this work, An Automatic System for Diagnosis Plant Disease Based on Deep 

Convolutional Neural Network (DPD-CNN) has been proposed. Furthermore, this 

work distinguishes itself from the previous by employing the CNN with 12 nested 

processing layer. The CNN with 12 nested processing layer increased the accuracy 

of plant disease detection and diagnosis. Also, it has the ability to detect and 

diagnose the most common and dangerous types of plant disease which are 

Bacterial and fungal viral infections in early stage. The most common and effective 

feature selection algorithm which it is called Linear Discriminate Analysis (LDA) 

is employed in this work to extract the images features. The LDA algorithm have 

been employed for feature extraction in the stage of the two machine learning 

techniques. On the other hand, the most effective machine learning techniques for 

plant disease detection and diagnosis which are Naive Bayes, and Random Forest 

have been implemented. Furthermore, this work is proved that the deep learning is 

most effective in plant disease detection and diagnosis from machine learning. 

    However, according to the obtained results it is observed that the DPD-CNN 

achieved an excellent result with accuracy of 99.5% during the comparison with 

Naïve which achieved accuracy of 97% and Random Forest which achieved 



 
 

accuracy of 98%. Also, the performance of the DPD-CNN has been compared with 

the related work and it is achieved the highest accuracy. 
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CHAPTER ONE 

INTRODUCTION 

 

1.1 General Overview 

This chapter introduces a brief introduction about plant diseases detection and its 

general framework. Also, it presents the literature review of research activities 

dealing with plant disease detection techniques, then, explaining the statement of 

the problem, research objectives, and the organization of the thesis.  

In the agriculture sector, one of the major problems in plants is diseases. Plant 

diseases can be caused by various factors such as viruses, bacteria, fungus, etc. 

Most of the farmers are unaware of such diseases [1]. That’s why the detection of 

various diseases of plants is very essential to prevent the damages that it can make 

to the plants themselves as well as to the farmers and the whole agriculture 

ecosystem [2]. 

Plant diseases are a threat to the yield and nature of agricultural creation of 

the world and reduce much of the cost. It is explained that the loss caused by plant 

infection represents at least a 10% decrease in world food production [3]. Much of 

the assessment and treatment of diseases is done by farmers in the field under the 

guidance of plant pathologists. False diagnosis and the use of insecticides are 

common [4]. Therefore, the prevention and control of plant diseases have always 

been widely considered, as plants are exposed to the external climate and very 

sensitive to diseases. Usually, accurate and rapid determination of disease plays an 
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important role in the fight against plant infections, as useful measures are regularly 

implemented after proper diagnosis [3, 5]. 

Much recognition and search techniques have been proposed according to the 

method of image distribution in a pipeline, including sample extraction and 

recognition. Recognition strategies with pipeline techniques have gained ground. 

However, these strategies have two problems. First, the accuracy of these 

techniques greatly depends on the extraction and selection of highlights from 

visible diseases. In particular, the highlights of visible manifestations of infection 

must be carefully separated and legal highlights selected. Second, the techniques 

that follow the duct method are quite complicated [6]. The presence of noises is 

highly unavoidable in pathologies taken under field conditions, such as unbalanced 

lighting and the base of the interfering field. This can significantly reduce the 

nature of the highlights and influence the consequences of recognition. In this 

sense, efforts are being made to eliminate the disorders through common 

techniques to obtain concrete results [7]. 

The current models for improving computer vision and using various artificial 

intelligence calculations to classify plant infections has shown promising results in 

some selected diseases and crops. The development of structures based on the 

Convolutional Neural Network (CNN) has further improved the accuracy of the 

characterization, but it is not reaches to the best [8]. Therefore, increase the layers 

of CNN is required to increase the classification accuracy. 

However, CNN is the main algorithm used to locate and determine plant 

diseases [3, 4, and 5]. This work involves the use of a deep CNN-based model to 

support plant leaf identification problems. Deep CNN is a deep learning algorithm. 

Deep learning expands conventional AI by adding a broader multifaceted nature 
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and different representations of flat information to the model. Deep CNNs have 

extensive applications in image organization, object identification, speech 

recognition, recommendation frameworks, and general language management [4]. 

Deep CNN requires tremendous information preparation to get better results. Also, 

image magnification is usually needed to improve the model presentation to build 

the best Deep CNN model with a lack of preliminary information. Image 

magnification provides incorrect image preparation using some manipulation 

techniques or a combination of different preparation strategies, for example, Invert 

Image, Gamma correction, Noise Infusion, Examination Shadows, main segment 

(PCA), rotation and scaling [3, 4]. Figure 1 shows the general flow chart for 

identifying plant infections. 

 

Figure 1.1: The general methodology diagram of plant disease detection [4] 
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1.2 Related Work 

In recent years, different schemes have been proposed in automatic recognition of 

plant diseases.  

A new model developed by Geetharamani and Pandian [8] (2019), has been 

proposed to identify a disease of plant leaves that depends on a deeply 

controversial neural network. The proposed model was constructed using an open 

data set containing 39 unique classes and original images of plant leaves. Six types 

of information enhancement techniques were used: image flipping, gamma 

management, infusion, magnification, rotation, and principal component analysis 

(PCA). Considering the results obtained, it was found that the application of 

information increases can extend the exposure of the model. In any case, the 

proposed model achieved good results with 96.4 accuracy. Finally, the proposed 

model did not cover the definition of plant leaf disease. 

In the prior work of Anagnostis et al. [9] (2020), a model of a robust 

convolutional neural network (CNN) was developed. The proposed model can 

group images of leaves depending on whether they are contaminated by 

anthracnose and then determine whether a tree is contaminated. In addition, many 

images were used in grayscale and RGB modes, Fourier made a quick transition to 

highlight highlights, and chose CNN’s design according to their display. In any 

case, the proposed model achieved excellent results with an accuracy of 98.7. 

In the previous work of Fujita and others. [10] (2016), the creators have 

developed a strategy to separate images under extreme and difficult conditions, in 

which cucumber leaves have seven kinds of disease in healthy. To obtain this 

effect, four-layer image preparation and CNN method were used, which showed an 

average accuracy of 82.3% with a quadruple cross-validation methodology. 
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Yang et al. [11] (2017), a new strategy for identifying rice disease based on a 

convolutional neural network (CNN) procedure. Using a data set of 500 regular 

images of infected, and healthy rice leaves and stems captured from a rice test 

field, CNN is ready to identify 10 underlying rice diseases. As shown by the results 

obtained, it should be noted that the proposed framework achieved satisfactory 

results with an accuracy of 95.48%. 

Jayme Garcia A. B. et al. [12] (2016), present an automatic identification of a 

plant disease system based on a convolutional neural network. Also, it is utilizing 

the capability of the digital image-based algorithm. This algorithm is proposed to 

cope with various diseases and it is easy to retrain it to include new diseases. Its 

histogram-based structure enables it to be reasonably robust under different 

circumstances to capture images. The obtained results show that there is still a 

place for improvement. Many factors such as a considerable number of present 

disorders, heterogeneity of symptoms associated with the same disease, and 

symptom similarities between different disorders may need the adoption of hybrid 

techniques combining expert systems, image processing, and other information 

gathering techniques that may be the best hope to beat at least some of the 

disadvantages present in practice. 

Balakrishna and Rao [13] (2019), proposed two methods for establishing and 

constructing a firm and unwanted tomato leaf. In the early stages, the tomato leaf is 

healthy or unwanted by the KNN method. Then, in the next step, the tomato leaf is 

unfortunately characterized by the PNN and KNN approach. Highlights similar to 

GLCM, Gabor, and shadow are used to sort objects. The experiment targets the 

authors ’database, which consists of 600 voices and unfortunate characters. 

According to the obtained results, it is observed that the PNN improve the 
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accuracy to 91.88%, and these percentage is not good enough and there is a need to 

combine the PNN with other algorithm to give better results. 

  

Shanwen and others. [14] (2019), created a three-channel convolutional 

neural networks model (CNN) that closely combined three-tone components to 

diagnose plant leaf disease. In this model, each channel protects one of the three 

shaded parts of the RGB disease foliage, the shrinking light of each CNN is 

learned. Thus, it sent to the next convolutional layer and pooling layer, at this point 

the most prominent parts of fully connected common layer is combined for deep 

confirmation of disease. Finally, the softmax layer uses the element to classify the 

information images into predefined categories. As a result, the proposed model can 

extract the active ingredient from complex diseased foliage and accurately 

diagnose plant diseases. The proposed system achieved satisfactory results with 

accuracy of 94.2% 

 

1.3 Problem Statement 

Plant diseases are a major threat to the productivity of crops, which affects 

food security and reduces the profit of farmers. Identifying the diseases in plants is 

the key to avoiding losses by proper feeding measures to cure the diseases early 

and avoiding the reduction in productivity/profit. 

In addition, over-the-counter fungicides and insecticides can be relied upon to 

overcome this problem, but it also has a very negative impact on the weather. 

Whatever, it is necessary to diagnose plant diseases at an early stage to help 

farmers play it safe to protect the damaged grass. Later, a Deep Convolutional 

Neural Network (CNN) was proposed to detect and diagnosis plant disease.  
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1.4 Aim of Thesis 

This research aims to propose a system that has the ability for early plant disease 

detection based on CNN. The following objectives are proposed to achieve the 

research aim:  

1. To design an Automatic System for Early detection and diagnosis of plant 

diseases based on CNN. 

2. To design two algorithms based on machine learning which are Naive Bayes, 

and Random Forest. Also, the LDA has been employed for feature extraction. 

3. To test and evaluate the performance of the proposed model based on Deep 

learning with the two techniques which are based on machine learning 

according to the criteria of accuracy, then compare the obtained results with 

related work. 

1.5 Contribution 

Fast and accurate plant disease detection is required to increasing the agricultural 

productivity in a sustainable way. However, the work has three main contrbutions 

and they described as follows: 

• An early and accurate system for plant disease detection and diagnosis based 

on Deep CNN has been proposed. 

• The best two machine learning algorithms in this field have been designed for 

plant diseases detection which are Naive Bayes, and Random Forest. 

• The LDA algorithm have been employed for feature extraction in the stage of 

the two machine learning techniques. 
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1.6 Outlines of Thesis 

The rest of this thesis is organized as follows: 

Chapter Two: (Theoretical Background); this chapter gives the background and 

review of some indirect and direct methods. Also, it focuses on the outline of the 

proposed system and the expected objectives. 

 

Chapter Three: (The Proposed System); this chapter describes the proposed 

system of deep learning neural network- based recognition of plant disease with 

their design and implementation. 

 

Chapter Four: (Implementation and Experimental Result); this chapter explains 

the results that have been gotten from the proposed system. 

 

Chapter Five: (Discussion, Conclusion, and Suggestion for Future works);this 

chapter covers the conclusions observed from the system, and the applications in 

which the system can be used for. Finally, future work is recommended for the 

proposed system for higher disease, and health accuracy is considered. 
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Chapter Two 

Theoretical Background  

2.1 Introduction 

Plant diseases have long been one of the biggest threats to food security 

because they drastically reduce yields and trade quality. The exact and 

exact analysis of diseases was a huge test. Usually, the identification of 

plant diseases was based on human reaction by visual examination. 

Today it is combined or immersed in various innovations, for example, 

immunoassays e.g. protein-bound immunosorbent assay, ELISA and PCR 

or RNA seq to individually identify explicit antigens or oligonucleotides 

of microorganisms. In addition, recent advances in specialists and the 

reduction of costs in automatic image security have enabled the 

presentation of various image decision strategies at a useful level. 

This chapter presents the hypothetical basis of this work. Plant 

disease is presented in section (2.2), while section (2.3) presents data 

mining. Whereas, image preprocessing has been illustrated in section 

(2.4). Furthermore, the artificial intelligence definition and role in image 

processing have been presented with emphasis on the two most common 

parts which are machine learning and deep learning under subsection 

(2.5). Finally, section (2.6) discussed and demonstrate the evaluation 

methods.  

2.2 Plants diseases 

Agriculture is an important source of financial growth in India. About 

70% of the Indian economy is dependent on agriculture. After that, 

damaging the crop would be a major setback to perform and ultimately 
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affect the economy. Leaves, as the most attractive part of plants, quickly 

show the harmful effects of the disease [15]. Production against infection 

must be viewed from the entire stage of their life until they are suitable 

for collection. First, the strategy used to screen plants for infection was 

the traditional, non-invasive eye observation, a method requiring experts 

to physically examine fields [16]. Plant diseases can be caused by a 

variety of factors, for example, infection, microscopic organs, and 

parasites. 

However, there are several diseases that affect plants and can cause 

great harm to various economies and societies. It can even lead to great 

ecological losses [17]. The most common and dangerous type of plant 

disease could be Bacterial and fungal viral infections. Moreover, this 

work emphasizes the bacterial and fungal viral infections because it has a 

significant impact on plant health and introduces diseases that affect the 

growth of production [18]. Therefore, there is a need to detect plant 

diseases at an early stage to aid farmers to take appropriate precautions to 

help preserve the defective plant. 

In recent years, various methods have been used to establish a 

system for identifying the planned disease of the plant. These systems 

have become much faster, simpler, and more accurate than traditional 

ranchers' manual perception techniques [17]. It has therefore been asked 

to provide a more sophisticated mechanical framework for the plant 

disease site that does not require human intervention. 

2.3 Data Mining  

Data Mining is “an iterative process of extracting knowledge hidden from 

large amounts of raw data”. Knowledge must not be evident, fresh, and 

can be used. It is an instrument to predict outcomes of future events by 
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extract knowledge from historical data [15]. Data mining includes the use 

of complicated data analysis tools for discovering valid relationships and 

patterns previously unknown in big data sets. Thus, Data mining involves 

not only the gathering and management of data, but also examination and 

prediction [19].  

The need for the extraction and analysis of useful information from 

the data. Data mining can be applied in textual, quantitative, or 

multimedia formats with data represented. Applications may use a 

number of parameters to test the data. Those involve sequence, 

interaction, or track analysis (patterns in which an occurrence results in 

another occurrence) classification, clustering, and predicting (discovering 

patterns from which one can make plausible predictions concerning 

future activities) [17]. In general, a data mining algorithm constitutes a 

combination of the following three components [20]: 

2.4 Images preprocessing  

Preprocessing is the most important stage in all the systems which have 

been designed based on machine learning and deep learning. There are 

many techniques that have been employed for data preprocessing. In this 

work, the most popular and effective have been used and it is summarized 

as below:  

2.4.1 Gaussian Blur 

In preparing the image, the side effect of a Gaussian nebula (also known 

as Gaussian flattening) is to conceal an image of a Gaussian skill (named 

after the mathematician and researcher Carl Friedrich Gauss) [22]. This is 

an effect commonly used in graphics programming, usually to reduce 

image noise and detail. The special visualization of this obscure 

procedure is to examine a smooth mist like the image through a bright 
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screen, certainly not the shock bokeh that results from focus or color 

outside the center under normal lighting [23]. 

Gaussian smoothing is also used as a precursor in computer vision 

algorithms to improve image structures at various scales, see a spatial 

representation for scaling, and use of space for scaling [24]. "Gaussian 

Blur" involves folding a bit, represented by Gaussian capacitance, with 

the pixels of the image [25]. Whereas, in [23] gives the collusion in the 

isolated case as in the screaming state: 

𝑓 ∗ 𝑔[𝑛] = ∑ 𝑓[𝑚]. 𝑔[𝑛 − 𝑚]

∞

𝑚=−∞

 (2.1) 

The two - dimensional Gaussian capacity is the capacity used to produce 

the part. In the capacitance of delivery, the center A is the amplitude, 

((x_σ.yσ), σx, σy of the standard deviation in the directions x and y [26] : 

𝑓(𝑥. 𝑦) = 𝐴. 𝑒
1(

(𝑥−𝑥0)2

2𝜎𝑥2 +
(𝑦−𝑦0)2

2𝜎𝑦2 )
 (2.2) 

The kernel size is shown in another paragraph. The case of Gaussian 

dispersion is shown in Figure (2.1) [27]. 

 

Figure (2.1) Gaussian distribution [23, 24]. 

In image processing, Gaussian funding must be obtained through the 

convolution kernel. The values of this distribution along these lines are 
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used to produce a convolution matrix at the time used in the first figure 

[28]. The new value for each pixel is the weighted normal area of the 

area. Then the value of the first pixel gets the highest value (with the 

highest Gaussian value) and the surrounding pixels subject to a softer 

load, as their separation with the first pixel fields occurs [24, 29]. 

2.4.2 Color Space  

A color space is a numerical model that speaks of color data as three or 

four different color shade parts. Typical color spaces (models) are used 

for a variety of applications, such as computer projects, image processing, 

television broadcasts, and computer vision. A characteristic color space is 

available to identify the skin [30]. 

These are RGB-based color space (RGB, standard RGB), hue-based 

color space (HSI, HSV, and HSL), and light-based color space (YCbCr, 

YIQ, and YUV). These types are explained in the following areas. 

Defining the shading space is the required cycle of skin shading that 

appears and turns on for characterization. At least one shaded area can 

provide optimal animation to identify skin pixels in a given image. The 

determination of the appropriate shadow space is often regulated by the 

location system and application of the skin [31]. The included shadow 

space is used to detect skin pixels. 

2.4.2.1 Red, Green, and Blue (RGB) Color Model 

The RGB color area is commonly used and is usually the default color 

area for setting up and chatting about special images. Similarly, it may 

have other shadow areas that directly or indirectly change to RGB [32]. 

RGB color space is the space used by computers, graphics cards, and 

LCD monitors. 



Chapter Two                                                      Theoretical Background  
 

14 
 

 

Figure (2.2) RGB Color Model [33] 

As shown in Figure (2.2), there are three parts, red, green, and blue, 

the essential tones. Any shade can be obtained by mixing the three bases. 

Depending on what is taken from each bottom tone, any shade can be 

performed. By rotating this procedure, a specific tone can be divided into 

red, blue and green segments seen in positions (2.3), (2.4), and (2.5) [33]. 

𝑟 =
𝑟

𝑅 + 𝐺 + 𝐵
 (2.3) 

𝑔 =
𝑔

𝑅 + 𝐺 + 𝐵
 (2.4) 

𝑏 =
𝑏

𝑅 + 𝐺 + 𝐵
 (2.5) 

 

2.4.2.2 YCbCr (Luminance, Chrominance) Color Model 

YCbCr is an implicitly encoded RGB tag commonly used by European 

television studios and for video printing. As you can see in the figure. 

(2.3.) According to this, the light intensity shadow (i.e., the light intensity 

from nonlinear RGB) is developed as a weighted sum of the RGB value 

[34], [35]. YCbCr is a colored area commonly used in computer video. 

Because simple reproductions eliminate excessive shadow data, they are 
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used in image and image compression standards such as JPEG, MPEG1, 

MPEG2, and MPEG4 [36], [37]. 

 

Figure (2.3) YCbCr Color Model [36]. 

In this mode, the lighting data is set as one part (Y) and the color 

value data as two parts of differentiation (Cb and Cr). Cb talks about the 

separation of the blue part and the reference value. Cr speaks of the 

opposite of the red part and the reference value [38]. The YCbCr scheme 

can be obtained from the RGB shading location under conditions (2.6), 

(2.7), and (2.8). 

Y=0.299R+0.287G+0.11B (2.6) 

Cr=R-Y (2.7) 

Cb=B-Y (2.8) 

2.4.3 Discrete Fourier Transform (DFT) 

Because the DTFT response is stable, it is not possible to perform 

calculations such as growth on an advanced computer. Due to the 

unrestricted dimension, this is more difficult for the DTFT during growth. 

So the DTFT example simply proves advanced with the help of a 

computer. The result is known as the Odd Fourier Transform [39]. 

Because the inspection is performed in the delivery area, that is, 

from a privacy perspective, time-status information sometimes needs to 

be compared [39]. According to these lines, the DFT can be obtained 

from Odd Fourier transform by considering the continuous value ‘ω’ (2π / 

N) k times, which is as follows [40]: 
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𝒙(k) = ∑ x[n]wn
nk k = 0.1.2.3. … . N − 1 

N−i

n=0

 (2.9) 

2.4.4 Morphology Operations       

Mathematical Morphology (MM) is a useful image removal tool for 

illuminating and describing local shapes such as edges, shapes, and 

arched structures. In addition, morphologies are concerned with 

preparation or post-processing, for example, the morphology for 

separating, reducing, and cutting [41]. 

Structure projects are thoughtful changes based on correlating pixel 

quarters with biased examples. Most of the morphology is surrounded by 

two-dimensional images. Morphology projects provide a cohesive and 

wonderful way to meet various imaging needs [42]. 

Mathematical morphology (MM) is using of digital tasks based on 

the decision to structuring elements (SE). There is a little layout for 

assemblies or drawing files and it is used to display an image for 

interesting functions. There are a few examples of structural elements 

(SE) where this is discussed in different ways because the element in the 

figure Figure (2.6) shows various examples of components [41]. 

 
Figure (2.4) examples of structure elements [39, 41].  

Each hidden square in figure (2.4) means a member of (SE). In order 

to determine which objects are a member of the SE, the origin of the 
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organizational object must be determined [42]. It is also shown that the 

different classes of SE in the image above have a dark shade. The SEs 

should be rectangular arrays that are accomplished by appending the 

smallest possible number of background elements [43]. 

2.4.4.1 Morphological dilation  

Dilation is one of the handlers of numerical and mathematical 

morphology. It is commonly used for binary photos, but there are 

adjustments that capture large-scale images [44]. The real impact of the 

leader on the double image pushes the boundaries of regions with front 

pixels evenly. As a result, the areas of the foreground pixel areas 

increase, while the aperture of these areas becomes smaller. When we 

enlarge the white pixel of a photo, it looks more complex. Each base 

pixel associated with an article pixel is converted to a nominal pixel [42]. 

The dilation is used to develop the language of the image. SE is used 

in the expansion function to study and grow shapes. If the SE size defines 

the grid element and the shape defines an example of those in 1’s and 0’s. 

If SE is used for image A, the new image I [42]. 

𝐼 = 𝐴 ⊕ 𝑆 = ⋃ 𝐴𝑠

𝑠∈𝑆

 (2.10) 

2.4.4.2 Opening Operation 

The image opening operation is a combination of erosion and dilation 

operation by using intersection and complementation [42]. Let assume A 

consists of set elements of the 8-connected boundary, each element in 

boundary enclosing a background. The conditioned dilation (opining) is 

beginning by producing a matrix X0 of 0s which size is equal size A as 

shown in the below equation [39]: 

𝑥𝑖=(𝑋𝑖−1 ⊕ 𝑆) ∩ 𝐴𝐶  (2.11) 
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where Xicontains all the filled holes. 

2.4.4.3 Morphological closing 

The morphological erosion comes after operation using the same 

structuring element [42]. The closing operation is 

𝐴. 𝑆 = (𝐴 ⊕ 𝑆) ⊝ 𝑺 (2.12) 

2.4.4.4 Morphological Erosion  

Morphological erosion operation aims to shrink the image [41]. The 

output of erosion operation is an image I is 

𝐼 = 𝐴 ⊝ 𝑆 = ⋂ 𝐴−𝑆
𝑠∈𝑆

 (2.13) 

2.4.5 Linear Discriminant Analysis (LDA) 

LDA is another popular approach to data mining and machine learning 

for the reduction of dimensionality [43]. The LDA's primary objective is 

to project a data set with a large number of features into a smaller 

dimensional space with strong class separation. The computational costs 

will be reduced. The LDA strategy is somewhat close to that of PCA. In 

addition to maximizing data variance (PCA), LDA also maximizes multi-

class separation. The aim of the Linear Discriminant Analysis is to 

project space in a smaller subspace i (where i ≤ x −1 without disturbing 

class information [44].  The following are the five steps for conducting an 

LDA [45]: 

• A d-dimensional mean vector is computed for each class of data set. 

                                                 𝜇 =
1

𝑚
 ∑ 𝑥𝑖𝑚

𝑖=1                                                       (2.14) 

• The scatter matrices are computed. 

                                         𝑠𝑤 𝑠𝑤 = ∑ 𝑠𝑖
𝑐
𝑖                                             (2.15) 
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                      𝑠𝑖=∑ (𝑥−𝑚𝑖 
𝑛
𝑥∈𝐷 )(𝑥−𝑚𝑖)𝑇                                             (2.16) 

                          𝑆𝐵=∑ 𝑁𝑖(𝑥𝑖−𝑚)(𝑛
𝑥∈𝐷 𝑥𝑖−𝑚)𝑇

                                    (2.17)   

• Scatter matrices eigenvectors, (E (1), E (2), E (3), ......, E (d)), are 

computed and their respective eigenvalues, (ψ1. ψ2. ψ3. … … . . ψd), 

are computed. 

• Arrange the eigenvectors in decreasing order of their eigenvalues and 

then select k own values to form a d*I matrix WW. 

• Using the d ∗ i eigenvector matrix above for the input samples to be 

converted into a new subspace. e.g., YY = XX /WWW. 

PCA vs LDA: LDA and PCA are linear processing strategies that reduce 

the dimensionality/number of characteristics. PCA is an algorithm 

"unsupervised" while LDA is "supervised"[33], [44]. 

2.5 Machine Learning  

Data mining is the most popular knowledge extraction method for 

knowledge Data Discovery (KDD). Machine learning is used to enable a 

program to analyze data, understand correlations, and make use of 

insights to solve problems and/or enrich data and for prediction [47]. 

Machine learning is a research field that focuses formally on the theory, 

performance, and property of learning systems and algorithms [48].  

This research is highly multidisciplinary and draws on concepts 

from different areas such as AI, optimization theory, philosophy of 

information, statistics, science, and mathematics. Through its 

implementation in a wide variety of applications, machine learning has 

encompassed nearly every scientific area, through a great effect on 

science and society [49]. This has been used on various issues, including 
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recommendation engines, systems recognition, data mining and 

informatics, and autonomous control systems. The machine learning area 

is usually divided into two subdomains: unsupervised learning, and 

supervised learning [48]. 

2.5.1 Naive Bayesian  

Naive Bayes techniques, based on Bayesian probability theory, is among 

the most common classification algorithms [51]. The likelihood of an 

event A is the number to be reached by dividing the number of times A to 

the total number of the event. The probability value always ranges from 0 

to 1, or can be shown by the proportion [52]. 

For instance, the chances that a letter C, D, E, F, G or H will be 

picked at random are p (sound) = 1/6, so it is around 16.67 percent. There 

are two separate events in the probability principle because they have no 

effect on each other. Given the likelihood of P(A) and P(B) defined event 

A and B, two independent are defined where the conditional probability 

of B resulted in A being equal to the B's probability [49]. 

P (B│ A) = p (A). (B)/ P (A) (2.18) 

The Bayesian concept was largely inspired by Thomas Bayes' 

(1702-1761) interpretation of the Bayesian method. His theory was 

published in the Royal Society of London's Philosophical Transactions 

after his death in 1763 in a paper called “On the Problem about the 

opportunity” [53]. Bayesian is concerned with computing, given many 

observations, the probability of a particular pattern (sample) X.  

For pattern X, the probability of the posterior (i.e., the probability of 

a certain pattern of class I that provides its observed values) of a class or 

hypothesis is, however, calculated in the below equations [49]. 
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h, P (h|X), is as indicated P (h|X) =
P(X|h)P(h)

P(X)
, (2.19) 

wherein P (h) =
|h|

N
 is those evaluated a from the earlier likelihood of h 

(given |h| and N are the number of patterns in class h and the overall 

number of patterns, respectively, and considering that all theories are 

equally likely), P (X|h) is the conditional likelihood of X that is 

dependent on h, and P(X) is the previous likelihood of X (and is 

constant).The posterior maximum hypothesis (MAP) is used to refer to 

the maximum  

P
ℎ

𝑋
 h. class.  (2.20) 

hMAP ≡ arg max
h∈H

=  arg max
h∈H

P(X|h)P(h) (2.21) 

where H is the set of assumptions. 

Due to the distribution of the probability of data, the Bayesian 

classifier can perform the minimum error rate efficiently. The expected 

loss of a decision - making (i.e. the conditional risk) is here the lowest. 

This statistically optimum classification rule is an agreed norm for 

comparing the output of different rating algorithms [56]. 

      This is a famous probabilistic classifier used in many applications. 

The classifier of Bayes depends on the theorem of Bayes and the naive 

adjective is obtained assuming that the features of a data set are mutually 

independent. i.e. all features of the training examples are assumed to be 

independent of each other in view of the class context[54, 57]. Every 

pattern X is represented by the NB classifier as an n-dimensional vector 

of the values for attributes [a1, a2 ... an] given that it is c1, c2 ... cn. The 

classificator expects an unknown pattern X to fall into a class that has the 

highest post-conditional probability, when and only if class C i is 

assigned X [53]. 
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P (Ci|X) > P (Cj|X) (2.22) 

for (1 <= j < i && j ≠ i). The equation is used (2.18), the equation gets 

(2.19). 

P (Ci|X) =  
P(X|Ci)P(Ci)

P(X)
 (2.23) 

However, the classifier takes a naive or simplified presumption to 

minimize the involved computational costs that the characteristics (which 

total number is indicated by n) are conditionally independent of each 

other. The class-conditional independence can be shown as: 

P (X|Ci)= ∏ P(fj|Ci)
n
j=1 . (2.24) 

Since P(X) is a constant for each class, and P (Ci) =
|Ci|

N
, only the P 

(X|Ci) must be maximized by the NB classification. This greatly 

decreases the expense of computation because it just counts the class 

distribution. Bayesian classification is very straightforward, requiring 

only a single data scan which provides a high degree of accuracy [49]. 

2.5.2 Random Forest Classifier 

The random forest is a classifier consisting of a choice of tree classifiers 

{h (x, θ_k) k = 1,2,….}, where Θk are irregularly distributed scattering 

vectors and each tree selects a unit for the common class at the input x 

[58]. Arbitration random Forest creates a selection of trees. 

To produce each tree in a random forest, Breiman followed the 

following steps: if N is the size of the files in the prep set, at this point, N 

files are displayed specially but by division, from the initial information; 

this is a bootstrap test. This example will be a preparation for the 

development of the tree. In cases where there are input elements M, the 

number m << M is chosen with the ultimate goal that m elements are 
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randomly selected in M in each position, and the best distribution of these 

m units is to separate the center. The evaluation of m in the background 

field development is maintained [49]. 

Thus, many trees are created in the background forest; Ntree size 

preselects the size of the tree. The amount of variables items (m) selected 

in each center is indicated as m, t, r, y in the item. The depth of the tree 

can be limited by the size of the perimeter (for example, the number of 

events in the leaves, nodes) which is usually set to one. When the forest is 

ready or designed as above, to organize another event, it is run with all 

the trees that are filled in the forest. Each tree is assigned to the group of 

the new event which is recorded as a vote [50]. 

The votes of all trees are added together and the class with the most 

votes e.g, the largest share of votes is presented as a description of the 

new event [58]. As measuring the tree's formation, when the starter test 

kit is created by examining and swapping each tree, about 1/3 of the 

instances cases are missing. This setting is called (OOB) data. Each tree 

has its own OOB information index that is used to estimate individual 

errors. It is called OOB error evaluation. A forest random generalization 

error is reported as [53]: 

𝑅𝐸∗ = 𝑓𝑥𝑦(𝑚𝑔(𝑋. 𝑌)) < 0 (2.25) 

The margin function is given as, 

𝑚𝑔(𝑋. 𝑌) = 𝑎𝑣𝑘𝐼(ℎ𝑘(𝑥) = 𝑌) − 𝑚𝑎𝑥𝑗≠𝑌𝑎𝑣𝑘(ℎ𝑘(𝑋) = 𝑗) (2.26) 

The margin function measures the extent to which the average number of 

votes at (X, Y) for the right class exceeds the average vote for any other 

class [25]. Strength of Random Forest is given in terms of the expected 

value of margin function as, 

𝑆 = 𝐸𝑋.𝑌(𝑚𝑔(𝑋. 𝑌)) (2.27) 
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If ρ is the mean value of the correlation between base trees, an upper 

bound for generalization error is given by, 

𝑃𝐸∗ ≤ 𝑃(1 − 𝑆2) ∕ 𝑆2       (2.28) 

Hence, to yield better accuracy in Random Forest, the base decision 

trees are to be diverse and accurate [25]. 

2.6 Deep Learning  

Deep learning is a part of AI that mimics the functions of the human brain 

in managing information and carrying out projects for use in dynamics. 

Deep learning in the artificial ability of the brain is a subset of artificial 

intelligence that contains networks capable of absorbing unstructured or 

unlabeled information it. Otherwise, known as deep neural learning or 

deep neural organization [49]. 

There are several layers of nonlinear manipulation in deep learning 

that function in the same way as organic sensory systems. The main 

components of a deep neural organization are an information layer, 

several hidden layers, and a spectacle layer. All layers have 

interconnected hubs or neurons and each inner layer uses the imaging of 

the previous layer as information. Deep learning serves to highlight 

extraction and is common in more image data than conventional AI 

procedures. Convolutional Neural Network (CNN), Deep Belief Network 

(DBN), Recurrent Neural Network (RNN), etc. are deep learning 

architecture [59].  

In addition, deep learning is a form of artificial intelligence. Thus, it 

extracts elements and performs tasks legitimately characterized by 

images, text or sound. "Deep" refers to the number of layers in the largest 

layer organization, the deepest organization. There are some in-depth 

learning methods like the mentioned discussion, this work focuses on the 
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most famous and feasible to discover and determine plant diseases, which 

is the Deep Convolution Neural Network (CNN) [34]. 

2.6.1 Artificial Neural Networks (ANN) 

Natural networks are equipped to suppress complex miscalculations in 

the face of non-linear manipulation of neurons. The organization of 

neural imitation is shown in Figure (2.6). Since the artificial neural 

organization has the intensity of prognosis, it is generally used for clinical 

pictures [59]. 

In an artificial global neural organization, neurons are given test images 

for preparation. To prepare the neurons, a backscatter algorithm is used, 

with the flow forward. At this point, the produced result is coordinated 

with the ideal result and the error signal is created for the situation where 

the results do not coordinate. This error increases the regressive path. 

Loads are modified to reduce errors. This handle is repressed until the 

error becomes zero [60]. 

The neural organization has a serial structure with the size of 

interconnected hubs and the activation work between them. These 

activated resources are exaggerated digestive capacity, sigmoid capacity, 

direct capacity per part, and threshold function. Information projects are 

provided to the organization by an information layer, which at this 

moment merges with the hidden layer, and this wrapped layer interfaces 

with the output layer as shown in Figure 2.7 [60]. 
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Figure (2.5) Artificial Neural Networks (ANNs) [60]. 

2.6.2 Convolutional Neural Networks (CNN) 

CNN is a feed-forward neural network which consisting of at least one 

mixed layer and at least one related whole layer as in a Multi-Layer 

perceptron (MLP). CNN is a neurostimulation agency, as shown in Figure 

(2.5). Here the table will be handled directly without rings or loops. This 

can be expressed as [46]: 

𝐺(𝑥) = 𝑔𝑛(𝑔𝑛 − 1 (… (𝑔1(𝑥)))) (2.29) 

where N represents number of hidden layers, X is the input signal 

and gN denotes the corresponding function to the layer N. A basic CNN 

model has a convolutional layer, which consists of a function g. with 

multiple convolutional kernels (h1, ... hk−1 , hk ). Every hk denotes a 

linear function in kth kernel, represented as follows: [59]: 

ℎ𝑘(𝑥. 𝑦) = ∑ ∑ ∑ 𝑣𝑘(𝑠. 𝑡. 𝑣)𝑥(𝑥 − 𝑠. 𝑦 − 𝑡. 𝑧 − 𝑣)

𝑤

𝑣=−𝑑

𝑛

𝑡=−𝑣

𝑚

𝑠=−𝑚

 (2.30) 

where (x, y, z) represents pixel position of input X, m represents 

height, n denotes width, w is depth of the filter, and Vk represents weight 

of kth kernel. [61]. 
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Figure (2.6) General Convolutional Neural Networks [61]. 

The fundamental reason for grouping in CNN is to take advantage of 

downsampling, that is, it enumerates neighboring pixels and replaces 

them in the display in an area of summarized properties. Pooling reduces 

dimensionality and reproduces the immutability of rotational changes and 

interpretive changes. There are many polar capacities [59]; one of the best 

known is max pooling, where efficiency is the maximum estimate of the 

area of rectangular pixels [34]. 

In normal grouping mode, the display assumes the normal value of 

the rectangular area. Another type includes normal weighting, depending 

on the correct focus pixel paths. Grouping helps to make the 

representation immutable for minor changes in the interpretation of 

information. In all cases, Convolution is given by the accompanying 

condition: Convolution is given by the condition (2.31) [60]: 

𝑦[𝑖] = ∑ 𝑥[𝑖 + 𝑟. 𝑘]𝑤[𝑘]

𝑘

𝑘=1

 (2.31) 

Where x [i] is the 1D input signal, w[k] is the filter of length of k, 

and r is the stride rate with which the input signal is sampled. Also, Y [i] 

is the output of the convolution. Convolution is applied over the input x 

for each location i on the output y and a filter w with the rate r, which 

corresponds to the stride rate [46]. 



Chapter Two                                                      Theoretical Background  
 

28 
 

Deep residual learning is used to combat the problem of degradation, 

which occurs when deep networks begin to meet, that is, with increasing 

depth, accuracy and degradation saturation. The residual network allows 

clearly stacked layers to fit in the residual map instead of the desired 

basic map. According to experimental results, optimization of residual 

networks is very easy, and accuracy can be achieved with a significant 

increase in depth. Good connections help transcend information in deep 

neural networks [61]. 

Going through too many layers can lead to a gradual loss of 

information, known as the disappearance trend. Escape connections have 

the advantage of reducing feature information to a lower level, making it 

easier to categorize minute details. Some local information has been lost 

due to over-polling operations, while escape connections make it possible 

to obtain more information about the final layer in order to increase the 

accuracy of the rankings [59]. 

In the activation layer, different activation functions that can be used 

are [62]: 

i. Sigmoid activation function [27] is given by the equation (2.32): 

𝜎(𝑥) =
1

1 + 𝑒−𝑥
 (2.32) 

This is non-linear; the combination will also be non-linear, giving us 

the freedom to assemble layers. Its range is -2 to 2 on the x-axis and it is 

quite vertical on the y-axis, indicating sudden changes in the values of y 

in relation to small changes in the values of the values. 

ii. One of the advantages of this activation function is its output always 

remains within the range of (0, 1). 

iii. Tanh function is defined as follows [60]. 

𝑓(𝑥) = tanh(𝑥) =
2

1 + 𝑒−2𝑥
− 1 (2.33) 

This is also known as the scaled sigmoid function: 
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tanh(𝑥) = 2𝑠𝑖𝑔𝑚𝑜𝑖𝑑(2𝑥) − 1 (2.34) 

 

Its range is from -1 to 1. The gradient is stronger for the tanh than 

the sigmoid function. 

iv.  Rectified linear unit (ReLU) is the most commonly used activation 

function [60], where g denotes pixel-wise function, which is nonlinear. It 

gives the output x, if x is positive and it is 0 otherwise [48]. The ReLU is 

represent by 

𝑔(𝑥) = 𝑚𝑥(0. 𝑥) (2.35) 

ReLU is natural nonlinear and its compound is also non-linear, 

meaning that different layers can be stacked together. Its range is from 0 

to infinity, meaning it can also blow up activation. For the polling layer, 

G reduces the size of the properties, while the bottom liner functions 

according to the layer. The fully enclosed layer contains 1 * 1 confusional 

kernel. The prediction layer contains a soft mix that predicts the 

probability of Xj belonging to a different class [58]. 

2.7 Evaluation Methods 

Evaluation evaluates systems of recognition and inference, assessing their 

performance subjectively and quantitatively. Several events establish test 

conditions based on clear instruments and measurements. This section 

examines assessment tools from different perspectives based on 

assessment objectives. 

An inconsistency frame is a type of delivery tool commonly used to 

check the accuracy of a sequencer [47]. This tool is used to explain the 

relationship between current and expected categories. The level of talent 

in a symbol-making model is determined by the correct and incorrect 

order of all possible elements arranged in an irregular frame. Table 1 

shows the inequality networks of filing cabinets in two categories [57]: 
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Table 2.1: Confusion Matrix of Two Classes 

Confusion Matrix 
predicted 

Negative Positive 

Actual 
Negative TN FP 

Positive FN TP 

  

Meanwhile, TP and TN show a very positive and very negative 

separation, as well as just separate positive and negative states [55]. 

Furthermore, FP shows a false positive statement in which all negative 

states were misrepresented as certain and a false negative FN shows all 

true cases misrepresented as negative individuals [59]. In this work, 

which is presented below, the most widely accepted methods have been 

used to assess accuracy, effectiveness, and specificity: 

2.7.1 Accuracy  

Accuracy is the most common criteria that have been used to evaluate the 

performance of the proposed system. It measures the classifier’s 

capability to produce the level of accurate diagnosis [34,37]. Equation 

(2.36) shows the accuracy formula.  

Accuracy = (
TP+TN

TP+TN+FP+FN
)*100 (2.36) 

2.7.2 Precision 

Precision is a concept in computer science specializing in the field of 

Image processing, information retrieval, and information security [31]. It 

has been designed to test the performance of the proposed system. 

Furthermore, precision is a criterion measured by identifying the number 

of results by searching for the number of total results [42]. It can be 

calculated as in the below formula: 
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Precision=
𝐓𝐏

𝐓𝐏+𝐅𝐏
 (2.37) 

2.7.3 Recall 

Recall is used to measure the classifier’s capability to identify the correct 

positive samples. It may be also referred to as a True Positive Rate [34]. 

The recall formula is given by equation (2.38). 

Sensitivity = (
TP

TP+FN
) (2.38) 

2.7.4 F- Score 

The F1 score (in addition to the F score or F measurement) is part of the 

accuracy of the test. It is determined by the accuracy of the test and 

review, where accuracy is the number of actual positive results divided by 

the number of all positive results, even if it is not recognizable, and the 

review is the Number of effective positive results separated by the 

number of all isolated samples as Figure [46]. F1 - the score can be set as 

a setting condition: 

F1-score =
2×Recall×Precision

Recall×Precision
 (2.39) 
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Chapter Three 

The Proposed System 

3.1 Introduction  

There are many kinds of diseases that affect plants and can cause 

incredible damage to various farms and social structures. It can even 

cause incredible natural disasters. Thus, it is wiser to diagnose plant 

diseases in order to be able to keep a strategic distance from such losses. 

In addition, infectious viral infections caused by bacterial and plant 

diseases are the best-known infections that appear as spots on the leaves 

of the plant. These spots make it difficult for such plants to coordinate 

their diet by photosynthetic methods, as they affect the green tones of the 

leaf (chlorophyll) and further greatly affect the development and yield of 

such plants [39]. 

Therefore, this thesis offered a thorough and detailed review of 

various methods for Diagnosis of Plant Disease. This chapter indicated to 

presents the design and implementation of the proposed system with 

techniques and algorithms using in this work.  

3.2 The Proposed DPD-CNN System Discretion  

This work proposed an Automatic System for Diagnosis Plant Disease 

Based on Deep Convolutional Neural Network (DPD-CNN) which has 

the ability to detect and diagnose the most common and dangerous plant 

disease which are bacterial and fungal viral infections. Figure (3.1) shows 

the architecture of the proposed DPD-CNN. 
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   Figure 3.1: General Block Diagram of the Proposed DPD-CNN. 

As shown in Figure (3.1) the proposed DPD-CNN system has five 

main stages (Load leaf image from the dataset, pre-processing image, 

shuffle and splitting dataset, classification using Deep learning or 

machine learning, finally, accuracy performance). Each main stage of the 

proposed system has sub-stages, all these stages cooperating to achieve 

the goals of the proposed system as illustrated in the below subsection. 
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3.3 Dataset and Input images 

The dataset contains 54,315 photos. Image shows 14 species: apple, 

blueberry, cherry, corn, grape, orange, peach, pepper, potato, raspberry, 

soy, pumpkin, strawberry, and tomato. It contains images of 17 parasitic 

diseases, 4 bacterial diseases, 2 forms of infections (oomycete), 2 viral 

diseases and 1 disease caused by insects. In addition, there are 12 types of 

fruit with images of healthy leaves that do not significantly affect the 

disease [36]. Table (3.1) summarizes the data package. 

Table 3.1: List of crops and their disease status currently in the Plant 

Village database. 

             Diseases 

Plants 
Fungi Bacteria Mold Virus Mite Healthy 

Apple (3172) 1527     1645 

Blueberry (1502)      1502 

Cherry (1906) 1052     845 

Corn (3852) 2690     1162 

Grape (4063) 3640     423 

Peach (2657)  2291    360 

Pepper (2475)  977    1478 

Potato (2152) 1000  1000   152 

Soybean (5090)      5090 

Strawberry (1565) 1109     456 

Tomato (18,162) 5127 2127 1910 5357 1676 1592 

However, according to the Plant Village Dataset, a total of (7719) 

images belong to the orange, Raspberry and Squash plants have been 

neglected because they are not labeled yet. Furthermore, a total of 

(23807) images that belong to (Apple, Blueberry, Cherry, Corn, Grape, 

Peach, Soybean and Strawberry) have been neglected because it is not 

common and it is also not focused on the related work. Moreover, these 
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images will suggest in future work. However, this work cover three 

groups of plant disease which are Pepper, Potato, and Tomato. These 

images consist of fourteen classes of normal and infected leaves with a 

total of 22789 images belong to Pepper, Potato, and Tomato. Moreover, 

Figure (3.2) shows a sample of infected leaves and healthy leaves. 

 

Figure 3.2: Examples of different phenotypes of tomato plants. A) 

Healthy leaf B) Early Blight (Alternaria solani) C) Late Blight 

(Phytophthora Infestans) D) Septoria Leaf Spot (Septoria lycopersici) E) 

Yellow Leaf Curl Virus (Family Geminiviridae genus Begomovirus) F) 

Bacterial Spot (Xanthomonas campestris pv. vesicatoria) G) Target Spot 

(Corynespora cassiicola) H) Spider Mite (Tetranychus urticae) Damage  

Furthermore, this work demonstrates the technical feasibility of a 

deep learning approach to enable automatic disease diagnosis through 
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image recognition for all plants disease which have been presented in the 

above discussion. As the discussion which have been done in the above 

chapters, there are several types of plant disease that could be caused by 

fungi and bacteria such as Leaf spot, Leaf blights, rusts, powdery mildew 

and Downy mildew.  

The first stage in the proposed DPD-CNN system is the load color 

image in RGB color space from the dataset.  Plant Village is a database 

that has been established by plant pathology experts before three years 

ago, it is reflecting information sourced from the scientific literature. It is 

containing thousands of plant disease pictures. Furthermore, as 

maintained in the above discussion, this work focused on the types of 

plant disease which are presented above.  

        The image resolution is (256 * 256) pixels, and all of these images 

are available in jpeg format. Figure (3.2) shows a sample of a set of these 

standard data. Basically, the Plant Village dataset was chosen for the 

following reasons [36]: 

• It is the most recent.                                               

• It is available online and free.  

• It has the attributes of the plant leaves which were used in this 

work. 

• The other existing dataset is lack to the above attributes. 

However, several steps have been taken to run and test the proposed 

system as shown below: 

3.4 The Proposed DPD-CNN System 

The proposed system consists of three  main stages which are 

preprocessing, shuffling, and splitting Images and classification stages, 

and these steps are described below: 
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3.4.1 Pre-processing Stage  

Preprocessing aims to remove noise and detected region of interest (ROI) 

before working an analysis. This stage consists of four main sub-stages as 

shown in Figure (3.3), and clarifies as in the following subsection: 

 

Figure 3.3: The preprocessing Stage 

3.4.1.1 Fast Gaussian Blur 

The aim of using the fastest Gaussian blur filter is to remove the noise 

from the input images to resulting the blurring an image by using a 

Gaussian function. When blur an image, will be making the color 

transition from one side of an edge of the image to another smooth rather 

than sudden. The effect is to average out rapid changes in pixel intensity.  

Gausian blur is basically a convolution operation between an input 

images and a Gaussian filter kernel. Algorithm (3.1) show details of the 

fastest Gaussian blur, where the inputs of the algorithm are leave images 

and radius represents "sigma" or "standard deviation". In this algorithm 

will be denote to 2D functions as matrices of values and weight is also 

called the kernel. The value of convolution at [i, j] is the weighted 

average, i. e. sum of function values around [i, j] multiplied by weight. 

Figure (3.3) illustrated an example of output of fastest Gaussian blur step. 
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Algorithm (3.1) Fast Gaussian Blur 

Input: Image, radius 

Output:  Image Gaussian Blur 

Begin 

Step 1: significant radius 

           rs = radius  * 2.57 

Step 2: For each pixle in image do  

                 Set val=0; wsum=0 

                 Set i,j = Coordinates pixle   

                    For each neighborhood for pixle  base on rs do  

                     ix,iy= Coordinates neighborhood    

                     x= min[w-1 , max[0, ix] ] 

                     y = min[ h-1 , max[0, iy] ] 

                     dsq = (ix-j)*(ix-j) + (iy-i)*(iy-i) 

                     wght =  exp( -dsq / (2*r*r) ) / ( PI*2*r*r); 

                     val += imag   [y*w+x] * wght; 

                     wsum += wght 

                  endfor 

                  imagGaussian Blur [I,j] =  val/wsum; 
               end for    

     End for  

  

a) Original Image         b) Gaussian Blur image 

Figure 3.4: An Example of output of fastest Gaussian blur algorithm. 

3.4.1.2 Convert Color Image from RGB to YCbCr Color 

Space 

After applied output of fastest Gaussian blur on RGB color image of the 

dataset, in this step convert color space of images from RGB to YCbCr to 

make ROI (disease area) in leave image more visible. In YCbCr color 
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space separates the luminance and chrominance in the image. The 

luminance of the image will be stored in the Y-channel. The Cb and Cr 

channels hold the chrominance values in blue and red directions 

respectively as shown in Algorithm (3.2). Also, Figure (3.5) is shown an 

example of convert color image from RGB to Ycbcr color space.  

 

  
      a) RGB image Gaussian Blur b) YCbCr image 

Figure 3.5: An Example of convert color image from RGB to Ycbcr 

color space. 

As shown in Figure (3.5), the green section has the most effect on 

the Y-channel, as natural eyes generally feel green followed by the red 

and blue segments. When R, G, and B are in the range 0 ... 255 (as in the 

case of 24-digit images), Y will also be in the range 0 ... 255, and Cb and 

Cr will have ranges - 128 ... 127.  Normally the value 128 is added to 
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channels Cb and Cr to make them part of an unsigned byte information 

type.  

3.4.1.3 Fast Fourier Transform  

Fast Fourier Conversion FFT is used to change an image from the 

(spatial) image space to the iteration area to light, because an application 

channel for images in the iteration area is faster than doing the same in 

image space. 

This step aims to enhancement and visible more details of the image 

in faster time so to apply the FFT algorithm on Ycbcr image will be need 

the forward and inverse transforms of the image to the frequency domain 

and back as shown in Algorithm (3.3). 

Algorithm (3.3) Fast Fourier Transform   

Input: Ycbcr image 

Output: Fourier Transform image  

Step 1: Compute the 2-dimensional Fast Fourier Transform  

Step 2: Shift the zero-frequency component to the center of the spectrum 

Step 3: Inverse of Step 2. Shift the zero-frequency component back to 

            original location  

Step 4: Inverse of Step 1. Compute the 2-dimensional inverse Fast 

             Fourier Transform. 

End  

 

The FFT steps described in (3.3) are applied to an anthracnose leaf 

image, which was seen in Figs. (3.6), and the sign decays into broken 

parts to create its frequencies. At the end of the FFT, the image moves 

from the space area to the reproduction area. Each point speaks of a 

certain repetition in the first image. After applying FFT, the image is 

changed so that the DC segment F (0, 0), which refers to brightness, is 

displayed in the center of the image. 
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In addition, the white area in the interval image in Fig (3.6), shown 

after the FFT, shows the high iteration intensity. The corners of the image 

speak of low frequency ranges. Thus, joining two points, the white area at 

the angle shows high energy at the low / zero frequencies, which is a 

common condition for most images. 

The FFT Cover 2-D FFT indicated in Figure (3.6) has an 

interpretation and inversion capabilities so that it can be moved without 

losing data pieces. The zero-repetition segment is moved to the center of 

the area, making the image of the area more visible to humans. In 

addition, this interpretation can help us to run the High / Low Pass 

channel without any problems. Finally, in Figure (3.6), the opposite 

Fourier Transform was realized to obtain the first image without low 

frequencies. 

 
Figure 3.6: Fast Fourier transform (FFT) steps 

3.4.1.4 Morphology Dilation Operation  

The last step in preprocessing is morphology Gray dilation operation. The 

Gray image that obtains from the previous step has strong and weak 
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pixels so this step aims to make weak pixels more visible, fills in small 

holes in objects, and remove small region which considered as 

unimportant areas or noise on the resulting image and keep the useful 

areas for processing in the next steps. A dilation operation expands the 

image pixels and extended the object boundaries by adding pixels to 

them. For more, the result pixel value is equal of the maximum value of 

all the neighborhood pixels. Algorithm (3.4) is illustrated the dilation 

operation in detail [38]. 

Algorithm (3.4) Morphology Dilation Operation  

Input:  Grayscale image, Kernel 

Output: Output Grayscale image  

Step 1: for each pixel in image do  

                  If pixel =255  then  

                       for each neighborhood for pixel base on Kernel do 

                            if neighbP  =0 then   

                                newpixel=255 

                            else  

                                loop 

                            endif  

                        End for  

                  Else  

                     loop 

                  Endif   

             End for  

End  

 

In Algorithm (3.4), the dilation operation takes two inputs. The first 

is the part of image in (gray) format which be dilated. The second is a 

(usually small) set of coordinate points which is known as a structuring 

element or (the kernel). Figure (3.7) shows an example of the output of 

morphology Gray dilation operation on an anthracnose-infected leaf 

image. 

https://homepages.inf.ed.ac.uk/rbf/HIPR2/strctel.htm
https://homepages.inf.ed.ac.uk/rbf/HIPR2/strctel.htm
https://homepages.inf.ed.ac.uk/rbf/HIPR2/kernel.htm
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Figure 3.7: An example of morphology Gray dilation operation on an 

anthracnose-infected leaf image. 

3.4.2 Shuffling and Splitting Images stage 

The dataset is segmented into two parts, the first part consists of 70% for 

train the proposed system. Whereas, the second part consists of 30% 

which has been used to test the proposed system. In order to obtain the 

Gray images in the last stage of the preprocessing stage, the dataset has 

been shuffled and split as shown below: 

i. Shuffling dataset:   The data set was reorganized using Python's 

“random. Shuffled” method. This is a computational reorganization 

request that relies on an arbitrary number generator. After application, 

the image query, which was originally in sequential order, is now 

mixed with the entire database. 

ii. Splitting dataset:   The database is part of the accompanying 

project - first 30% of the total dataset is displayed and stands as a test 

set, then all the remaining data is again part of the 70/30 percentage, 

where the bit is used as a license. The rest is used to prepare the 

algorithm. The preparatory and approval sets are used to prepare the 

algorithm, while the test set is simply used after the classifier has 

been ready to make predictions. 



Chapter Three                                                          The Proposed System 
 

44 
 

3.4.3 Classification Stage  

The Proposed DPD-CNN in the classification stage is divided into two 

branches which are: 1) Deep learning using CNN algorithm; 2) ML 

machine learning, in this branch using two sub-step; feature extraction 

using LDA algorithm and classification step using (Naïve Bayes NB and 

Random Fours) algorithms. 

3.4.3.1 Deep learning using CNN Algorithm 

This dataset comprises healthy or diseased leaf images classified into 

labels (10 diseases and 15 health classes for all plants). Images were split 

into training 68%, validation 17%, and test 15% datasets. In Algorithm 

(3.5) is shown in detail classification stage using the CNN algorithm. 

Furthermore, these percentages of training, validation, and testing have 

been fitted according to the related work which discussed in the above 

chapters. 
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Algorithm (3.5) CNN algorithm 

Input: Image  

Output: CNN Model 

Begin   

Step 1:  Create layers model  

           Step1-1:Convolutinal2D(Conv =16,Size Mask=(3, 3,) activation='relu') 

           Step1-2:,MaxPooling2D(pool_size =(2, 2) 

           Step1-3:Convolutinal2D(Conv =32,Size Mask=(3, 3,) activation='relu') 

           Step1-4:,MaxPooling2D(pool_size = (2, 2) 

           Step1-5:Convolutinal2D(Conv =64,Size Mask=(3, 3,) activation='relu') 

           Step1-6:,MaxPooling2D(pool_size = (2, 2)  

           Step1-7:Convolutinal2D(Conv =128,Size Mask=(3, 3,) activation='relu') 

           Step1-8:,MaxPooling2D(pool_size = (2, 2) 

           Step1-9:Convolutinal2D(Conv =512,Size Mask=(3, 3,) activation='relu') 

           Step1-10:,MaxPooling2D(pool_size = (2, 2) 

           Step1-11:Convolutinal2D(Conv =1024,Size Mask=(3, 3,) 

activation='relu') 

           Step1-12:,MaxPooling2D(pool_size = (2, 2) 

           Step1-13 Flatten  

           Step1-14:, Dropout(0.6) 

           Step1-15:, Dense(0.6) 

           Step1-16:, Dense (1024, activation='relu'  

,kernel_regularizer=regularizers.l2(0.002) 

           Step2-17: Dense(14, activation='softmax'))) 

 Step2 :Error J(W) Calculation BackPropagation Parameter updata 

             If Convergence =no then  

                  Epoch +=1; 

                  got step 1 

             Else  

              Got to step 4 

Step : save CNN Model 

End  

 

As shown in Algorithm (3.5), a CNN passes a raw image through the 

network layers and provides a final class as an output. The CNN 

algorithm consists of 12 layers, the convolution is performed on the input 

anthracnose-infected leaf image with the use of a filter or kernel to then 

produce a feature map. In the convolution layer execute a convolution by 
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sliding the filter with size 3*3 over the input anthracnose-infected leaf 

image. At every location, a matrix multiplication is performed and sums 

the result onto the feature map as shown in Figure (3.8). 

 

Figure 3.8: Convolutional Layer; a) Grayscale anthracnose-infected leaf 

image, b) data of one block of the input image, c) kernel 3*3; d) multiply 

the data block 3*3 from input image and kernel, e) the results of multiply 

operation, e) feature map. 

Furthermore, the activation function in Algorithm (3.5) is added to 

our network anywhere in between two convolutional layers or at the end 

of network. It helps in making decision about which information should 

fire forward and which not by making decisions at the end of any 

network. Also, it is used mostly as it does its task with great efficiency, it 

basically is a probabilistic approach towards decision making and ranges 

between 0 and 1, so when there is need to make a decision or to predict 

an output it should use this activation function because of the range is the 

minimum, therefore, the prediction would be more accurate. 

The Rectified Linear unit (ReLU) Activation function is using 

activation function right now which ranges from 0 to infinity. All the 

negative values are converted into zero. 
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Max pooling layer is used to reduce the dimensionality of the 

feature map in order to reduce the processing time. In max pooling layer 

take a filter of size f*f and apply the maximum operation over the f*f 

sized part of the image. Mostly pooling is done with a filter of size 2*2 

with a stride of 2, subsequently; the image size has been reduced into half 

as shown in example Figure (3.9). 

 

Figure 3.9: Max Pool Layer 

The flat layer is used to turn the value into one dimension. This is 

done with the tensor flow framework. It gets the output of previous 

convolutional layers and flattens its structure to create a single property 

vector that a fully combined layer can use in classification. 

In Dropout Layer, the input elements with a certain probability are 

deactivated or dropped out such that the individual neurons are able to 

learn the features that are less dependent on their surroundings. This 

process takes place only during the training phase.  

The Dense layer is the regular deeply connected neural network 

layer. It is the most common and frequently used layer. The Dense layer 

does the below operation on the input and returns the output. Dense is the 

only actual network layer in that model. A Dense layer feeds all outputs 

from the previous layer to all its neurons, each neuron providing one 

output to the next layer. It's the most basic layer in neural networks. 
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3.4.3.2 Machine Learning  

The further branch of classification, the machine learning algorithms have 

been employed, it is consists of two sub-stages which are (feature 

extraction and the classification stage by using machine learning 

algorithms) as described below: 

i. Feature Extraction by using Linear Discriminant 

Analysis (LDA) 

In this stage extract features from anthracnose-infected leaf images using 

LDA algorithm, the number of features represents a number of column in 

each image, for example if the input image dimension 255*255 then a 

number of features equal 255 and the number of the class represents  the 

number of the input image. Then, in the LDA algorithm take all class 

probability to compute highest eigenvectors as shown in Algorithm (3.6).  
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Algorithm (3.6) the steps of LDA to extract features 

Input: number of features, y=number of class, k=dimension reduction space 

Output: features that have the highest contrast 

Begin   

Step 1: Compute the mean vectors for the different classes from the dataset         (2.14) 

Step 2: Computing the scatter matrices                                                                       (2.15) 

2-1: within-class scatter matrix                                                                                     (2.16) 

2-2: between-class scatter matrix                                                                                 (2.17) 

Step3: Compute the eigenvectors (e1, e2,…,ed) and corresponding eigenvalues(λ1, 

λ2,.., λd) for the scatter matrices. Av= λv                                                                      (3.4) 

And A=𝒔𝒘
−𝟏𝒔𝑩, V= eigenvectors, λ= eigenvalues 

Step 4: Sort the eigenvectors by decreasing eigenvalues and choose k 

             eigenvectors with the large eigenvalues to form a d × k dimensional 

              Matrix W (where every column represents an eigenvector) 

Step 5: Calculate the eigenvalues for C=[ λ1> λ2 … > λ3] 

Step 6: Use this d × k eigenvectors matrix to transform the samples onto the new 

subspace. This can be summarized by the matrix multiplication 

 Y=X × W                                                                                                                         (3.5) 

Where x is an n × d dimensional matrix representing the n samples, and y is the 

transformed n × k-dimensional                                                                                                                                                                                                                                                              

End  

 

ii. Classification using Naïve Bayes and Random Forest 

The final stage in the proposed DPD-CNN system is classification stage, 

this stage using two classification algorithm Naive Bayesian Classifier 

(NB) as illustrated in sub-section (a) and Random force as clarified in 

sub- section (b). 
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a) Naive Bayesian Classifier (NB) algorithm  

NB classifier in the proposed work divides the dataset into 70% a training 

set employed to train the classifier and 30% a testing set employed to 

evaluate performance accuracy of the classification system as shown in 

algorithm (3.7). 

Algorithm (3.7) Naive Bayes 

Input: Matrix Dataset 

Output: Calculate the probabilities of predicting each class 

Begin   

Step 1: Split the dataset by class values         

Step 2: Split dataset by class then Calculate statistics for each row                                                                     

Step 2-1: Calculate the mean of a list of class                                                                                   

step 2-2: Calculate the standard deviation of a list of numbers 

step 2-3: Calculate the mean,stdev and count for each column in a dataset                                                                                

Step 3: Calculate the probabilities of predicting each class for a give row                   

Step 3-1: Calculate the Gaussian probability distribution function for X                                                                                                                                                                                                                                                    

End  

 

b) Random Force classification algorithm  

In the proposed system, the Random Force classifier has been employed 

to segment the dataset into two part. The first part contains 70% of the 

dataset, and it is used for training the proposed system. Whereas the 

second part contains 30% of the dataset, it is used for testing the proposed 

system, then, evaluate the performance accuracy of the proposed system 

to classify the plant disease as shown in an Algorithm (3.8). 
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Algorithm (3.8) Random Forest  

Input: Matrix Dataset 

Output: Best Tree 

Begin   

Step 1: Select random samples from a given dataset        

Step 2: Construct a decision tree for each sample and get a prediction result from each 

decision tree                                                                  

Step 2-1: Calculate the prior entropy of the data set                                                                                  

step 2-2: Calculate the information gain for each attribute 

step 2-3: Calculate the attribute that had the maximum information gain 

step 2-4: Partition the data set based on the values of the attribute that had the 

maximum information gain      

step 2-5: Repeat steps 1-4 for each branch of the tree using the relevant partition                                                                          

Step 3: Voting will be performed for every predicted result                                                                                                                                                                                                                                                  

End  
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Chapter Four 

Implementation and Experimental Results  

4.1 Introduction 

There are several types of plant diseases that could negatively affect the 

producing agriculture. Detect and diagnosis plants' diseases effectively is 

required to increase the producing agricultural. Information technology 

has a big role in detect and diagnosis plant diseases. However, in this 

work, the most common effective deep learning technique for plants 

diseases classification has been employed which is CNN. This technique 

has the ability to classify the plant leaf into healthy and infected 

according to the trained data. Finally, this chapter presents the 

experimental results and discusses the extracted outcomes. 

4.2 Implementation Environment 

This section describes the implementation environment. It is divided into 

software and hardware as described as follows. 

• Software: This research has employed Python, Windows 10. 

Furthermore, there are many libraries, classes, and functions that are 

available on Python. However, this work mainly used the Graphic 

User Interface (GUI) library to build the simulation because it fully 

supported the proposed system environment. Also, python includes 

common tasks in image processing such as displaying images, basic 

manipulations like cropping, flipping, rotating, etc, Image 

Segmentation, Classification and feature extractions, Image 

restoration, and Image recognition. Python becomes an apt choice for 
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such Image processing tasks. This is due to its growing popularity as 

a scientific programming language and the free availability of 

many State of the Art Image Processing tools in its ecosystem. 

• Hardware: The simulation is implemented by using one laptop with 

specifications of Intel (R) Core (TM) i7-5500U processor, 2.40GHz, 

and 16 GB RAM. 

4.3 Dataset  

Using a public dataset of 54,306 images of diseased and healthy plant 

leaves named Plant Village as shown in table (4.1) [36]. The image 

resolution is (256 * 256) pixels, and all of these images are available in 

RGB format. Subsequently, a deep convolutional neural network is 

trained to classify crop species and disease status of 15 different classes 

containing 14 crop species and 10 diseases. 

4.4 Performance of the proposed (DPC-CNN) System 

The proposed DPD-CNN system is divided into two subsystem. Both 

subsystems followed the same preprocessing dataset steps, but using 

different classification algorithms where the first system represents 

diagnosis plant disease based on machine learning using naïve Bayesian 

and Random forest classification algorithms; the second system 

represents diagnosis plant disease based on deep learning using deep 

Convolutional Neural network CNN. Finally, compared the results of 

both systems based on accuracy metrics to find the best performance of 

each subsystem to diagnosis plant disease. So the results of each stage of 

the proposed DPD-CNN are illustrated in subsections below. 

4.4.1 Load Plant Images from Dataset  

The first stage of the proposed DPD-CNN system is to import the images 

from the PlantVillage dataset. The dataset contains 14 different classes as 

shown in table (4.1). 
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Table (4.1) Plant Dataset Classes 

# Class Label 

0 Pepper__bell___Bacterial_spot C1 

1 Pepper__bell___healthy C2 

2 Potato___Early_blight C3 

3 Potato___healthy C4 

4 Potato___Late_blight C5 

5 Tomato__Target_Spot C6 

6 Tomato__Tomato_YellowLeaf__Curl_Virus C7 

7 Tomato_Bacterial_spot C8 

8 Tomato_Early_blight C9 

9 Tomato_healthy C10 

10 Tomato_Late_blight C11 

11 Tomato_Leaf_Mold C12 

12 Tomato_Septoria_leaf_spot C13 

13 Tomato_Spider_mites_Two_spotted_spider_mite C14 

  Furthermore, because the dataset is huge, four image samples have 

been illustrated for each class. Table (4.2) illustrated the images samples 

for each class with their histogram. Here the histogram is important to 

show the pixel distribution in the original image in order to know the 

effect of the operations that will be performed on the database images in 

each class by comparing the results of each operation with the original 

histogram. 

Table (4.2) Plant Class Sample Images with Its Histogram. 

Class Simple Image Hist Simple Image Hist 

C1 
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C2     

    

C3     

    

C4     

    

C5 
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C6     

    

C7     

    

C8     

    

C9 
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C10     

    

C11     

    

C12     

    

C13 
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C14     

    

4.4.2 The Results Images Pre-Processing Stage 

The plant image preprocessing stage has four sub-steps which are 

(Gaussian Fourier, convert image from RGB to YCrCb , Discrete Fourier  

Transform, and Morphology operation). The results of each sub-steps of 

preprocessing plant images are illustrated in order in the subsection 

(4.4.2.1, 4.4.2.2., 4.4.2.3, and 4.4.2.4).  

4.4.2.1 The Results of Gaussian Blur Step 

The first step in preprocessing is Gaussian blur by applies median value 

to the central pixel within a kernel size (x × y) as shown in algorithm in 

(3.1) to remove noise from input samples plant images for each 14 class 

as shown in table (4.3). As shown in table (4.3) the effect of Gaussian 

blur filter on sample images is to create a normal distribution of images 

pixels values, smoothing out some of the randomness, and removed all 

the unwanted details. 
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Table (4.3) Results of Gaussian Blur on plant sample with its Histogram. 

Class 
Gaussian 

Blur 
Histogram 

Gaussian 

Blur 
Histogram 

C1     

    

C2 

    

 

    

C3 

    

 

    

C4 
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C5     

    

C6     

    

C7     

    

C8 
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C9     

    

C10     

    

C11     

    

C12 
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C13     

    

C14     

    
 

4.4.2.2 Results of Converting the plant Image from RGB to 

YCbCr color space 

The second step in the preprocessing stage is to convert color 

plant image samples for 14 classes from RGB to YCbCr using 

an algorithm (3.2) to detect the disease spot in plant images as 

shown in table (4.4). 
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Table (4.4) Results of transform plant images from RGB to YCbCr Color 

Space. 

Class YCbCr Histogram YCbCr Histogram 

C1 

    

    
C2 

    

    
C3 

    

    
C4 
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C5 

    

    
C6 

    

    
C7 

    

    
C8 
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C9 

    

    
C10 

    

    
C11 

    

    
C12 
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C13 

    

    
C14 

    

    
 

4.4.2.3 Fast Discrete Fourier Transform   

The third step in the preprocessing stage is the fast discrete Fourier 

transform FFT to helps bring out the edge features of the leaves, thus 

potentially improving the performance of the proposed system as discuses 

in an algorithm (3.3). Table (4.5) illustrated the effect of the FFT 

algorithm on all plant sample images for 14 classes. 
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Table (4.5) Results of FFT algorithm. 

Class FFT 

C1 

  

  
C2 

  

  
C3 
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C4 

  

  
C5 

  

  
C6 
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C7 

  

  
C8 

  

  
C9 
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C10 

  

  

C11 

  

  
C12 
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C13 

  

  
C14 

  

  
4.4.2.4 Morphology Dilation Operation  

The final step in preprocessing is morphology dilation operation as shown 

in an algorithm (3.4) to transform samples plant images for all 14 classes 

from YCbCr to grayscale image and make ROI more visible after an as 

clarifies in the table (4.6). 
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Table (4.6) Results of Morphology Dilation Operation. 

Class Morphology Dilation Operation 

C1 
  

  
 

C2 

  

 

  

C3 
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C4 

  

 

  

C5 

  

 

  

C6 

  

 

  

C7 
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C8   

  

C9 
  

  

C10 
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C11 
  

  

C12 
  

  

C13 
  

  

C14 
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4.4.3 Classification Stage  

In this stage, the proposed system is divided into two subsystems: a) 

detection and diagnosis plant disease based on machine learning using 

Naïve Bayesian and Random Forest, the results of this system illustrated 

in subsection (4.4.3.1). b) Represents detection and diagnosis plant 

disease based on deep learning using Deep Convolutional Neural 

Network CNN (CNN), the results of CNN system clarified in subsection 

(4.4.3.2). 

4.4.3.1 Results of Classification based on Machine Learning 

Algorithm  

The first subsystem is the classification based on machine learning 

algorithm using two most popular algorithm which are Naïve Bayesian 

(NB) and Random Forest (RF), the system is consists of two main steps 

(feature extraction using LDA algorithm and classification using NB and 

RF algorithms), the results of the performance of each step illustrated in 

subsection (i, ii, and iii). 

i. Results of Feature Extraction using LDA  

The LDA algorithm first computes the mean vectors for 14 classes from 

the plant dataset using equation (3.4) as shown in figure (4.1). 
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 Mean 

 

0 170.8788 

1 160.3333 

2 164.3485 

3 169.9242 

4 159.4545 

5 163.5303 

6 170 

7 159.6212 

8 163.6364 

9 170.2576 

10 160.0152 

11 163.7879 

12 170.2879 

13 160.1212 

14 163.6818 

15 170.303 

Figure (4.1) mean vectors for 14 classes from the plant dataset. 

Table (4.7) shown the results of mean normalization for all features 

of the 14 plant classes dataset and its histogram is shown in figure (4.2) 

using equation (3.6). 

Table (4.7) Mean Normalization. 

 Features 
 

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

0 -42 -14 6 14 -4 22 3 16 23 4 -48 16 -30 -51 -2 0 13 

1 -46 -23 10 20 -7 26 -3 0 26 8 -34 20 -31 -53 -4 -16 4 

2 -33 -25 8 17 -19 24 -1 -20 31 29 -39 44 -4 -53 -6 -37 -6 

3 -134 -11 12 6 3 23 9 16 24 7 -46 16 -29 -59 -3 4 15 

4 -135 -20 16 12 0 27 2 0 27 11 -32 22 -30 -61 -5 -11 6 

5 -123 -22 14 9 -11 25 4 -20 41 32 -37 43 -4 -61 -7 -32 -4 

6 -155 -7 7 12 3 22 9 25 26 7 -47 21 -34 -62 -1 7 23 

7 -148 -15 11 18 0 26 2 9 28 11 -32 28 -34 -63 -2 -8 14 

8 -141 -17 9 15 -11 24 4 -11 48 32 -37 44 -8 -63 -4 -29 3 

9 -154 -5 3 10 5 23 0 11 22 5 -47 15 -39 -54 2 7 4 

10 -144 -14 7 16 2 27 -7 -4 27 9 -33 23 -40 -56 0 -8 -4 

11 -141 -15 6 14 -8 26 -4 -24 41 31 -37 36 -13 -55 0 -28 -14 

12 -155 -6 9 19 3 27 -4 8 21 6 -45 11 -32 -50 -1 6 17 

13 -144 -15 13 25 0 31 -11 -7 29 10 -31 20 -33 -52 -3 -9 8 

14 -143 -16 12 23 -10 30 -8 -27 33 32 -35 31 -6 -51 -4 -29 -1 
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15 -155 -4 17 13 2 30 -6 26 21 3 -50 19 -31 -51 3 -2 1 

16 -144 -13 21 19 0 34 -13 9 30 7 -36 29 -32 -53 1 -18 -7 

17 -144 -14 20 17 -11 33 -10 -10 35 29 -40 39 -5 -52 0 -38 -17 

18 -153 -10 12 16 -1 30 -4 18 23 6 -49 26 -25 -56 4 6 3 

 

Figure (4.2) Histogram of mean normalization in LDA algorithm. 

Table (4.8) shown the results of mean normalization for all features of 

the 14 plant class's dataset and its histogram shown in figure (4.3) using 

equation (3.7). 

Table (4.8) Mean Normalization T 

 Features 

 0 1 2 3 4 5 6 7 

0 69290614 4037897 -1.5E+07 -1675786 -7856745 -6477662 -6212600 13488 

1 4037897 40656739 -3381553 -7237579 4694910 -1E+07 5234070 -4139418 

2 -1.5E+07 -3381553 61543979 7151265 8007487 6215138 2394223 15568614 

3 -1675786 -7237579 7151265 31493684 -4373522 7336668 -4180978 4482249 

4 -7856745 4694910 8007487 -4373522 57610284 -2321051 4775657 3627076 

5 -6477662 -1E+07 6215138 7336668 -2321051 48282230 -3881570 7203841 

6 -6212600 5234070 2394223 -4180978 4775657 -3881570 38120855 3395253 

7 13488 -4139418 15568614 4482249 3627076 7203841 3395253 85044092 

8 -4020533 3346896 18729443 -3236540 10289906 7231898 6100854 -3368219 

9 -4317504 9012839 -1E+07 -1.3E+07 -3479658 -1.5E+07 4224909 -2.5E+07 

10 -4293540 -3875774 9187232 3803255 -1248491 6351603 -4406118 -1514537 

11 -1699146 -4488050 -2315644 3478087 -1.2E+07 -789467 -9893912 -1.5E+07 

12 -4519332 -887523 3322934 -955423 -5251222 -532923 -3108947 -2943496 

13 9457645 -1152055 1559500 2642020 5809523 -2983993 -3562182 10687897 

14 -3115056 4057574 -9593859 -6208345 8260628 -5983571 13145943 2998649 
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15 1245993 -1E+07 4092082 2204808 -9318783 5855080 -6564453 18737085 

 

 
Figure (4.3) Histogram of mean normalization T in LDA algorithm. 

Table (4.9 and 4.10) shows the Eigenvectors by using equation (3.8) 

for all features. Figure (4.4 and 4.5) shows histograms of values of 

Eigenvectors. 

Table (4.9) Eigenvectors 

 Features 
 

0 1 2 3 4 5 6 7 

0 69290614 4037897 -1.5E+07 -1675786 -7856745 -6477662 -6212600 13488 

1 4037897 40656739 -3381553 -7237579 4694910 -1E+07 5234070 -4139418 

2 -1.5E+07 -3381553 61543979 7151265 8007487 6215138 2394223 15568614 

3 -1675786 -7237579 7151265 31493684 -4373522 7336668 -4180978 4482249 

4 -7856745 4694910 8007487 -4373522 57610284 -2321051 4775657 3627076 

5 -6477662 -1E+07 6215138 7336668 -2321051 48282230 -3881570 7203841 

6 -6212600 5234070 2394223 -4180978 4775657 -3881570 38120855 3395253 

7 13488 -4139418 15568614 4482249 3627076 7203841 3395253 85044092 

8 -4020533 3346896 18729443 -3236540 10289906 7231898 6100854 -3368219 

9 -4317504 9012839 -1E+07 -1.3E+07 -3479658 -1.5E+07 4224909 -2.5E+07 

10 -4293540 -3875774 9187232 3803255 -1248491 6351603 -4406118 -1514537 

11 -1699146 -4488050 -2315644 3478087 -1.2E+07 -789467 -9893912 -1.5E+07 

12 -4519332 -887523 3322934 -955423 -5251222 -532923 -3108947 -2943496 

13 9457645 -1152055 1559500 2642020 5809523 -2983993 -3562182 10687897 

14 -3115056 4057574 -9593859 -6208345 8260628 -5983571 13145943 2998649 
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15 1245993 -1E+07 4092082 2204808 -9318783 5855080 -6564453 18737085 

 

 

Figure (4.4) Histogram of Eigen vector for all features 

In table (4.10) shown Eigen value in LDA algorithm to take all 

class probability and compute highest eigenvectors. 

Table (4.10) Eigen Value 

 
0 1 2 3 4 5 6 7 

0 69290614 4037897 -1.5E+07 -1675786 -7856745 -6477662 -6212600 13488 

1 4037897 40656739 -3381553 -7237579 4694910 -1E+07 5234070 -4139418 

2 -1.5E+07 -3381553 61543979 7151265 8007487 6215138 2394223 15568614 

3 -1675786 -7237579 7151265 31493684 -4373522 7336668 -4180978 4482249 

4 -7856745 4694910 8007487 -4373522 57610284 -2321051 4775657 3627076 

5 -6477662 -1E+07 6215138 7336668 -2321051 48282230 -3881570 7203841 

6 -6212600 5234070 2394223 -4180978 4775657 -3881570 38120855 3395253 

7 13488 -4139418 15568614 4482249 3627076 7203841 3395253 85044092 

8 -4020533 3346896 18729443 -3236540 10289906 7231898 6100854 -3368219 

9 -4317504 9012839 -1E+07 -1.3E+07 -3479658 -1.5E+07 4224909 -2.5E+07 

10 -4293540 -3875774 9187232 3803255 -1248491 6351603 -4406118 -1514537 

11 -1699146 -4488050 -2315644 3478087 -1.2E+07 -789467 -9893912 -1.5E+07 

12 -4519332 -887523 3322934 -955423 -5251222 -532923 -3108947 -2943496 

13 9457645 -1152055 1559500 2642020 5809523 -2983993 -3562182 10687897 

14 -3115056 4057574 -9593859 -6208345 8260628 -5983571 13145943 2998649 

15 1245993 -1E+07 4092082 2204808 -9318783 5855080 -6564453 18737085 

16 -2.4E+07 -7152510 17760154 3084539 -3921108 12144797 825934 12725655 

17 -1.5E+07 -2326240 6011335 -1313845 -1535175 -1881127 -5190573 -1.1E+07 
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Figure (4.5) Histogram Eigen values for all features. 

ii. Results of Naïve Bayesian Classification Algorithm  

The results of naïve Bayesian (NB) depending on values of confusion 

matrix as discussed in section (2.6). Figure (4.6) illustrated the confusion 

matrix for 14 classes in plant disease. 

 

 Figure (4.6) NB confusion matrix for 14 classes. 

Table (4.11) shows the values of precision,   recall, F1-score, and 

support for each 14 classes based. 
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Table 4.11: Results of precision, recall, f1-score, and support of NB 

algorithm. 
# Class Precision Recall F1-Score Support 

0 1.00 0.78 0.88 51 

1 1.00 1.00 1.00 73 

2 1.00 1.00 1.00 50 

3 0.50 1.00 0.67 7 

4 1.00 1.00 1.00 50 

5 1.00 1.00 1.00 70 

6 1.00 0.96 0.98 160 

7 1.00 0.94 0.97 106 

8 1.00 1.00 1.00 50 

9 1.00 1.00 1.00 79 

10 0.85 0.99 0.91 95 

11 1.00 1.00 1.00 47 

12 0.99 1.00 0.99 88 

13 1.00 1.00 1.00 83 

Moreover, in order to evaluate the performance of the proposed system 

and compare the obtained results with the related work, there is a need to 

calculate the accuracy. Therefore, the accuracy of the machine learning 

techniques have been calculated. Table (4.12) shows the accuracy value 

of Naïve Bayesian  

Table 4.12: Total Accuracy value of the NB classification system. 

Number of images Accuracy % 

1009 98 

iii. Results of Random Forest Classification Algorithm  

The results of random forest (RF) depending on the values of the 

confusion matrix as discussed in section (2.6). Figure (4.7) illustrated the 

confusion matrix for 14 classes in plant disease. 
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Figure (4.7) Random Forest confusion matrix for 14 classes. 

Table (4.13) shows the values of precision, recall, f1-score, and    

support for each 14 classes. Whereas, Table (4.14) shows the accuracy of 

Random Forest classification. 

Table 4.13: Results of precision, recall, f1-score, and support for RF 

algorithm. 

# Class Precision Recall F1-Score Support 

0 1.00 0.78 0.88 51 

1 0.97 1.00 0.99 71 

2 0.90 0.98 0.94 46 

3 0.50 1.00 0.67 7 

4 1.00 0.91 0.95 55 

5 1.00 1.00 1.00 70 

6 1.00 0.96 0.98 160 

7 1.00 0.94 0.97 106 

8 1.00 1.00 1.00 50 

9 1.00 1.00 1.00 79 

10 0.85 0.98 0.91 96 

11 1.00 1.00 1.00 47 

12 0.99 1.00 1.00 88 

13 1.00 1.00 1.00 83 
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Table 4.14: Total Accuracy value of RF classification system. 

Number of images Accuracy % 

1009 97 

iv. Comparison Between NB and RF Algorithm  

In this subsection, the results of the machine learning classification 

methods which are (NB and RF) have been illustrated. Furthermore, both 

of NB and RF achieved a good result in detection and diagnosis the plants 

disease with accuracy of 97 % for RF and 98% for NB as shows in table 

(4.12 and 4.14). Subsequently, by using 1009 plant image for 14 classes.  

4.4.3.2 Results of Classification based on Deep Learning 

Algorithm  

The second subsystem is the proposed CNN system which is classified 

based on a deep learning algorithm using convolutional Neural network 

CNN algorithm, After splitting the plant dataset into three parts as 

illustrated in table (4.7), the training and validation of CNN as clarifies in 

the algorithm (3.5) shown in table (4.15), where the number of   

epoch=200 and the CNN algorithm running 230 for each epoch, the 

results of each epoch step are training time in second, value of training 

loss (Tran-loss), the value of training accuracy (Tran-acc), the value of 

validation loss (val-loss), and value of validation accuracy (val-acc). 

Histogram of training and validation as shown in figure (4.9) and figure 

(4.10) shown histogram of training and validation accuracy. 
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Table 4.15: Results of proposed DCNN. 

# epoch Time Tran-loss Tran-acc val-loss val-acc 

1 3s 2.4591 0.3189 1.9097 0.4397 

2 3s 1.7851 0.5148 1.6084 0.6163 

3 3s 1.5645 0.6007 1.0705 0.6584 

4 3s 1.3411 0.6698 1.0357 0.6991 

5 4s 1.2434 0.7030 1.1679 0.7015 

6 3s 1.1076 0.7310 0.8780 0.7703 

7 4s 1.0320 0.7606 1.2022 0.7591 

8 13s 0.9935 0.7775 0.7197 0.8118 

9 19s 0.8857 0.8022 0.6171 0.8292 

10 2s 0.8151 0.8193 1.0522 0.7965 

11 3s 0.8218 0.8254 0.7965 0.8416 

12 3s 0.7209 0.8516 0.9008 0.8474 

13 3s 0.7266 0.8437 0.7962 0.8074 

14 3s 0.6556 0.8666 0.4762 0.8810 

15 3s 0.6469 0.8686 0.8810 0.8844 

16 3s 0.5881 0.8849 0.6124 0.9007 

17 3s 0.5243 0.8965 0.6273 0.8685 

18 3s 0.5608 0.8901 0.5452 0.9022 

19 3s 0.5152 0.9048 0.4398 0.8743 

20 3s 0.5067 0.9026 0.4302 0.8591 

21 3s 0.4717 0.9135 0.5418 0.8924 

--- --- --- --- --- --- 

200 4s 0.1030 0.9931 0.0913 0.9549 
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Figure (4.8) Histogram of training and validation loss. 

 

 
 Figure (4:9) Histogram of training and validation Accuracy. 

Table (4.16) shows best accuracy value in proposed CNN using CNN 

algorithm. 

Table (4.16) best accuracy value in proposed CNN using CNN algorithm 

Number of Epoch Accuracy% 

152 99.51 
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4.4.4 The Comparison of machine learning and Deep 

learning 

In this section shown comparison of best performance between proposed 

DPD & CNN systems based on accuracy values as shown in figure (4.11). 

In Figure (4.11) shows the illustrated the proposed CNN has best 

performance where the best accuracy value is 99. 5% but the proposed 

DPD achieved accuracy of 97%. 

 

Figure (4.10) the comparison of machine learning and deep learning 

based on accuracy. 

4.5 Analysis and discussion 

Numerous techniques have been proposed, developed, and 

implemented to detect and diagnose plant diseases. Most of these are not 

able to detect and diagnose planets disease with the best accuracy. This 

work proposed, implemented, evaluated, and compared an automatic 

system for early plants diseases detection and diagnosis system. The 

system is based on Deep Conventional Neural Network. However, the 

DPD DCNN
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results showed that the proposed system is efficient for early plants 

diseases detection and diagnosis. 

Most methods in the literature report classification accuracies 

between 50% and 90%. Those achieving higher accuracies were usually 

tested with one disease and, in most cases, only one plant species. Those 

methods may not hold such a good performance when more diseases are 

added or other plant species are considered.  

Moreover, as the discussion has been done in the above chapters, the 

proposed system has two aspects: the first one is equipped with the 

DCNN by adding the twelve layers to increase the detection and 

diagnosis accuracy. Whereas, the second aspect is represented by design, 

implementation, test, and evaluate the most common and efficient 

machine learning techniques that have been used in plants diseases 

detection and diagnosis. These algorithms are Naive Bayes and Random 

forest. Furthermore, the plant village dataset has been used to test and 

evaluate both deep learning and machine learning with 70% of data for 

training and 30% for testing for both of them.  

Subsequently, based on the obtained results it is observed that the 

CNN achieved the highest results during the comparison with the second 

aspect of machine learning and the most common related work of 

Geetharamani and Pandian [8], Anagnostis et al. [9] and Fujita et al. [10]. 

However, table (4. 17) shows the Comparison Results of CNN with 

machine learning (Naive bayes and random forest) and Related Work. 
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Table (4.17) Comparison Results of Proposed Model with Related Work 

Model Techniques 
No. of 

layers 
Dataset Accuracy% 

Geetharamani 

and Pandian [8] 
CNN 6 layers Plant Village 96.4 

Anagnostis et al. 

[9] 
CNN 10 layers 

Plant Village 

check 
98.7 

proposed 

system 

NB - Plant Village 97 

RF - Plant Village 98 

CNN 12 layers Plant Village 99.5 
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Chapter Five 

Conclusions and Future Works 

5.1 Overview 

Nowadays, plants diseases detection and diagnosis is a too difficult task 

that could be facing the farmers. Furthermore, technology plays a big role 

in plants disease detection and diagnosis. Therefore, an automatic system 

for early plant disease detection and diagnosis has been proposed. The 

system consists of two main subsystems, the first one is based on 

machine learning and the second is based on deep learning which 

represented the contribution of this work.  

The proposed system is conducted to obtain the results using two 

proposed systems each one used different algorithms for classification 

and make a comparison between them. The first proposed DPD system is 

a deep learning classification using the most popular classification 

algorithms (naïve Bayesian NB and Random Fours RF) and the second 

proposed CNN system uses a Convolutional Neural Network (CNN) 

algorithm.  

5.2 Conclusions 

In this chapter, the proposed system is summarized; the following 

conclusions were taken from the collection of test results. Some of those 

conclusions are listed in the following: 

1- An Automatic System for Diagnosis Plant Disease Based on Deep 

Convolutional Neural Network (DPD-CNN) has been proposed.  

2- This work distinguishes itself from the previous by employing the 

CNN with 12 nested processing layer.  

3- The CNN with 12 nested processing layer increased the accuracy of 

plant disease detection and diagnosis.  
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4- The proposed system has the ability to detect and diagnose the most 

common and dangerous types of plant disease which are Bacterial and 

fungal viral infections in early stage.  

5- The most common and effective feature selection algorithm which it 

is called Linear Discriminate Analysis (LDA) is employed in this 

work to extract the images features. The LDA algorithm have been 

employed for feature extraction in the stage of the two machine 

learning techniques.  

6- The most effective machine learning techniques for plant disease 

detection and diagnosis which are Naive Bayes, and Random Forest 

have been implemented. Furthermore, this work is proved that the 

deep learning is most effective in plant disease detection and 

diagnosis from machine learning. 

7- According to the obtained results it is observed that the deep learning 

algorithm achieved the highest accuracy, and it is better than machine 

learning algorithm.  

8- The same dataset of plant disease images was used for testing and 

evaluating both machine learning and deep learning with the same 

size of training which is 70 % and 30% for testing. 

9-  In machine learning, based on the obtained results it is observed that 

the NB is better than the RF. Whereas, the NB achieved an accuracy 

of 98%, while RF achieved an accuracy of 97%. 

10- The obtained results of both machine learning and deep learning 

have been compared with each other. Furthermore, the NB achieved 

good results with an accuracy of 98%. Also, the RF achieved good 

results with an accuracy of 97%. Whereas, the highest results have 

been achieved by CNN with an accuracy of 99.5% during comparison 

with machine learning and the most related work as shown in Table 

(4.18). 
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5.3 Suggestions for Future Works 

For future work, it is recommended to take into consideration the 

following points: 

• Application of the proposed system on the mobile will give flexibility 

in plant diseases detection and diagnosis. 

• Test the proposed system with other types of plant diseases that are 

not covered in this work. 

• A field study on plant diseases in Iraq and addressing problems of 

plant diseases because of its importance in raising agricultural 

production. 

• Classification is based on plant genes and an attempt to determine 

biological changes using modern computer applications. 
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 الملخص

قادرة   النباتات ، وهي  التي تصيب  العديد من األمراض  الحاضر ، هناك  الوقت  في 

يؤدي حتى   أن  يمكن  الزراعي.  لالقتصاد  مالية  كبيرة وخسائر  أضرار  إحداث  على 

أمراض  اكتشاف  في  المعلومات  تكنولوجيا  استخدام  أصبح  كبيرة.  بيئية  خسائر  إلى 

لذ مطلوًبا.  أمًرا  وتشخيصها  عن  النباتات  للكشف  دقيق  نظام  إلى  حاجة  هناك   ، لك 

أمراض النبات وتشخيصها باستخدام أكثر تقنيات التعلم العميق فعالية لتجنب مثل هذه  

 الخسائر.

الشبكة   على  يعتمد  النبات  أمراض  لتشخيص  آلي  نظام  اقتراح  تم   ، العمل  هذا  في 

يميز هذا العمل نفسه  عالوة على ذلك ،   .(DPD-CNN) العصبية التالفيفية العميقة

استخدام السابق من خالل  شبكة  12مع   CNN عن  زادت  متداخلة.  معالجة   طبقة 

CNN    على تحتوي  أمراض    12التي  عن  الكشف  دقة  من  متداخلة  معالجة  طبقة 

أنواع أمراض   القدرة على اكتشاف وتشخيص أكثر  لديه  النبات وتشخيصها. كما أن 

ال العدوى  وهي  وخطورة  شيوًعا  مرحلة  النبات  في  والفطرية  البكتيرية  فيروسية 

يطلق   والتي  وفعالية  شيوًعا  األكثر  الميزات  اختيار  خوارزمية  استخدام  يتم  مبكرة. 

الخطي التمييز  تحليل  تم   (LDA) عليها  الصور.  ميزات  الستخراج  العمل  هذا  في 

خوارزمية  من   LDA استخدام  اآللي.  التعلم  تقنيتي  مرحلة  في  الميزات  الستخراج 

النبات  ناح  أمراض  للكشف عن  فاعلية  اآللي  التعلم  تقنيات  أكثر  تنفيذ  تم   ، أخرى  ية 

أثبت   .Random Forest و Naive Bayes وتشخيصها وهي عالوة على ذلك ، 

هذا العمل أن التعلم العميق هو األكثر فعالية في اكتشاف أمراض النبات وتشخيصها 

 .من التعلم اآللي

الت  للنتائج  وفقًا   ، ذلك  أن  ومع  لوحظ   ، عليها  الحصول  تم  حققت    DPD-CNNي 

٪ 97التي حققت دقة    Naive Bayes٪ خالل المقارنة مع  99.5نتيجة ممتازة بدقة  

دقة    Random Forestو   حققت  أداء  98التي  مقارنة  تم  كما   .٪DPD-CNN  

 باألعمال ذات الصلة وحقق أعلى دقة. 
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