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Abstract 

     Quality agriculture production is the essential trait for any nation’s economic 

growth. The agricultural sector has been facing great challenges to feed the 

increasing number of population living in the world. In the future, it will be very 

difficult to rely on traditional farming to produce food. In plants, pepper is used 

as a major source of nutrients throughout the world. However, peppers diseases 

badly affect the production and quality of pepper plants. Image processing and 

machine learning techniques have been widely used in the agriculture for 

detection and classification of diseases in plants. In this thesis, we propose a 

method for classification of diseases in peppers plants. The proposed method 

consists of several stages, which are include, the image acquisition stage, image 

pre-processing, features extraction, features normalization, and the classification 

stage. In the pre-processing stage, 2-D log chromaticity image, image 

thresholding, morphological dilation operation and, crop image were used. For 

feature extraction the Histogram of Oriented Gradients (HOG) used and Z-score 

for normalization, Forty-five features were extracted from each peppers plant 

image, and probabilistic neural networks algorithm was used to perform the 

classification process. The proposed technique is tested on the new dataset for 

pepper plant images, the dataset named (DiyalaPepper) and contains (244) 

samples of healthy and unhealthy images for both peppers fruits and leaves 

collectively. The total number of leaves pepper images in dataset equal to (166) 

and (78) images for pepper fruits. Accuracy rate obtained from the peppers fruits  

image  was 81.82 % , and 94.11% for peppers leaves image.  
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Chapter One 

General Introduction 
 

1.1 Introduction 

      Agriculture remains a vital sector for most countries. It presents the main 

source of food for the population of the world [1]. Plants  are susceptible to many 

diseases and pests. Researchers have shown that almost one-third of the world’s 

agricultural crops are being destroyed by these harmful factors. Diseases causing 

product losses around 60–70% or even close to 100% have been a common 

concern of humankind. For this reason, they have searched for ways to fight 

against these diseases and weeds. In order to reduce economic losses and 

environmental pollution from agricultural chemicals, damage caused by diseases 

should be handled appropriately [2]. Hence, it is extremely important to switch 

from traditional agricultural methods to modern agriculture. Smart management 

consists of collecting, transmitting, selecting and analyzing data. As the amount of 

agricultural data increases significantly, robust analytical techniques capable of 

processing and analyzing large amounts of data to obtain more reliable information 

and much more accurate predictions are essential[1]. 

   Automation of disease detection and monitoring can facilitate targeted and timely 

disease control, which can lead to increased yield, improved crop quality and 

reduction in the quantity of applied pesticides. Further advantages are reduced 

production costs, reduced exposure to pesticides for farm workers and inspectors 

and increased sustainability. Symptoms are unique for each disease and crop, and 

each plant may suffer from multiple threats. Thus, a dedicated integrated disease-

detection system and algorithms are required [3].   
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     Machine learning algorithms help us better understand and analyze complex 

data[4]. Popular methods have utilized machine learning, image processing and 

classification based approaches to identify and detect the diseases on agricultural 

products. The existing techniques for disease detection have utilized various image 

processing methods followed by various classification techniques[5]. 

 In this thesis, due to real dataset for pepper plant (leaves and fruits) image used, 

probabilistic neural networks is used in classification problems because tolerant of 

noisy inputs, instances can be classified by more than one output and adaptive to 

changing data[6]. 

1.2 Pepper Plant 

       Pepper is an important vegetable crop grown in temperate and tropical regions 

of the world. This fact is due to the high biological value of the fruits (high content 

of dry substance, vitamin C and B-complex, minerals, essential oils, carotenoids, 

etc.) and their various kinds of utilization in the culinary and food industry of 

different countries [7]. 

1.3 Diseases of Pepper Plant 

       Diseases of pepper caused by biotic (infectious) and abiotic (non-infectious) 

agents interfere with the production of pepper. Biotic agents of disease of pepper 

include fungi, bacteria, nematodes, and viruses. Abiotic disorders include a number 

of unfavorable cultural or climatic conditions, such as sunlight, nutrient deficiency, 

and temperature excesses. Diseases affect all parts of the pepper plant including the 

foliage, stems, roots, fruit, and young seedlings. Fungi and bacteria cause a variety 

of symptoms such as leaf and fruit spotting, wilting and plant death [8].  
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   This thesis will focus on the following diseases for the leaves and fruits. In 

addition to healthy ones , that can be describe bellow: 

A- For the Leaves Disease: 

1- Noninfectious Diseases (Environmental) 

       Symptoms of the disease are wrapped in leaves and wilts, and the edges of 

leaves and buds are colored brown [9]. 

2- Noninfectious Diseases (Nutrient Deficiencies ) 

       Such as lack of nitrogen, magnesium, potassium and iron. Symptoms of 

nitrogen deficiency are the general yellowing of old leaves and its gradual rise to 

the upper leaves [10]. Potassium deficiency leads to yellowing of the old leaves, 

with the ends tanning, burning edges and stains, as the fleshy parts show necrosis 

at the ends [11]. Symptoms of a magnesium deficiency begin with areas of patchy 

yellowing between the veins [12]. Iron deficiency causes the yellowing of modern 

leaves, while their veins remain green, and later develop into general yellowing 

and shortening of the color of the leaves with the appearance of necrotic spots 

[11,12]. 

3- Leaf Curl: 

   The disease syndrome includes shortening of stem internodes, interveinal 

yellowing, and upward rolling of the leaf blade, accompanied by fruit discoloration 

and size reduction[13]. 
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4- Leaf Spots: 

       Symptoms on leaves included small, irregularly shaped, brown lesions with 

yellow halos and marginal necrosis [14].  

 5- Leaf Worm or Cut Worm 

     Cutworms attacking pepper, principally feltia subterranean (fabricus) and 

peridroma saucia ,are stout, softbodied smoth larvae , colored dull gray, brown , or 

black sometimes spotted or striped . they cut off the young plants near the soil 

surface. Some cutworms climb plants and cut off the leaves and buds. They are 

found wherever pepper are grown [15]. 

B- For the Fruits Diseases: 

1- Black Fruit lesion  

     The causes that led to the appearance of this disease are environmental 

conditions, such as a decrease in temperature [15]. 

2- Fruit Rots 

     Symptoms began as soft lesions that turned dark brown to black. Lesions 

usually originated at the calyx end of the fruit and extended down the sides [16]. 

3- Insect Injury 

       Peppers are attacked by many kinds of insects , the most important are aphids, 

cutworms, flea ,beetles, hornworms, the pepper weevil, and the pepper maggot. 

Some of these insects are widely distributed; others are serious pest in limited area 

only [15].  
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1.4 Related Works  

       Several researchers have shown their interest in classification of plant 

diseases. The following are some of the published works that are relevant to the 

current work:  

 Manisha Bhange, et al. , 2015[17] : propose a web based tool that helps 

farmers for identifying fruit disease by uploading fruit image to the system. The 

system has an already trained dataset of images for the pomegranate fruit. Input 

image given by the user undergoes several processing steps to detect the severity of 

disease by comparing with the trained dataset images. First the image is resized 

and then its features are extracted on parameters such as color, morphology, and 

CCV and clustering is done by using k-means algorithm. Next, SVM is used for 

classification to classify the image as infected or non-infected. An intent search 

technique is also provided which is very useful to find the user intension. Out of 

three features extracted him got best results using morphology. Experimental 

results display different accuracy levels of disease detection based on the input 

image quality and the stages of the disease. The overall system accuracy is 

measured to be 82%. 

 Thomas J. Hirschauer,et al. ,2015[18]: In this paper, a comprehensive 

computer model is presented for the diagnosis of f Parkinson’s disease (PD) based 

on motor, non-motor, and neuroimaging features using the recently-developed 

enhanced probabilistic neural network (EPNN). The model is tested for 

differentiating PD patients from those with scans without evidence of 

dopaminergic deficit (SWEDDs) using the Parkinson’s Progression Markers 

Initiative (PPMI) database, an observational, multi-center study designed to 

identify PD biomarkers for diagnosis and disease progression. The results are 

compared to four other commonly-used machine learning algorithms: the 
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probabilistic neural network (PNN), support vector machine (SVM), k-nearest 

neighbors (k-NN) algorithm, and classification tree (CT). The EPNN had the 

highest classification accuracy at 92.5 % followed by the PNN (91.6 %), k-NN 

(90.8 %) and CT (90.2 %). The EPNN exhibited an accuracy of 98.6 % when 

classifying healthy control (HC) versus PD, higher than any previous studies. 

 Yasha Zeinali, et al. , 2017 [19]: This paper presents a novel PNN 

algorithm, the competitive probabilistic neural network (CPNN). In the CPNN, a 

competitive layer ranks kernels for each class and an optimum fraction of kernels 

are selected to estimate the class-conditional probability. Using a stratified, 

repeated, random subsampling cross-validation procedure and 9 benchmark 

classification datasets, CPNN is compared to both traditional PNN and the state of 

the art (e.g. enhanced probabilistic neural network, EPNN). These datasets are 

examined with and without noise and the algorithm is evaluated with several ratios 

of training to testing data. In all datasets (225 simulation categories), performance 

percentages of both CPNN and EPNN are greater than or equivalent to that of the 

traditional PNN; in 73% of simulation categories, the CPNN analyses show modest 

improvement in performance over the state of the art. 

 Muhammad Sharif, et al. , 2018[20] :  In this article, are propose a hybrid 

method for detection and classification of diseases in citrus plants. The proposed 

method consists of two primary phases; (a) detection of lesion spot on the citrus 

fruits and leaves; (b) classification of citrus diseases. The citrus lesion spots are 

extracted by an optimized weighted segmentation method, which is performed on 

an enhanced input image. Then, color, texture, and geometric features are fused in 

a codebook. Furthermore, the best features are selected by implementing a hybrid 

feature selection method, which consists of PCA score, entropy, and skewness-

based covariance vector. The selected features are fed to Multi- Class Support 
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Vector Machine (M-SVM) for final citrus disease classification. The proposed 

technique is tested on Citrus Disease Image Gallery Dataset, Combined dataset 

(Plant Village and Citrus Images Database of Infested with Scale), and own 

collected images database. It used these datasets for detection and classification of 

citrus diseases namely anthracnose, black spot, canker, scab, greening, and 

melanose. The proposed technique outperforms the existing methods and achieves 

97% classification accuracy on citrus disease image gallery dataset, 89% on 

combined dataset and 90.4% on local dataset. In future, it would like to construct a 

deep model and apply the model on the selected citrus datasets, as the deep 

learning performed significantly well in the field of computer vision. However, it 

need a big citrus dataset for it. 

 Dr. Shaik Asif Hussain, et al., 2018[21] : To detect plant diseases Image 

processing steps are used to extract features from the images of plant leaves. The 

images are classified to define the disease detected through graphical user interface 

(GUI) and it also calculates the affected region and it is shown as percentage of 

disease detection. The algorithms used are K-means clustering and Support vector 

machine for comparison and percentage of disease detection. The analysis of the 

work is carried through objective values such as mean, Entropy, variance, kurtosis, 

skewness, contrast and homogeneity. However contrast enhancement is also done 

for low intensity images. The resultant values are future enhanced with a hardware 

placed to monitor the status and update the information in Internet of things (IOT) 

for effective management of the plant disease detection. 

 Balakrishna K.,et al.,2019[22]:In this article, the authors proposed two 

methods for identification and classification of healthy and unhealthy tomato 

leaves. In the first stage, the tomato leaf is classified as healthy or unhealthy using 

the KNN approach. Later, in the second stage, they classify the unhealthy tomato 
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leaf using PNN and the KNN approach. The features are like GLCM, Gabor, and 

color are used for classification purposes. Experimentation is conducted on the 

authors own dataset of 600 healthy and unhealthy leaves. The experimentation 

reveals that the fusion approach with PNN classifier outperforms than other 

methods, when the training Percentage of dataset is 70% , PNN classification 

results is 85.89 and 70.37 for KNN. 

 Velamakanni Sahithya, et al. , 2019[23] : In this paper, ladies finger plant 

leaves are chosen and examined to find an early stage of various diseases such as 

yellow mosaic vein, leaf spot, powdery mildew etc. Leaf images are captured, 

processed, segmented, features extracted, and classified to know if they are healthy 

or unhealthy. Due to practical limitations in climatic conditions and other terrain 

regions, noisy image data sets are also created and taken into consideration. K- 

means clustering is used for segmentation and for classification, SVM and ANN 

are used. This work uses PCA to reduce the feature set. Results show that, the 

average accuracy of detection in SVM and ANN are 85% and 97% respectively. 

Without noise they are observed to be 92% and 98% respectively. 

 Kerim Karadag, et al., 2019[24]: In this work, spectral reflections were used 

for early detection of fusarium disease in pepper plants. It is faster and more cost-

effective to use the reflectance spectra from the plants in the laboratory. Pepper 

disease detection takes place in two stages. In the first step, the feature vector is 

obtained. In the second step, the feature vectors of the input data are classified. The 

feature vector consist of the coefficients of wavelet decomposition and the 

statistical values of these coefficients. Artificial Neural Networks (ANN), Naive 

Bayes (NB) and K-nearest Neighbor (KNN) were used for classification. In 

detection the health case of pepper, the average success rates of different 

classification algorithms for the first two groups (diseased and healthy peppers) 
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were calculated as 100% for KNN, 97.5% for ANN and 90% for NB. Likewise, 

these rates for the classification of all groups were calculated as 100% for KNN, 

88.125% for ANN and 82% for NB. Overall, the results have shown that leaf 

reflections can be successfully used in disease detection. 

 Alishba Adeel, et al., 2019[25] : In this work, it proposed an automated 

system for segmentation and recognition of grape leaf diseases. The proposed 

system comprises of four main steps. In first step, a local contrast haze reduction 

(LCHR) enhancement technique is proposed for increasing the local contrast of 

symptoms. Thereafter, LAB color transformation is held in the second step and the 

best channel is selected based on the pixels information that is later utilized into 

thresholding function. Color, texture, and geometric features are extracted and 

fused by canonical correlation analysis (CCA) approach. At the time of features 

fusion, a noise is added in the form of irrelevant and redundant features that are 

removed by Neighborhood Component Analysis (NCA). The classification of final 

reduced features is then performed by M-class SVM. The introduced system is 

assessed on Plant Village dataset of three types of grape leaf diseases such as black 

measles, black rot, and leaf blight including healthy. The proposed method 

acquired an average segmentation accuracy rate of 90% and classification accuracy 

is above 92% which is superior in contrast of existing techniques.  The 

computational cost of the proposed system is also calculated which is minimized 

after selection approach. However, the proposed system also contains few 

limitations such as degrade accuracy for complex images. 

 Mustafa, M. S., et al., 2020[26] :  This research has been developed a system 

for recognizing the species and detecting the early disease of the herbs using 

computer vision and electronic nose, which focus on odour, shape, color and 

texture extraction of herb leaves, together with a hybrid intelligent system that are 
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involved fuzzy inference system, naıve Bayes (NB), probabilistic neural network 

(PNN) and support vector machine (SVM) classifier. These techniques were used 

to perform a convenient and effective herb species recognition and early disease 

detection on ten different herb species samples. The species recognition accuracy 

rate among ten different species using computer vision and electronic nose is 

archived 97% and 96%, respectively, in SVM, 98% and 98%, respectively, in 

PNN and both 94% in NB. In the early disease detection, the detection rate among 

ten different herb’s species using computer vision and electronic nose are 98% 

and 97%, respectively, in SVM, both 98% in PNN, 95% and 94%, respectively, in 

NB. Integrated three machine learning approaches have successfully achieved 

almost 99% for recognition and detection rate. An integrated approach can 

contribute high accuracy in species recognition and early disease detection, but 

unfortunately there is an increase in computational time in the testing phase. 

1.5  Problem Statement 

          Several problems emerged when building a system about the classification 

of plant diseases, could be classified as follows: 

A. shadow problem which has a negative effect of classifier performance. 

B. Symptom segmentation: 

         Most pepper plant disease symptoms have no well-defined edges, and they 

fade on plants slowly because of which there will not be a proper segmentation, 

which will affect final result. 

C. Different disorders with similar symptoms: 

        Many pepper plant disorders have similar symptoms such as diseases, 

nutritional deficiencies, pests, excessive cold or heat. It’s a challenge to 
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differentiate and identify the disorders by automatic plant disease detection 

techniques. 

D. Similarity of texture pattern for infection and healthy region. 

 

1.6  Aim of The Thesis 

     The main aim of this thesis is to design and implement an efficient system for  

classification of pepper plant diseases (leaves and fruits) based on image 

processing and machine learning techniques, by using  real dataset for pepper 

(leaves and fruits ) images , and  identify the problems in this dataset that effect on 

accuracy of classification. This system take one step towards promoting the 

farmers to do the smart farming, and allowing them to take decisions for a better 

yield by making them capable to take the necessary preventive and corrective 

action on their pepper crop. 

 

1.7 Contributions 

         Create new dataset for pepper plant (DiyalaPepper)[78], which consist of  

244 image (78 for fruits and 166 for leaves) and face some challenges, including : 

A. Collection of data set 

      To acquire images of pepper plant, one has to travel to different places. Data 

collection will be a challenging since variety of pepper plant diseases may not be 

available at some farms and diseases occur only during certain seasons. 

B. Image capture conditions 

      Automatic plant disease detection systems give steady and efficient results, 

only if all the images are captured under same conditions. Capturing images under 

same conditions is possible only inside laboratories. It’s a challenge to working on 
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images captured under different conditions in the any ordinary room because of 

uncontrollable environment. 

1.8 Thesis Organization  

     Beside this chapter, the remaining parts of this thesis include the following 

chapters:  

Chapter Two: Theoretical Background  

      It presents an overview of  machine learning . Also, it illustrates the basic 

principles and the scientific theories used when building a system about the 

classification of plant diseases. 

Chapter Three: Design And Implementation Of The Proposed System  

      This chapter introduces the steps of the proposed system, describes the 

developed algorithms to execute the system.  

Chapter Four: Experimental Results  

      This chapter presents the experiments and the results which are obtained from 

the system running and the performance measures of the tests results.  

Chapter Five: Conclusions and Suggestions for Future Works  

       This chapter gives a list of conclusions derived from the results of the 

presented work and some suggestions for future works. 
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Chapter two 

Theoretical Background 

2.1 Introduction  

       In this chapter the basic theoretical aspects of machine learning in design a 

system about the classification of plant diseases is presented . In addition, it 

presents the background for various necessary preprocessing issues, feature 

extraction and classification technique that had been used in this work. 

2.2 Machine Learning 

      Machine Learning (ML), as described by Arthur Samuel in 1959 , is a “Field of 

study that gives computers the ability to learn without being explicitly 

programmed.” In 1997, Tom Mitchell gave a more formal definition, namely: A 

Computer program is said to learn from an experience  with respect to some task 

and some performance measure, if its performance on task, as measured by 

performance measure, improves with experience [27]. ML is utilized to teach 

machines how to deal with the information all the more efficiently. Some of the 

time after viewing the information, it can't interpret the pattern or concentrate data 

from the information. All things considered, it applies ML [28]. 

     Over the past 60 years the study of Machine Learning has grown from the 

efforts of a handful of computer engineers exploring whether computers could 

learn to play games, and a field of Statistics that largely ignored computational 

considerations, to a broad discipline that has produced fundamental statistical-

computational theories of learning processes, has designed learning algorithms that 

are routinely used in commercial systems for speech recognition, computer vision, 

and a variety of other tasks. One measure of progress in ML is its significant real-
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world applications, such as: Speech recognition, Computer vision, Bio-

surveillance, Robot control, Accelerating empirical sciences  [29]. 

     Present agriculture technologies are mostly diverted to ML algorithms because 

it has maximized crop yield with minimizing the input costs. ML algorithm enables 

the farmer to enhance the crop selection and crop yield prediction, crop diseases 

prediction, weather forecasting, minimum support price and smart irrigation             

system [30]. The ML techniques are not and will never be the solution to all the 

problems risen by agricultural cropping systems. However, these techniques 

provide a powerful set of tools that applied for different field applications [31]. 

    The ML techniques can be applied in, weed detection, yield prediction, crop 

management, plant phenotyping (stress prediction), disease detection in fruits, 

disease detection in plants, fruit grading, soil analysis, irrigation in agriculture. 

Advantages of ML technology for agricultural crop are that it can be fairly 

accurate, non-destructive and yields consistent results [32]. 

2.2.1 Machine Learning Techniques 

      Compared to statistical models, machine learning methods focus on data 

themselves and emphasize the performance of certain tasks. ML can                            

be applied to four areas based on the problems to be solved:                                                          

1) identification/detection 2) classification; 3) quantification; 4) prediction [33].        

A combination of machine learning algorithms are frequently used in researches, 

such as Naïve Bayes Classifier, K-Means clustering, Support Vector Machine 

(SVM), Artificial Neural Networks (ANN), Decision Trees, Random Forests and 

Probabilistic Neural Network (PNN). A typical process of employing ML includes 

data collection, dataset preparation, feature extraction, preprocessing, feature 

selection, choosing and applying ML algorithms and performance evaluation. Up 
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to now, ML methods are mainly applied to molecular biology and agriculture 

related to plant diseases [34]. 

2.2.2 Type of Machine Learning 

        ML is divided into several common types as follows: 

1- Supervised Learning: A training set of examples with the correct responses 

(targets) is provided and, based on this training set, the algorithm generalizes to 

respond correctly to all possible inputs. This is also called learning from exemplars 

[35,36]. 

2- Unsupervised Learning: It is used to draw conclusions from datasets 

comprising of input information without labelled reactions. The most well-known 

unsupervised learning strategy is cluster analysis, which is utilized for exploratory 

information investigation to discover hidden patterns or grouping in the 

information [37]. 

3- Reinforcement learning :This is somewhere between supervised and 

unsupervised learning. The algorithm gets told when the answer is wrong, but does 

not get told how to correct it. It has to explore and try out different possibilities 

until it works out how to get the answer right. Reinforcement learning is sometime 

called learning with a critic because of this monitor that scores the answer, but 

does not suggest improvements [35]. 

2.3 Preprocessing of Images 

      The preprocessing step is important for improving the contrast of an input 

image. The image, which is captured from sensors, and camera have a lot of noises 

including poor background, which affect the segmentation accuracy. The 

preprocessing techniques working on the captured images and changing it into an 

appropriate method [38]. 
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      Preprocessing is used for the translating raw data before it is given to the deep 

or machine learning algorithm. For example, training a machine learning model 

using raw images will lead to poor performances in classification , whereas 

preprocessing techniques increase performances. The preprocessing techniques is 

also essential to speed up the training procedure [39].The objective of data 

preprocessing is twofold  [40]:  

1- The real-world data are usually low quality, hence preprocessing is used to 

improve the quality of data, and consequently, the quality of data mining 

results. 

2- In the modeling step, some specific modeling algorithms cannot operate on raw 

data, which should be transformed into some predefined data format. 

Some of preprocessing techniques which are used in this thesis are described 

below: 

2.3.1 2-D log Chromaticity Image 

     Before getting to know 2-D log Chromaticity Image , it should know why needs 

for shadow removal. A shadow occurs when an object partially or totally occludes 

direct light from a source of illumination [41]. The visual quality of images is often 

degraded by the presence of shadows, But the real problem with images and videos 

having shadows is that its presence will produce undesirable effect on image 

analysis techniques, which makes shadow removal an inevitable pre-processing 

step. Shadows are caused due to illumination variation [42,43,44]. Illumination is 

one of the most significant factors affecting the appearance of an image. It often 

leads to diminished structures or inhomogeneous intensities of the image due to 

different albedos (texture) of the object surface[45] .Illumination conditions 

confound many computer vision algorithms. In particular, shadows in an image can 
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cause segmentation, tracking, or recognition algorithms to fail[47]. For example 

the presence of shadows detriment the results obtained on many of the applications 

like gesture recognition, movement identification, traffic surveillance, object 

segmentation etc [44]. 

    A recent method for recovering a greyscale image that is free from shadow 

effects is extended such that the recovered image is a color image, in the sense that 

2-dimensional chromaticity information is recovered. First, the effect of lighting 

change, and thus to a large degree shadowing, is removed by projecting logarithms 

of 2D color band-ratio chromaticities into a direction that is independent of 

lighting change. The resulting 2-vector color does not contain the contribution of 

the original lighting in the input image, so this is restored by considering the 

chromaticity for bright pixels [45].The proposed algorithm is detailed below : 

A. Obtaining 2D Log Chromaticity of the Color Input Image: 

  First, normalize the R, G, and B channels of the input RGB image using the 

following equation[47]: 

R' = R/∛(R ∗ G ∗ B) ……………     (2.1) 

G' = G/∛(R ∗ G ∗ B).……………    (2.2) 

B' = B/∛(R ∗ G ∗ B) ……………     (2.3) 

    Where R, G, B is the three color channels of the input image, R', G', B' is the 

three-band color invariant image.  

 After that, must find the log of each normalized channels[44]:  

𝑅 log(R')   ………………   (2.4) 

𝐺  = log(G')  ………………    (2.5) 

𝐵  = log(B')  ………………   (2.6)    
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    Since ρ is not 2D, it`s have to find a projector U which can project ρ on to the 

2D plane. 

χ= Uρ  ………………    (2.7) 

Here, U is a 2 x3 orthogonal matrix, which rotates 3D vector ρ into the plane as a 

2D vector χ[44]. 

Since U = [u1; u2] is a 2 × 3 orthogonal matrix with u1 = [1/√2 , − 1/√2 , 0],            

u2 = [1/√6 ,1/√6 , − 2/√6 ], then  χ1 and χ2 describe by the following equation[47]: 

χ1= (
R

∗ 1/√2 ) − (G ∗ 1/√2)………..(2.8) 

χ2= (
R

∗ 1/√6 ) + (G ∗ 1/√6 ) − (B ∗  2/√6)………(2.9) 

B. Obtaining 1D Illumination Invariant Image: 

    The 2D log chromaticity images, χ1 and χ2, has to be projected to a projection 

direction q that will produce the best 1D illuminant invariant image, Iinv [44]. 

Iinv = χ1 cos() + χ2 sin()………………    (2.10)         

     It is possible to find out the best projection direction , which are taken with 

cameras whose calibration is known or chosen based on a series tests on an 

arbitrary test set. Project χ in angle θ to get the illumination invariant grey scale 

image Iinv [44,46]. 

Note: If exponentate the 1D invariant image, Iinv, a shadow free gray scale image 

can be obtained as Iinv is in log space. 

C. Obtaining 2D Illumination Invariant Chromaticity Image Finally, this step      

can be done to obtain a shadow free chromaticity image for better display of the 

output image [44]. 

 Find the average of χ1 or χ2 

x = (max (χ1) + min (χ1)) / 2  ………………    (2.11)     

 Using x , separate the value of χ1 (below and above x) and take the median of 

both. 
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x1 = values of χ1 ≥ x  ………………   (2.12) 

x2 = values of χ1 <x………………      (2.13)   

m1= median(x1) ………………   (2.14)        

m2= median(x2) ………………   (2.15)          

 Using 1D invariant image, Iinv, m1 and m2 it can reconstruct the chromaticity 

image as follows: 

If χ1 ≥ x then 

RG = Iinv cos(- θ) + m1 sin( -θ) ………………  (2.16) 

BG = Iinv sin(- θ) + m1 cos( -θ) ………………   (2.17)            

If χ1 < x then 

RG = Iinv cos(- θ) + m2 sin( -θ) ………………  (2.18)           

BG = Iinv sin(- θ) + m2 cos( -θ) ………………   (2.19)        

 As RG and BG are there in the logarithmic domain, it  have to obtain the 

exponential value of that to produce the final 2D illumination invariant 

chromaticity image. 

      If the edge image of this chromaticity shadow free image is taken ,it would get 

only the object edges in the image, not the shadow edges, as the chromaticity 

image lacks shadows. Thus this method can be used as a pre-processing step for all 

applications, where the presence of shadows is challenge [44]. 

 

(a)                                                  (b)                                                     (c) 

Figure( 2.1)  Results of 2-D log Chromaticity Image a) Input Image (b)1D Gray Scale 

Illumination Invariant Image (c) 2D Chromaticity Image [44]. 
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      Figure(2.1) shows an input image where the shadow is formed as a result of a 

pointed source of light illumination .The corresponding gray scale  illumination 

invariant image and the final result are provided in (b) and (c) respectively [44]. 

2.3.2  Image Thresholding 

      Image segmentation has become an important part of image processing. The 

simplest method to segment an image is thresholding. Using the  thresholding 

method, segmentation of an image is done by fixing all pixels whose intensity 

values are more than the threshold to a foreground value. The remaining pixels are 

set to a background value. Such technique can be used to obtain binary images 

from grayscale images. The conventional thresholding techniques use a global 

threshold for all pixels, where as adaptive thresholding changes the threshold value 

dynamically over the image [49].There are two main techniques of thresholding: 

local and global thresholding. Global thresholding operates on the entire image by 

choosing a threshold value, the pixels possessing values greater than the threshold 

are assigned to one region whilst those that fall below the threshold are assigned to 

another (adjoint) region. Global Thresholding obtains a binary image b (x, y) from 

an intensity image I (x, y) due to the simple criterion, as described in the following 

steps [50,51]: 

Step1: Select an initial estimate for the threshold T.  

Step2: Segment the image using T , G1 is all pixel with intensities >= T,  

          G2 is all pixel with intensities < T.                                                                                                                                                                                                                                                            

Step3: Compute average m1 and m2 for the pixels G1and G2.  

          Let T=(M1+M2)/2. 

 Step4: Repeat steps 2-3 until no more change. 

 



    Chapter Two                                              The Proposed System 
 
 

21 

 

2.3.3  Morphological Processing of Images  

     Morphology is a technique of image processing based on shapes. The value of 

each pixel in the output image is based on a comparison of the corresponding pixel 

in the input image with its neighbors. By choosing the size and shape of the 

neighborhood, can construct a morphological operation that is sensitive to specific 

shapes in the input image. Mathematical morphology is a set theoretical approach 

to multi-dimensional digital signal or image analysis, based on shape[52]. 

Mathematical morphology provides very useful tools and techniques for analysis 

of digital images. Image Operations like reduction, enlargement, rotation, color 

corrections, quantization or image differencing are geometric transformations. The 

basic assumption in image morphology is that image contains geometric structures 

that can be handled by set operators. Mathematical morphology can be used in 

many areas like noise elimination, feature extraction, edge detection and image 

segmentation [53]. 

    Morphological operators are nonlinear, and two sets of data are their input. The 

first set contains the original image and the second one describes the structural 

element (mask). The original image is binary or in gray level and the mask is a 

matrix containing zero and one values. It is after applying the final image to the 

morphological operators that a new value for each pixel is obtained through sliding 

the mask on the original image. Value 1 in each mask indicates effectiveness and 

value 0 indicates ineffectiveness in the final image. Different formats can be 

selected to form a mask [54]. Mathematical morphology can be applied as a first or 

final step in the process of digital image analysis for binary image types, can be 

extended to grayscale images. However, generally mathematical morphology is 

usually applied to binary images [55]. 
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      Dilation and erosion are the basic operations, and rest of the operations and 

algorithms are based on these operations [56]. 

2.3.3.1 Selecting a Proper Structuring Elements (Mask)  

     Selecting a mask in proper shape and size to take morphological actions has a 

key role in achieving desired results and reducing calculation time. In general, the 

shape and size of a mask are arbitrarily selected; however, the selected mask 

should be in appropriate shape and size for various diagnosis purposes [54]. 

2.3.3.2 Structuring Elements and Neighborhoods 

       A structuring element is a rectangular array of pixels containing the values 

either 1 or 0 (akin to a small binary image). A number of example structuring 

elements are depicted in Figure (2.2). Structuring elements have a designated 

center pixel. This is located at the true center pixel when both dimensions are odd 

(e.g. in 3*3 or 5*5 structuring elements).When either dimension is even, the center 

pixel is chosen to be that pixel north, north-west or west (i.e. above and/or to the 

left) of the geometric center (thus, a 4*3, 3*4 and a 4*4 structuring element would 

all have center pixels at location [2,2]). If visualize the center pixel of the 

structuring element being placed directly above the pixel under consideration in the 

image, then the neighborhood of that pixel is determined by those pixels which lie 

underneath those pixels having value 1 in the structuring element [51]. This is 

illustrated in Figure ( 2.3 ). 
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Figure (2.2 ) Some Examples of Morphological Structuring Elements. The Center Pixel of Each 

Structuring Element is Shaded [51]. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (2.3) The local Neighborhood Defined by 

a Structuring Element[51]. 

          This is given by those shaded pixels in the image which lie beneath the 

pixels of value 1 in the structuring element [51]. 
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2.3.3.3 Morphological Transformation Operation 

     Image morphology is the name of a specific methodology used for analyzing 

the geometric structure inherent within an image. The theoretical base of 

mathematical morphology is set theory. In digital images, the points which belong 

to set are called foreground and which belongs to complement set are called 

background [53]. There are many type of morphological transformation operation 

such as (dilation, erosion, opening and closing), in this thesis, will focus on 

morphology dilation operation. 

2.3.3.4 Morphology Dilation Operation  

       Dilation causes objects to dilate or grow in size. The amount and the way that 

they grow depends upon the choice of the structuring element. Dilating without 

specifying the structural element makes no more sense than trying to lowpass filter 

an image without specifying the filter. Dilation of A by B is defined as [53]: 

D(A,B)=A B =  (A+ )  ……………… (2.20) 
  

 

Figure ( 2.4 )An Example for Dilation of a Simple Binary Image [51]. 
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     In figure ( 2.4 ) dilation: a background pixel only remains a background pixel, if 

the 1s in the structuring element are wholly contained within the image 

background. If not, it becomes a foreground pixel. The foreground pixels are 

shaded and the background pixels are clear. In the figure demonstrating dilation, 

the newly created foreground pixels are shaded darker to differentiate them from 

the original foreground pixels[51]. 

 

2.4 Feature Extraction 

        Image features extraction is the method of defining a set of features, or image 

characteristics, which will most efficiently or meaningfully represent the 

information that is necessary for detection analysis and classification[57]. Feature 

plays a very important role in the area of image processing. Before getting features, 

various image preprocessing techniques like binarization, thresholding, resizing 

etc. are applied on the sampled image. After that, feature extraction techniques are 

applied to get features that will be useful in classifying and recognition of images.         

The main goal of feature extraction is to obtain the most relevant information from 

the original data and represent that information in a lower dimensionality space. 

When the input data to an algorithm is too large to be processed, and it is suspected 

to be redundant (much data, but not much information), then the input data will be 

transformed into a reduced representation set of features. Transforming the input 

data into the set of features is called feature extraction[58]. 

   There are many feature extraction methods such as using HAAR Transforms, 

LBP (Local Binary Pattern), HOG (Histogram of Oriented Gradients), and other 

methods that focus on detection of an object. The remaining content of this sub 

section will discuss a popular and widely used feature descriptor HOG [59]. 
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2.4.3 Histogram of Oriented Gradients (HOG)  

         HOG was proposed by Dalal and Triggs for human body detection but it is 

considered as one of the most successful and popular used descriptors in 

recognition and computer vision. It is a fast descriptor when compared to any other 

descriptor due to simple computations, it has been also shown that HOG is a 

successful descriptor for detection [59].Moreover, HOG feature extraction has 

advantage of lower complexity in terms of computational time and greater 

accuracy as compared to popular feature extraction [61].HOG feature extraction 

mainly includes two stages (Histogram Extraction of Oriented Gradient and 

Construction of HOG Descriptor)[62]. 

1. Histogram Extraction of Oriented Gradient 

      In this stage, the magnitude and direction of gradient are extracted from each 

pixel in the image, and these are used to generate an angular histogram of gradients 

which is used as a feature vector of image texture. For image I(i,j) ,the horizontal 

and vertical derivatives at pixel (i,j) are respectively calculated as follows [62]: 

Gi(i, j) = I(i + 1, j) - I(i – 1, j) ………………   (2.21) 

Gj(i, j) = I(i, j + 1) - I(i, j - 1)  ………………   (2.22) 

 

The magnitude of gradient is: 

 

G(i, j) =  √𝐺𝑖(𝑖, 𝑗)2 + 𝐺𝑗(𝑖, 𝑗)2   ………………  (2.23) 

 

The direction of gradient is : 

 

0 (i,j) = tan
-1 [

𝐺𝑗(𝑖,𝑗)

𝐺𝑖(𝑖,𝑗)
]     ………………  (2.24)         

where Gi(i, j), Gj(i, j) are the derivative along horizontal and vertical direction at 

pixel (i, j), respectively , 0 € [-/2, /2]. 
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2. Construction of HOG Descriptor 

   Then divides the input image into small square cells and then computes the 

histogram of gradient directions or edges of the image based on the 

differences[59]. Each pixel calculates a weighted vote for an edge orientation 

histogram channel based on the orientation of the gradient element centered on it, 

and the votes are accumulated into orientation bins over local spatial regions 

(cells). The orientation bins are evenly spaced over 0◦– 180◦ (“unsigned” gradient). 

 In order to correct local contrast variations and get better invariance to lighting, 

shadowing etc., block normalization is done. It means a measure of the intensity is 

computed over somewhat larger spatial region, called block, and the result is used 

to normalize the histograms of the cells in each block [60]. Then, 4 adjacent blocks 

are merged into a super block and the feature vectors of the 4 adjacent blocks are 

concatenated. Finally, by scanning the image block-by-block, the HOG feature of 

image is constructed by concatenating the vectors of all super blocks [62]. These 

blocks usually overlap, meaning that some cells are included in more than one 

block [63] .Figure (2.5) clarifies grouping cells into larger spatial regions (blocks) . 

 

Figure (2.5) . Grouping Cells into Larger Spatial Regions (Blocks) [63]. 

     There are different normalization schemes for block normalization. Let v be the 

non-normalized vector containing all histograms in a given block, ∥ v∥ 2 be its 2-
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norm and e be some small constant (its value has no influence on the results), then 

the normalization factor can be obtained along these equation [63]: 
 

 

𝐿2 − 𝑛𝑜𝑟𝑚 ∶  𝑓 = (
𝑣

√∥𝑣∥2
2+𝑒2 

)  ………….… (2.25) 

2.5 Features Normalization 
 

        Normalization is a data operation process used to increase the performance of 

a classifier. After the feature subtraction phase, different normalization methods 

can be applied in order to obtain better results [64]. This process involves 

transforming attributes into a form in which they are within a specific range. The 

normalization process is useful for classification algorithms in particular such as an 

algorithm Nearest Neighbor and Neural Network algorithm, where the process of 

features normalization, help these algorithms to accelerate the training phase. 

Features normalization include several ways [65] such as z-score normalization 

which was used in the proposed system .     

Z-Score Normalization 

    This process involves calculating the average values first and then calculating 

the standard deviation of the features and then normalization is done through this 

equation [64]: 

z =
𝑓𝑖 − 𝜇

𝜎𝑓
     ………………  (2.26) 

Where 𝑓𝑖 represents feature values, 𝜇 represent mean of features, 𝜎𝑓  standard 

deviance which can be found by the following equation [66]. 

 

                      𝑆𝐷 𝑜𝑟 σ =  √
1

𝑛
∑ (𝑓𝑖 − 𝜇)2 𝑛

𝑖=1    ………………  (2.27) 

Where n referred to number of values in each feature. 
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2.6 Classification 
 

     Classification of image alludes to this images labelling into one of the numbers 

of previously classes. The type of image is most significant as a basic stage, for the 

processing high-level. The classifier is utilized for classifying images depending on 

their features. Classification is a significant module in plant diseases detection 

structures. plant classification system that recognize plant diseases utilizing an 

image, thus classification here is characterized as a procedure of categorizing plant 

images dependent on distinguished diseases[67]. The classification process is 

summarized in two steps: the first step involves the training step while the second 

step involves testing where the model is used to predict the class label of the given 

data[68]. for classification step used many algorithms like machine learning 

algorithms. In this thesis , it will use Probabilistic Neural Network (PNN) for 

classification of pepper plant image. 

  

2.6.1 Probabilistic Neural Network (PNN) 

       The Probabilistic Neural Network was first proposed by Dr. D.F. Speeht in 

1989. It is a branch of a radial basis network and belongs to a feedforward 

network. It has the following advantages: simple learning process, fast training 

speed, more accurate classification, good fault tolerance, and so on. Essentially, it 

belongs to a supervised network classifier based on Bayesian minimum risk criteria 

and is mainly used for pattern classification [69]. The only disadvantage of PNNs 

relates actually to the availability of a good computer with a large memory and 

high processing speed. Basically, the training vectors are transformed into 

connection weight vectors, and thus, the weight matrix can become quite large 

when the training set size is quite large. Thus, the PNN can be computer memory 

consuming and slow to execute when used in real time systems. However, with 
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most average computer speeds available today, both training and execution occur 

rapidly[70]. 

     PNN generally have the following four layers: input layer, hidden layer, 

competition layer, and output layer. The input layer is responsible for transmitting 

the feature vector to the network, and the number is the number of sample features; 

The hidden layer is connected to the input layer by the connection weight, used to 

calculate the similarity between the input feature vector and each mode in the 

training set, and send its distance into the Gaussian function to obtain the output of 

the hidden layer [69]. The Gaussian function is expressed as [70,71]: 

G(𝑥)=
1

(2𝜋)𝑝/2 𝑛σ𝑝  
∑ exp [−(

‖𝑥−𝑥𝑖‖2

2𝜎2
)]𝑛

𝑖=1   ………………  (2.32 ) 

    Where 𝜎 representing standard deviation, n denotes the number of training 

examples, p is the number of input nodes,  𝑥 is the vector of random variables 

(explanatory variables), and 𝑥𝑖 is the ith training vector [70,71]. The number of the 

hidden layer neurons is the number of input sample vectors; The competition layer 

is responsible for connecting the pattern layer units of each class. The number of 

neurons in this layer is the number of categories of samples. The output layer is 

responsible for outputting the highest score in the summation layer. The 

connection between the input layer and the hidden layer is obtained by a Gaussian 

function to find the degree of matching between each neuron in the pattern layer 

and each neuron in the input layer. Then, by summing the matching degree of each 

class, and then averaging, the class of the input sample is obtained [69].The figure 

(2.6) below shows the architecture and model of a PNN, that recognizes different 

classes of dataset on the input data [72]. 



    Chapter Two                                              The Proposed System 
 
 

31 

 

 

Figure (2.6): Architecture of Probability Neural Network [72]. 

 

2.7  Performance Measures for Classification 

   Performance evaluation of classification algorithms conducted in various 

methods from the confusion matrix of these methods involves information on 

predicted and observed classification produced by the classification method. The 

confusion matrix includes data from which output can be determined. The 

table(2.1) below displays the confusion matrix of two classes [73].   
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Table( 2.1) Confusion Matrix [73]. 

  Predicated 

  Positive  Negative 

Actual Positive  TP FN 

Negative FP TN 

   

   The correctness of a classification can be evaluated by computing the number of 

correctly recognized class examples (true positives(TP)), the number of correctly 

recognized examples that do not belong to the class (true negatives(TN)), and 

examples that either were incorrectly assigned to the class (false positives (FP)) or 

that were not recognized as class examples (false negatives(FN)). Table (2.2 ) 

present  the used measures to evaluate the performance of system [74,75,76,77]. 

   Table (2.2) Measures to Evaluate the Performance of  the System[74,75,76,77]  

Measure Formula Evaluation focus 

Accuracy 
𝐴𝐶𝐶 =

TP + TN

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁
 

Evaluation focus Overall 

effectiveness of a classifier 

Precision 
𝑃𝑅𝐶 =

TP

𝑇𝑃 + 𝐹𝑃
 

Class agreement of the data labels 

with the positive labels given by the 

classifier 

F1_score 
𝐹1 = 2 (

PRC. SNS

𝑃𝑅𝐶 + 𝑆𝑁𝑆
 ) 

the F-score is a measure that 

combines precision and recall through 

their harmonic mean. 

Recall 

(Sensitivity) 
𝑆𝑁𝑆 =

TP

𝑇𝑃 + 𝐹𝑁
 

Effectiveness of a classifier to 

identify positive labels 
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Chapter Three 

The Proposed System 

3.1 Introduction 

      This chapter illustrates the proposed system design stages, and the 

implementation requirements by using many technologies, that rely on extract the 

features from the pepper fruits and its leaves individually, and to use these features 

to diagnose pepper diseases, which leads to improved farm management and the 

possibility of diagnosing pepper (fruit and leaf) diseases in early stages. This 

chapter will describe the system architecture, and the proposed algorithms in the 

various stages of the proposed system with details.  

3.2 Architecture of the Proposed System 

      The proposed work has been recognized the pepper diseases. The input to the 

system is an dataset, and the output is pepper diseases classification. The proposed 

work consists of three main stages: - dataset acquisition (loading selected dataset), 

preprocessing (2D log Chromaticity Image, global threshold, morphological 

dilation operation and crop image), Feature extraction using HOG technique, Z-

score normalization, and classification using PNN algorithm. Figure (3.1) shows 

the general block diagram of the proposed system to recognize the pepper disease.  
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Figure (3.1) : General Block Diagram of the Proposed System. 

 

3.2.1 Dataset Stage 

      This section illustrated dataset pepper images acquisition and load images 

from pepper dataset. 

3.2.1.1 Pepper Image Acquisition  

  In this work, the dataset(DiyalaPepper) contains an image gallery of healthy 

and unhealthy pepper fruits and leaves, that could be used by the researchers to 

apply different computer vision and image processing algorithm for the detection 

of peppers plants diseases. The dataset contains (244) images of healthy and 

unhealthy images for both peppers fruits and leaves collectively as shown in table 

(4.1). Some of images were acquired from the University of Diyala-College of 
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Agriculture, another image acquired from a farm in Diyala province-Khan Bani 

Saad and farm in Wasit province-Suwairah under the supervision experts 

researcher in domain of pepper plant. These images were taken in November-

December 2019 and January-February-March 2020. No such sample pre-treatment 

was conducted. Figure (3.2) clarifies examples of pepper dataset.  

 

     

    

(a)  

     

   

(b) 

Figure (3.2) Examples of Images in Dataset: (a) Pepper Fruits (b) Pepper Leaves.  

3.2.1.2 Configuration of Dataset 

      In this work, using a real dataset for the fruits and leaves of pepper plant 

which was initially include (394) image, and it is possible in this dataset that it 

contains duplicate or similar images, therefor, this step aim to eliminate from this 

image in dataset which lead to saving time and increasing accuracy in 

classification process. This is done by load initial dataset, and for each image 

applied on it preprocessing operation and  extraction features from each image are 

explained later, and saved these features in dataset ,then calculates the maximum 

Pepper healthy fruit 

Leaf worm or cut  worm 

    insect injury 

Leaf curl 

Fruit rots 

Nutrient  deficiencies Leaf spot environmental 

Black fruit lesion Pepper healthy fruit 



    Chapter Three                                              The Proposed System 
 
 

36 
 

matching ratio between the features of each image with all samples inside the 

dataset, and ignore the sample (image) that have maximum matching ratio greater 

than or equal to threshold. After configuration of dataset remain only (244) image 

for leaves and fruits pepper plant that will be used in proposed system. Pseudo 

codes (3.1) describe the steps of configuration dataset, table (3.1) show example on 

it. 

Pseudo codes (3.1) Configuration of dataset  

Input:  image 

Output: check image  (true or false) 

Begin   

    Step 1: Range= 0.5; Ratio _max =0 

    Step 2:get  feature image using  call Algorithm (3.2) Feature Extraction 

using HOG algorithm call List_A. 

    Step 3: For each rows in dataset feature do  

                     Get row call List_B. 

    Step 3-1    For each (elem_A,elem_B) in List_A, List_B  do 

                          t = elem_A * Range 

                          R1 = elem_A – t;                R2 = elem_A + t 

                          IF elem_B > R1 and elem_B < R2 then CountCondition ++ 

                           Else  elem_B = elem_A = 0 

                       End for 

    Step 3-2:     IF (CountCondition = 0) Then  ratio _temp =0 

                        Else  ratio _temp= (1.0 / CountCondition) * 100.0  

                           ratio=0 

                          End if 

    Step 3-3:        For each (elem_A,elem_B) in List_A, List_B  do 

                              If  not(elem_A =0 Or  elem_B= 0) 

                                  If (elem_A<= elem_B) then  

                                        ratio += (elem_A / elem_B) * ratio _temp 

                                  Else  

                                        ratio += (elem_B / elem_A) * ratio _temp 

                                   End if  
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                             End if  

                           End For  

    Step 3-4:     If  Ratio _max< ratio then Ratio _max= ratio 

    Step 3-5: End for  

    Step 4   : Check Max Ratio 

                    If    Ratio _max<0.90 then    return accept 

                    Else  return Reject 

Step 5   End  

 

Table (3.1) An Example of Configuration Dataset. 

Example   

 Feature from image (list_A)  Feature From Dataset image(list_B) 

Step1  
 

F# Value 

 
[1] 4.28809529112284 

 
[2] 5.58027071632389 

 
[3] 11.4420470796522 

 
[4] 5.08926436729222 

 
[5] 5.57191306509944 

 
[6] 3.34383729710729 

 
[7] 4.54589824918279 

 
[8] 7.7472855130235 

 
[9] 3.52655851945272 

 
[10] 5.32609702262563 

 
[11] 5.74454051938474 

 
[12] 10.5357121404237 

 
[13] 10.0221920142268 

 
[14] 7.47909637514164 

 
[15] 5.46825986871701 

 
[16] 2.85701470846371 

 
[17] 6.47626205917956 

 
[18] 9.07382406097404 

 
[19] 4.25932179801004 

 
[20] 4.62279090744837 

 
[21] 2.95367521215629 

 
F# Value 

 
[1] 3.59608743948187 

 
[2] 3.99765163241753 

 
[3] 7.80751832421143 

 
[4] 5.70895654462117 

 
[5] 6.10868747656372 

 
[6] 3.00038858468815 

 
[7] 4.23514213251533 

 
[8] 7.94167828300427 

 
[9] 4.11145511974351 

 
[10] 4.83694463711434 

 
[11] 6.04350672394843 

 
[12] 9.34465903804906 

 
[13] 5.93405482950455 

 
[14] 3.05670696890201 

 
[15] 4.38834943273089 

 
[16] 2.6407939295943 

 
[17] 6.43472879415523 

 
[18] 6.11593517387058 

 
[19] 2.64833390680425 

 
[20] 3.69114835757557 

 
[21] 1.49639651467254 
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[22] 6.08079681512035 

 
[23] 6.4052394806866 

 
[24] 3.8537397416436 

 
[25] 4.95560343159696 

 

 
[22] 3.00648308025389 

 
[23] 5.43672701079837 

 
[24] 4.76356761939535 

 
[25] 4.72672967472677 

 

Step2 CountCondition =20 ,   ratio _temp=5 

Step3 
 

F# Value 

 
[1] 4.28809529112284 

 
[2] 5.58027071632389 

 
[3] 11.4420470796522 

 
[4] 5.08926436729222 

 
[5] 5.57191306509944 

 
[6] 3.34383729710729 

 
[7] 4.54589824918279 

 
[8] 7.7472855130235 

 
[9] 3.52655851945272 

 
[10] 5.32609702262563 

 
[11] 5.74454051938474 

 
[12] 10.5357121404237 

 
[13] 0 

 
[14] 0 

 
[15] 5.46825986871701 

 
[16] 2.85701470846371 

 
[17] 6.47626205917956 

 
[18] 9.07382406097404 

 
[19] 0 

 
[20] 4.62279090744837 

 
[21] 0 

 
[22] 0 

 
[23] 6.4052394806866 

 
[24] 3.8537397416436 

 
[25] 4.95560343159696 

 

 
F# Value 

 
[1] 3.59608743948187 

 
[2] 3.99765163241753 

 
[3] 7.80751832421143 

 
[4] 5.70895654462117 

 
[5] 6.10868747656372 

 
[6] 3.00038858468815 

 
[7] 4.23514213251533 

 
[8] 7.94167828300427 

 
[9] 4.11145511974351 

 
[10] 4.83694463711434 

 
[11] 6.04350672394843 

 
[12] 9.34465903804906 

 
[13] 0 

 
[14] 0 

 
[15] 4.38834943273089 

 
[16] 2.6407939295943 

 
[17] 6.43472879415523 

 
[18] 6.11593517387058 

 
[19] 0 

 
[20] 3.69114835757557 

 
[21] 0 

 
[22] 0 

 
[23] 5.43672701079837 

 
[24] 4.76356761939535 

 
[25] 4.72672967472677 

 

Step4 ratio =86.266487105267572  
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    As shown in table (3.1) ,in the step 1, called (list A ) which includes features of 

images that the proposed system keep it or ignore from dataset ,and (list B) 

includes features of one image in the dataset. 

In step 2, value of CountCondition =20 ,which represents a number of features in 

(list B ) that are within a specific range that determined in step 3 in the pseudo 

codes (3.1), for the exclusive corresponding to it in the list A. Find the value of 

ratio _temp=5, which represents the number of features outside the range. 

In step 3, Zeroing features that were out of range. 

In step 4, find the value of ratio that represents matching ration between features of 

(list A and list B).If the value of ratio>= threshold ,then the image belonging to the 

list A ignored because it is very similar. If the value of ratio <threshold, the same 

previous steps were applied to the list A  and the following image in dataset, and so 

on, to the last end of the dataset. 

 

3.2.2   The Preprocessing Stage 

             Data pre-processing is an important process, and its first stage in the 

classification system, that was used before the application of any type of 

classification techniques. Dataset contains number of images, these images may 

obtain noise, shadow, and unimportant data. This may lead to misguiding results. 

Therefore, preprocessing aims to remove noise and detect Region of Interesting 

(ROI) before working an analysis. Figure (3.3) shows the pepper image 

preprocessing that done for this work. 
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Figure (3.3) General Block Diagram of the Preprocessing Image Stage. 

 

3.2.2.1 Generation of 2D log Chromaticity Image 

         Shadows are caused when light from a source of light is blocked by opaque 

objects, so shadow causes many technical difficulties, and may give a wrong 

interpretation of the shape, color, or orientation of the image. The shadow has a 

negative effect of classifier performance that builder using dataset as a training 

sample. Further, this stage aims to remove the shadow from input color images 

using 2D log chromaticity algorithm for creating an illumination invariant 

grayscale image , which will be deprived of shadows from a single color image 

.The details of 2D log chromaticity image are shown in algorithm (3.1) . 
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   Algorithm (3.1) 2D log chromaticity image 

Input:  Color image , theta  

Output: 2D gray scale image 

Begin   

 Step 1: For each Pixel in color  image do                            

                      Split each pixel to three band (red,green,blue) 

                      if ((red * green * blue) <> 0) then   

                           Compute  band-ratio 3-vector chromaticities 

C1 = R/∛(R ∗ G ∗ B)    // according to equation (2.1) 

C2 = G/∛(R ∗ G ∗ B) //according to equation (2.2) 

C3 = B/∛(R ∗ G ∗ B) //according to equation  (2.3) 

                        Else    C1 = 1 

                                   C2 = 1 

                                   C3 = 1 

                        End if 

               End for 

 Step 2: find the log of each 3-vector chromaticities in each pixel: 

                   rho1 =Log ) C1(     //according to equation (2.4) 

                   rho2 =Log (C2)    //according to equation (2.5) 

                   rho3 =Log (C3)   //according to equation (2.6) 

 Step 3: find minimum value for each three band in all pixel 

 Step 4: for each pixel in  rho1, rho2, rho3 do                  

                      new_data. rho1 = rho1 + MinR; 

                      new_data. rho2 = rho2 + MinG; 

                      new_data. rho3 = rho3 + MinB; 

                  End for 

  Step 5: find maximum value for each three band in all pixel. 
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 Step 6: for each pixel in new_data. rho1, new_data. rho2, new_data. rho3 do 

                 Gry1 = new_data. rho1/MaxR; 

                 Gry2 = new_data. rho2/MaxG; 

                 Gry3 = new_data. rho3/MaxB; 

                 X1 = Gry1 * (1/√2) - (Gry2 *  1/√2) //according to  

                equation(2.8)                               

                 X2 = Gry1 * (1/√6) + (Gry2 * 1/√6)-   Gry3*(2/√6)// according  

                  to equation(2.9) 

                End for             

 Step 7: find minimum value for each X1 and X2  in all pixel. 

 Step 8: for each pixel  in X1 and X2  do                  

                      X1 = X1 + MinX1 

                      X2 = X2 + MinX2 

               End for 

 Step 9: find maximum value for each X1 and X2  in all pixel. 

 Step 10:for each pixel in X1 and X2  do 

                    X1 = X1 /MaxX1 

                    X2 = X2 / MaxX2 

              End for 

Step 11:Enter the value of theta : 

            theta = theta * 3.1415 / 180.0 

 Step 12: to  find illuminant invariant image : 

                for each pixel do 

                     InvariantImage =  Cos(theta) * X1  +  Sin(theta) * X2        

                    //according to equation (2.10) 

                End for 
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 Step 13: find minimum value for InvariantImage in all image        

 Step 14: for each InvariantImage in all image do   

                     InvariantImage = InvariantImage +InvariantImage.Min; 

                End for 

Step 15: find maximum value for InvariantImage in all image .   

Step 16: for each InvariantImage in all image do   

                    InvariantImage = InvariantImage /InvariantImage.Max; 

                    Image = InvariantImage * 255 

                End for 

Step 17 : end algorithm    

 

3.2.2.2 Global Threshold  

    The thresholding is considered as the simplest method of image segmentation. 

Thresholding creates binary images from gray-level ones by turning all pixels 

above the threshold to one and below some threshold to zero. In our proposed 

system, the proper value of the threshold (T) is estimated to be (127), the edges of 

the region of interest can be easily detected from the binary image. Therefore, this 

step is very important to isolate or extract the required part of an image, and 

elimination the other noises or unwanted parts, by choosing pixels that have a 

specific value. Pseudo codes (3.2) describes the steps of best threshold. 

Pseudo codes(3.2) Best Thresholding 

Input: 𝐼𝐺   //    grayscale image 

Out put : 𝐼𝐵    // binary image 

Begin 
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Step1: Set initial threshold (T) to 127 

Step2: sumT← 0     sumF← 0       sumPT←0          sumPF←0 

mean_GropT← 0     mean_GropF← 0         newT←0 

Step3: For (i=0;j=0;i< 𝐼𝐺   .h,j<  𝐼𝐺    .W;i++,j++) 

Color← 𝐼𝐺    (i , j).R 

If  R < t then 

sumT += (R * ProP [R]); 

sumPT += ProP [R] 

Else 

If  R >= t then 

sumF += (R* ProP[R]) 

sumPF += ProP[R] 

End if 

End if 

End for 

Step4:  mean_GropT←  sumT / sumPT 

mean_GropF←sumF / sumPF 

newT ← (mean_GropT + mean_GropF) / 2 

if (T = newT)     then     Goto step (5) 

Else      T = newT; 

Goto step (2); 

step 5: For(i=0;j=0;i<  𝐼𝐺  .h,j<  𝐼𝐺 .W;i++,j++) 
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Color←  𝐼𝐺  (i,j).R 

If color<  Round(T) then    𝐼𝐵   .pset(i,j) , black 

Else             𝐼𝐵    pset(i,j) , White 

End if 

End for 

 

3.2.2.3 Morphology Dilation Operation 

     The binary image that obtains from the previous step has strong and weak 

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 adds pixels to it. Pseudo codes (3.3) illustrated dilation 

operation in details.  

Pseudo Codes (3.3) Morphology Dilation Operation  

Input:  imagebin , Kernel  

Output: output image 

Begin   

Step 1:K=(Dimension of kernel-1)/2 

Step 2 : For all(x=1,y=1;x< Width ;y<Height ;x++,y++) 

              If  imagebin [x, y] =255  then  

                 For all(kx=-K,ky=- K;kx<=K,ky<=K,kx++,ky++) 

                         If  imagebin [x+kx, y+ky]=0  then  

                               imagebin [x+kx, y+ky] =255  
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                         endif  

                Endfor  

             Endif  

        Endfor   

End  

 

      In pseudo codes (3.3), the dilation operation is takes two inputs. The first is 

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

(usually small) set of coordinate points known as a structuring element or 

(kernel). Figure (3.4) clarifies example of the dilation of a input pepper image 

with kernel size 3×3, which will be used in proposed system, so, if  the value of 

each pixel which lie beneath center of the mask is (1), then all neighbor of this 

pixel will assign to (1). 

 

Figure (3.4) Example of Dilation Operation with a 3x3 Dilation Kernel for a Single Destination 

Pixel. 

 

https://homepages.inf.ed.ac.uk/rbf/HIPR2/strctel.htm
https://homepages.inf.ed.ac.uk/rbf/HIPR2/kernel.htm
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3.2.2.4 Crop Image 

   The result of the previous step is a binary image obtains a white area that 

represents the object or ROI, and a black area represents background. Since the 

images in the dataset that used in this work are indoor, and one of the characteristics 

of indoor images is that the color of the background is white, so the crop step aims 

to reduce the execution time, by distinguish between important and unimportant 

areas, therefor, dropping the color value of the original pixel in original image that 

its coordinates matching with coordinates of the white pixel in cropping image. The 

details of crop image are shown in pseudo codes (3.4). 

Pseudo Codes (3.4) Crop Image. 

Input:  BImage  //Binary image ,  OImage // Original color image 

  Output: Cropimage 

Begin   

Step 1: for (i=0, j=0 ; i< w-BImage,j< h-BImage; i++,j++) 

                 C= Get BImage.Pixel(j, i) 

                 If C = color (255,255,255) then 

                     Add (j) to array x  

                     Add (i) to array y 

                 End if 

          End for 

Step 2: min x= minimum (x) : min y= minimum (y) 

            max x= maximum (x) : max y= maximum (y) 

Step 3: width =|𝑚𝑖𝑛𝑥 − 𝑚𝑎𝑥𝑥|   ,   hight =|𝑚𝑖𝑛𝑦 − 𝑚𝑎𝑥𝑦|            
Step 4:  i1=0,  j1=0 

           for (i= 𝑚𝑖𝑛𝑥, j= 𝑚𝑖𝑛𝑦 ; i< 𝑚𝑎𝑥𝑥BImage ,j< 𝑚𝑎𝑥𝑦BImage;i++,j++) 

                     c = get color pixel (i,j) from BImage 

                        if (c == Color (255, 255, 255)) 

                                  Cropimage. SetPixel (i1, j1, OImage.GetPixel(j, i))        

                     Else    Cropimage. SetPixel (i1, j1,BImage.GetPixel(j, i))        

                   i1++; j1++         

             Endfor 

End 
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  In step 1: get all white pixel coordinates  (𝑖, 𝑗 ) from binary image, and store the 

coordinate (i) in array one dimension called (x), as well as store the coordinate (j) 

in another array of one dimension called (y), as example shown in the table ( 3.2). 

Table (3.2) An Example of Values of Array x and y. 

x  y  

185 149 

799 149 

800 149 

801 150 

950 160 

 

In step 2 : finding minimum and maximum coordinate in array (x) and array (y). 

For example, mimx= 185  ,miny=149 ,maxx =950,and maxy=160. 

In step 3 : The height and width of the cropped image are calculated based on 

values of (mimx, miny)  and (maxx and maxy) as following : 

Width=| minx-maxx|= 765 

Height=|miny-maxy|=11 

In step4: After determining the dimensions of the ROI (width , height) from the 

previous step, all white pixels in the crop image that have a color value 

(255,255,255) are filled with the pixel of the original image, that matches the 

coordinates [i, j], as shown in figure (3.5) that shown example of output crop 

image. 



    Chapter Three                                              The Proposed System 
 
 

49 
 

 

Figure (3.5) Cropping Image a) Dilation Binary Image  b) Original Color Image  c) Crop Image 

. 

3.2.3 Feature Extraction using HoG Algorithm  

         When the ROI area in pepper image for HOG analysis are detected, the 

proposed system apply HOG algorithm on these areas to extract HOG features as 

illustrated in algorithm (3.2). The input of HOG algorithm is pepper image after 

applied on it a preprocessing operation. 

Algorithm (3.2) Feature Extraction using HOG Algorithm. 

Input:  crop image 

            N=180  

Output: features  
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Begin   

Step 1: Resize Image  bring down the width to height ratio to 1:2 

Step 2: Calculating Gradients Magnitude and direction( x and y) 

Step 2-1: Calculating Magnitude 

                 For each Pixel in image do  

                 Get neighbor left  from pixel  call x_left  

                 Get neighbor right from pixel  call x_ right    

                 Get neighbor top  from pixel  call x_top  

                 Get neighbor bottom  from pixel  call x_bottom      

 dx =x_right - x_ left            //according to equation (2.21) 

 dy =x_bottom - x_top         //according to equation (2.22) 

                  Magnitude=√𝑑𝑥2 + 𝑑𝑦2   //according to equation (2.23) 

              Endfor  

 Step 2-2: Calculating Orientation 

              For each Pixel in image do  

                 Get  dx  from pixel 

                 Get  dy  from pixel    

                 Ori =tan−1(𝑑𝑦/𝑑𝑥)  //according to equation (2.24) 

              Endfor  

 Step 3: Create Histograms using  Orientation 

 Step3-1 split image to blooks, each block size 8*8 pixel  

 Step 3-2 Use (“unsigned” gradient)when the orientation bins(bin) are   

               evenly spaced over 0◦– 180◦, size of each bin is (4), therefore, 

                number of bin is (45). 

Step 3-3 PI= 3.14 

             For each block  from  image do  

                    For each pixel in block do  

                            bin = N * (ori + PI) / (PI*2)  //bin represent (x-axis) 

                          if (bin < N) then bin = bin 

                          else bin = 0; 

                            hist[bin] += 1; //hist[bin] represent (y-axis) 

                   Endfor  

                 Endfor 

Step 4 : Normalize gradients using L2-norm Block normalization, by  
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             finding the summation of all hist[bin] then divided each value of  

              hist[bin] on the summation according to equation (2.25). 

 

      End  

   The set of features that extracted from region of interest (ROI) of pepper image 

using HOG algorithm are normalizes using Z-Score technique, and then saved in 

dataset. In addition, the proposed system calculated sigma for each feature`s 

columns, and then saving in dataset as shown in figure (3.6), which representing 

Standard Deviation, that is a measure of the extent to which data varies from the 

mean, which has important role to increase accuracy of classification. 

 

Figure (3.6) Block Diagram of Extraction Features using HoG Algorithm. 
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   To compute sigma for each HOG features, for example, will takes three HOG 

features for two classes as shown in table (3.3). 

Table (3.3)Example for HoG Features. 

#class F1 F2 F3 

0 3.82486524626497 5.38513954230527 12.4455578568382 

0 3.41013843982274 6.23498474777061 5.47092242754432 

0 7.36097884204085 10.1605064475831 7.81444556910398 

0 3.42603827898096 3.03778461127173 5.00312527772535 

0 5.17475347932463 6.09433351365172 9.8088760266153 

0 7.18220271520155 10.4075739643154 10.340146404592 

1 17.3685953025014 20.9706048175155 20.2210263449384 

1 16.4895143002993 14.4612353888017 19.3374655604254 

1 11.0463326209197 14.0134433915107 19.1542971924217 

1 9.87292577891137 15.2714728427593 15.3934971475365 

  

  Compute value of standard deviation (SD) using equation (2.27).The results of 

SD illustrated in table (3.4) . 
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Table (3.4) Standard Deviation (Sigma) values for each features 

# 

Feature 

Number of 

feature values 

(n) 

Sum of feature 

value (𝑓𝑖) 

Mean  

µ 

SD 

(Sigma) 

F1 10 85.1563450042675 8.51563450042675 5.14728081987678 

F2 10 106.037079267485 10.6037079267485 5.57672885010417 

F3 10 124.989359807741 12.4989359807741 5.75898072426772 

3.2.4 Z- Score Normalization 

      Z- Score Normalization aim to normalize  HoG feature to make values of these 

features much closer, the outcomes of this stage are storing in dataset. The 

following example of Z-Score normalization stage, table (3.5) show from the 

original dataset. 

Table (3.5) The Original Dataset Feature.  

Class F0 F2 F3 --- F44 

0 
3.82486524626497 5.38513954230527 12.4455578568382 --- 5.68672918731598 

0 3.41013843982274 6.23498474777061 5.47092242754432 --- 1.17794042307482 

0 7.36097884204085 10.1605064475831 7.81444556910398 --- 6.45044491471318 

0 
3.42603827898096 3.03778461127173 5.00312527772535 --- 1.71209886859378 

0 5.17475347932463 6.09433351365172 9.8088760266153 --- 5.2050048902613 

0 7.18220271520155 10.4075739643154 10.340146404592 --- 3.20473257421597 
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0 
7.10487993162291 6.81268133719746 8.25807844215275 --- 3.78135432345465 

0 5.61520427857427 6.09526982888915 11.3820096346161 --- 4.97116451602835 

0 12.0429267549758 14.8449691621835 13.2280175163265 --- 7.75433251332296 

0 
3.34156092157282 6.2413265356777 6.11555741568083 --- 3.52620769410338 

0 3.35750529355758 4.91771869883324 6.88688452375011 --- 4.05091499134636 

0 1.01639783893016 2.00661799979057 5.83188618018632 --- 1.70850501744959 

0 
4.40445700755152 5.60802756484573 8.0481303796668 --- 1.11535301033866 

0 3.83810823180141 7.59349197270384 7.1479233855515 --- 6.83576985791438 

0 7.45296813125998 9.66107065657473 6.84591203074538 --- 7.96257834990732 

---- --- --- --- --- --- 

5 5.4608681093001 4.18114581441464 7.71734507427314 --- 4.2911193473041 

 

1- Apply mean and stander deviation (SD) on the original dataset by using the 

equations (2.27) , the results of shows in table (3.6) . 

 

Table (3.6) Results of Mean and Stander Deviation of HOG Features. 

F# Mean SD F# Mean SD 

F0 8.33345868709702 3.94465259706843 F24 6.01868188113487 3.64543446410853 

F2 11.0834339065031 5.54230441043778 F25 7.75126254982742 3.66331068195696 

F3 13.8694124344504 6.15332605713825 F26 11.9492176690234 5.69947187164888 

F4 11.2218543229905 5.13981764479097 F27 10.5474924392921 5.36233656425867 
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F5 6.37025998707407 3.7304827136607 F28 9.49280649597105 4.66373242304359 

F6 6.89257515764646 3.44149553288748 F29 6.35562972234777 3.79013390958457 

F7 11.1257422155191 5.47631375868493 F30 7.30206364787341 3.68777049734215 

F8 11.2589007602253 5.55500468072273 F31 12.655593561046 6.01041590975567 

F9 9.51069724123121 4.68074911384661 F32 11.0719772908574 5.73217450110231 

F10 6.15515548367928 3.67915112982149 F33 12.8997399568415 5.59347591578323 

F11 7.52766671678192 3.76237088331531 F34 7.61948618528637 4.03557196980333 

F12 14.5973739430461 6.5285147926122 F35 7.51859071676756 3.52548003796625 

F13 11.4378226112381 5.72728590389784 F36 10.9849908881477 5.30570308278097 

F14 10.8073698382976 5.15613343934738 F37 10.3715195284742 5.35049407784138 

F15 6.77825411847962 3.81013855068853 F38 10.0358470131215 4.69318461734495 

F16 6.92739174283356 3.4134867947096 F39 6.6568954521953 3.88206993868791 

F17 10.6579501779065 5.40251040052362 F40 9.97585852173997 4.25892902751329 

F18 11.093698227435 5.36532663736519 F41 12.2337233922355 5.7004979025378 

F19 10.9562214873209 4.93334518908715 F42 12.4994656321049 5.80328879174305 

F20 6.359299206955 3.83577358162815 F43 10.2381257568294 4.99150015320488 

F21 6.71801112321282 3.44362978524771 F44 7.08253570385296 3.95294272757675 

F22 10.3255813595756 5.13346423305636 F44 12.2337233922355 5.7004979025378 

F23 9.08470430773865 4.52030734131843    
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2- Apply the z-score normalization technique on the original dataset by using the 

equation (2.26), the result shows in table (3.7). 

Table (3.7) Results of Z-Score Normalization. 

Class F0 F2 F3 --- F44 

0 
-0.69206759048802 0.503490813829655 1.6061510469271 --- 0.496095817903567 

0 -0.795334853240803 -0.230549774130758 -1.1016460212836 --- -1.45164989568326 

0 0.188427150016631 1.03019273193625 -0.19180848832114 --- 0.826012368049844 

0 
-0.791375782251 -1.2538045314087 -1.28326121295245 --- -1.22089949307244 

0 -0.355944483216248 -0.275722111196921 0.582499072298685 --- 0.28799637955278 

0 0.143911770307723 1.109542333175538 0.788756788054801 --- -0.57609862565198 

0 
0.124658343510716 1.1095423175538 -0.0195747127851448 --- -032700455736686 

0 -0.246271928394014 -0.0450135061908406 1.19324448182282 --- 0.186979979000607 

0 1.35423543105728         -0.274521398958096 1.90992921474439 --- 1.38927705264383 

0 
-0.812410702899039 2.53468097936203 -0.851376204452216 --- -0.437225013378554 

0 -0.808440543204509 -0.228513010054454 -0.551920081908681 --- -0.210557399850479 

0 -1.39137792485935 -0.65361030638399 -0.961507285506728 --- -1.22245199608986 

0 
-0.547748839511735 -1.58855568979628 -0.101083883239352 --- -1.4786894959187 

0 -.688770077894719 -0.43190684981198 -0.4505755678774854 --- 0.99246838222609 

---- ---- ---- ---- --- ---- 

5 0.86979113959207 -0.8901721738784 0.70135567424311  1.37329889761533 
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3.2.5  Classification of Pepper Plant  Diseases using Probabilistic          

Neural Network (PNN)   

    A finite shape of dataset after apply preprocessing and feature extraction which 

clarify in previous steps is a set from rows and columns, as example shown in 

figure (3.7), It includes: 

 Sample : A single row of data is called an sample.  

 Feature: A single column of data is called a feature, and it is also called an 

attribute of a data sample.  

 Data Type: Features have real-valued  

 Training Dataset: A dataset that we feed into PNN algorithm to train 

the model. 

 Testing Dataset: A dataset that we use to validate the accuracy of the model, 

but is not used to train the model. 

 

Figure (3.7) An example for final shape of dataset. 
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    Dataset used in proposed method splitting into two section for training and 

testing . 

3.2.5.1 Training Phase 

    This stage is one of the most important stages in PNN, because learning comes 

through this stage, so that the network that has been built learns by extracting 

features from pepper plant images, in order to learn from these features for each 

image to be distinguished on its basis. In the training stage, the data are labeled to 

each type of plant diseases, and training is conducted on the foundation of these 

labeled. In our work, the data is divided into two main sections in each class , 

which are 70% for training data and  30% for testing data. The training stage, need 

two different training options : epoch and shuffle. Epoch used to break down the 

entire data into smaller sets or batches which are then fed one by one, sequentially 

for training the machine towards taking decisions. When all data is added exactly 

once to the system, the batches is known as an epoch.  Adding multiple batches of 

information into the system can be categorized as multiple epochs. In the training 

of a neural network, it important practice is to shuffle the training data  in each 

class before every epoch to have different data for each batch for the following 

reasons: 

 it prevents any bias during the training. 

 it prevents the model from learning the order of the training. 

The following figure (3.8), shows an example that illustrates the use of (epoch and 

shuffle ) in the proposed system 
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Figure (3.8) : An Example of using (Epoch and Shuffle ) in Proposed System. 

3.2.5.2 Testing Phase 

    During the test Phase, the purpose is to see how our final model is going to 

deal in the wild, so in case its performance is very poor we should repeat the 

whole process starting from the training phase. The testing stage classify the 

pepper plant into healthy or disease with gives disease class that its belong. 

  

3.2.5.3 PNN Architecture 

           In the classification stage by using PNN algorithms, when the Epoch = 1,  

need two initial input, first the training set which represent 70% from each class in 

dataset, and sigma which computed for it. In the next step, when the Epoch = 2 and 

after used the shuffling, a different training set and sigma that have been used as 

new input to PNN algorithms, and so on.  Figure (3.9) clarifies the architecture for 
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a PNN that recognizes K={1,..,t} class, where t represents number of pepper 

classes that equal to (6) for pepper leaves and (4) for pepper fruits. 

 

Figure (3.9) PNN Architecture. 

 

    The input layer has (45) nodes: one for each of the input feature and there is 

branch at each feature input node to all nodes in the pattern layer, so that each 

pattern node receives the complete input feature x. The pattern nodes are collected 

into groups: one group for each of the K classes, and each class has different 

number of training sample (nk) and each training sample have (45) training feature. 

    Each training sample node in the group for class k corresponds to a Gaussian 

function centered using equation (2.32) on its associated feature in the k class. In 

summation layer, summation all Gaussian function centered values in separately 
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and respectively for all K classes. Finally, in the output layer try to determining the 

class with a maximum value to label instance x with accordingly as shown in 

algorithm (3.3).  

Algorithm (3.3) Classification using PNN. 

Input:  input set of features 𝑥𝑖and sigma from dataset 

Output: Class name 

Begin   

Step 1: Read input feature and feed it to each Gaussian function in each  

              Class . 

Step 2: For each group of pattern nodes, compute all Gaussian functional  

             values at the pattern nodes using equation (2.32) 

Step 3 : For each group of pattern nodes, feed all its Gaussian functional 

              values to the single output node for that group 

Step 4 : At each class output node, sum all of the inputs  

Step 5 : Find maximum value of all summed functional values at the output 

              nodes 

End  

An Example of PNN Classification: 

     Suppose have the following training dataset which consist of two classes ,first 

class (A) include (2) training sample and second class have (3) training sample and 

each sample have (5) feature. 
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Table (3.8) An example of training dataset in this example. 

No. of 

classes 

Feature 1 Feature 2 Feature 3 Feature 4 Feature 5 

Class 1 0.6 0.5 1.6 0.19 1.9 

-0.7 0.2 1.1 0.04 -0.8 

Class 2 0.8 -0.89 0.5 0.3 1.3 

0.24 1.08 -0.97 0.22 0.36 

-0.3 0.33 0.59 0.16 0.77 

  Standard deviation  𝜎1  =  𝜎2 = 𝜎3 = 𝜎4 = 𝜎5=1, To find the class for the test 

sample (1.5,0.2,0.19,-0.7,0.88) based on equation (2.32), Since the term 1/√2𝜋 is 

a common factor in all Gaussian function , it can be dropped out without changing 

the classification result , which can be  modified  to became equation (3.1) : 

𝑮(𝒙𝟏,𝒙𝟐 , … 𝒙𝒑) =
𝟏

𝒏𝝈
 ∑ (∑ exp [−(

‖𝒙𝒋 −𝒚𝒊𝒋‖
𝟐

𝟐𝝈𝒋
𝟐

)])
𝒑
𝒋=𝟏

𝒏
𝒊=𝟏   ……….. (3.1) 

Where p is the number of input nodes which equal to the number of feature in each 

sample, n denotes to the number of training sample in each class , 𝑥𝑗 is the feature 

of test sample, and 𝑦𝑖𝑗  is the feature of training sample. 

In general, a PNN for t classes is defined as: 

𝑮𝒌(𝒙𝟏,𝒙𝟐 , … 𝒙𝒑) =
𝟏

𝒏𝒌𝝈
 ∑ (∑ exp [−(

‖𝒙𝒋 −𝒚𝒌𝒊𝒋‖
𝟐

𝟐𝝈𝒋
𝟐

)])
𝒑
𝒋=𝟏

𝒏𝒌
𝒊=𝟏   ………. (3.2) 

k = 1, ..., t 
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where 𝑛𝑘 denotes the number of training sample in class k. Table (3.9) show value 

of each parameter used in this example. 

Table (3.9) value of each parameter in Gausssian function for this example 

Parameter Value 

T 2 

n1 2 

n2 3 

P 5 

σ1  =  σ2 = σ3 = σ4 = σ5  1 

 

      So, to find the classification of the input sample, first apply the equation (3.2) 

on the first class (k=1) as shown below : 

  G1(1.5,0.2,0.19, −0.7,0.88) =
1

2∗1
 {

exp – (
(1.5 –0.6)2

2∗(1)2 )  + exp – (
(0.2 –0.5)2

2∗(1)2 ) + exp – (
(0.19 –1.6)2

2∗(1)2 )

exp – (
(−0.7 –0.19)2

2∗(1)2 ) + exp – (
(0.88 –1.9)2

2∗(1)2 )  
} +  

                    
1

2∗1
 {

exp − (
(1.5 −(−0.7))2

2∗(1)2 )  + exp − (
(0.2 −0.2)2

2∗(1)2 ) + exp − (
(0.19 −1.1)2

2∗(1)2 )

exp − (
(−0.7 −0.04)2

2∗(1)2 ) + exp − (
(0.88 −(−0.8))2

2∗(1)2 ) 
}    …….. (3.3) 

G1=    
1

2
 {0.666 + 0.955 + 0.37 + 0.672 + 0.594} +

             
1

2
 {0.088 + 1 + 0.66 + 0.76 + 0.243}  …….......(3.4) 

 G1 = 1.6285 + 1.3755 = 𝟑. 𝟎𝟎𝟒  ………..…..(3.5) 

Now apply the equation (3.2) on second class (k=2) as shown below : 

   G2(1.5,0.2,0.19, −0.7,0.88) = 
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1

3∗1
  {

exp − (
(1.5 −0.8)2

2∗(1)2 )  + exp − (
(0.2 −(−0.89))2

2∗(1)2 ) + exp − (
(0.19 −0.5)2

2∗(1)2 )

exp − (
(−0.7 −0.3)2

2∗(1)2 ) + exp −  (
(0.88 −1.3)2

2∗(1)2 )
}  +  

1

3∗1
 {

exp − (
(1.5 −0.24)2

2∗(1)2 )  + exp − (
(0.2 −1.08)2

2∗(1)2 ) + exp − (
(0.19 −(−0.97))2

2∗(1)2 )

exp − (
(−0.7 −0.22)2

2∗(1)2 ) + exp −  (
(0.88 −0.36)2

2∗(1)2 )
}

+
   

     

1

3∗1
 {

exp − (
(1.5 −(−0.3))2

2∗(1)2 )  + exp − (
(0.2 −0.33)2

2∗(1)2 ) + exp − (
(0.19 −0.59)2

2∗(1)2 )

exp − (
(−0.7 −0.16)2

2∗(1)2 ) + exp − (
(0.88 −0.77)2

2∗(1)2 )  
}    ……… (3.6) 

G2 =
1

3
 {0.782 + 0.552 + 0.953 + 0.606 + 0.915 } + 

1

3
 {0.452 + 0.678 + 0.51 + 0.654 +

             0.873} +
1

3
 {0.197 + 0.991 + 0.923 + 0.69 + 0.993}   ……..(3.7) 

G2 = 1.269+1.055+1.264=3.588   ………(3.8) 

The PNN assign test sample  into class ( G2 )because  G2 > G1. 
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Chapter Four 

Experimental Results and Evaluation 

4.1 Introduction  

       In this chapter, the results of the proposed methods in advance will be 

included. The proposed method applied on a collection of peppers (Leaves and 

fruits) real images. A probabilistic neural network (PNN) classification algorithm 

applied on images to detection that health or disease of peppers (Leaves and fruits), 

in addition the proposed system detected classes of the disease. The proposed 

system has several main stages, so the results of each stage are presenting in this 

chapter. 

4.2 Implementation Environment 

     Throughout the implementation and testing, the proposed system is 

implemented by using a programming language (C#) and applied in windows ten 

(Win10) operating system. (C#) language deals with an easy path to access the 

image data of every digital image format. The proposed system is implemented on 

the computer (laptop) with Processor: Intel(R) Core(TM) i5-6300U CPU @ 2.40 

GHz 2.50, RAM (8.00 GB), 64-bit operating system, C# language with version 

Microsoft Visual Studio 2019 Visual . 

4.3 Dataset 

     The dataset (DiyalaPepper) contains ( 244 ) images of healthy and unhealthy 

images for both peppers  fruits and leaves collectively as shown in table (4.1). 

Each image contains 1600 * 1066 dimensions. The dataset were gathered using 

DSLR (Nikon D3300) having a sensor with CMOS system and resolution of 

(width 1600 pixels – height 1066 pixels). The sensor size for Nikon D3300 is 18-

55 (mm). RGB color range is chosen for each of the images in the JPEG 
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combination. Figure (4.1) shows Samples of all classes from Pepper Leaves 

Dataset and figure (4.2) illustrated samples of all classes from Pepper Fruits 

Dataset. 

Table (4.1) Attributes of Pepper Disease Dataset. 

 

peppers Leaves peppers Fruits 

Attribute of disease Number 

of 

Image 

Attribute of disease Number 

of 

Image 

Environmental 24 Black fruit lesion 10 

Leaf curl 7 Fruit rots 35 

Leaf spot 40 
 

 

Insect injury 

 

 

10 Leaf worm or cut worm 35 

Nutrient deficiencies 40 

Healthy leaves 20 healthy Fruit 23 

Total number of leaves 

image   

166 Total number of fruits 

image  

78 

Total number of class 6 Total number of class 4 
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(a) pepper healthy leaves (b) environmental diseases class 

  

(c) Leaf curl diseases class (d) Leaf spot diseases class 

  

(e) Leaf worm or cut worm 

diseases class 

(f) Nutrient deficiencies diseases 

class 

Figure(4.1) Samples of all classes from pepper leaves dataset. 
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(a) pepper healthy Fruits class   (b) black fruit lesion diseases class 

  

(c) Fruit rots diseases class (d) insect injury diseases class 

Figure (4.2 ) Samples of all Classes from Pepper Fruits  Dataset. 

4.4 Proposed System Implementation  

    The proposed system has many stages executed sequentially, begins by 

configuration of dataset ends with giving the class name. The implementation of 

the proposed system on pepper leaves dataset is illustrated in subsection (4.4.1), 

and the implementation of the proposed system on pepper fruits dataset is clarifies 

in subsection (4.4.2). 

4.4.1 Proposed System Implementation on Pepper Leaves 

        The results of performance for each stages of the proposed system on pepper 

leaves dataset shown in details in sub section bellow. 
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4.4.1.1 Configuration of Dataset 

         The first step in the proposed system is configuration pepper leaves dataset 

was explained in the previous chapter according to pseudo codes (3.1). This step 

aims to eliminate from duplicate or similar images in dataset which lead to increase 

accuracy in classification process. The total number of leaves pepper images in 

dataset equal to (166) and number of class(6). Table (4.2) shows example of results 

of chose best sample image based on value of threshold is equal to 90. 

Table (4.2) An Example for Dataset Configuration (Leaves). 
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4.4.1.2  Results of Implementation Preprocessing Stage for Leaves 

             A pre-processing stage includes four main sub stages (generation of 2D 

log chromaticity image, global threshold, morphology dilation operation, and 

finally crop image) the results of each pre-processing stages illustrated in the 

following subsection . 

1. Results of Generation 2D log Chromaticity Image  

        After load image from pepper leaves dataset, this image input to pre-

processing stage, and the first step in this stage is 2D log chromaticity image to 

remove shadow from input image. In 2D log chromaticity image algorithm the first 
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step is splitting the color image into R,G, and B color  channel respectively as 

shown in figure (4.3) . 

 

(a) Original pepper leaf image in RGB color space 

   

b) Red channel  c) Green channel d) Blue  channel 

 

e) Histogram of R,G,B color channel  

Figure (4.3 ) Split R,G,B  Color Channel of Pepper Leaf Image with its Histogram. 

        Table (4.3) illustrated the results of apply 2D log chromaticity algorithm on 

example of shadow removed from pepper leaves image based on different value of 

theta (θ),where the best value of θ =70. Table (4.4) show the histogram of the 2D 

log chromaticity images, χ1 and χ2 . 
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Table (4.3) Results of  Shadow Removed Grayscale Image using 2D log Chromaticity 

Algorithm. 

Histogram of Red 

Data 

 Histogram of Green 

Data 

Histogram of Blue 

Data 

   

Theta=70                 Theta=90                Theta=130 

   

 

Table (4.4) Histogram of the 2D log Chromaticity Images(x1,x2) . 

Histogram of value x1 Histogram of value x2 
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2. Results of  Global Threshold  

       Table (4.5) illustrated the results of global threshold to find the best threshold, 

to convert into binary image after applied 2D log chromaticity algorithm.To find 

the best threshold as illustrated in pseudo codes (3.2) , compute the new threshold 

value, when the old threshold equal the new threshold, then this threshold represent 

the best threshold. As example shown in table (4.5) the best value of threshold 

=78.8210. 

Table (4.5) Example of Determine Value of Global Threshold. 

Id Image Old 

Threshold 

GropT GropF New 

threshold 

0 

 

127.0000 67.5076 132.8443 100.2224 

1 

 

100.2224 67.3459 103.1317 85.3196 

2 

 

85.3196 67.2936 94.9168 81.1313 

3 

 

81.1313 67.2936 91.5753 79.4345 
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4 

 

79.4345 67.2803 90.6415 78.9609 

5 

 

78.9609 67.2770 90.3650 78.8210 

6 

 

78.8210 67.2770 90.3650 78.8210 

 

3. Results of Morphology Dilation Operation  

       The results of dilation operation depending on size of kernel or filter, 

the dilation operation implementation using different kernel size as shown 

in table (4.6). The filter size has been determined by try and test that value 

is taken between (3*3,5*5,7*7,9*9,11*11), the best value is chosen for the 

filter size that fits to image which is [3*3] for two reasons, firstly is to 

speed up the operation, secondly is producing image more smoothing.  

Table (4.6) Results of Morphology Dilation Operation. 

Image After apply 

global 

Threshold 

Kernel 

size 

Dilation image 

 

3*3 

 
5*5 
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7*7 

 
9*9 

 
11*11 

 
 

4. Results of Crop Image  

         The final step in preprocessing leaf image is crop image to take only the ROI 

from image, by determined the min (x,y) and max (x,y) as shown in pseudo codes 

(3.4). Table (4.7) shows results of crop operation on 6 samples of leaves image, 

where each sample represent one class in leaves dataset to illustrated the proposed 

pseudo codes has ability to determine the important region from input image. 

Table (4.7) Results of Crop Image. 
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Max 1428 882 
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4.4.1.3 Results of Implementation the Feature Extraction using HoG 

Algorithm 

      After determined the ROI for input image, then in this stage using HoG 

algorithm as illustrated in algorithm (3.2) to extraction 45 feature are show in table 

(4.8), and compute sigma for 70% from each features in each class of 6 pepper 

leaves classes using equation (2.27) as show in table (4.9) and figure (4.4)  . 
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Table (4.8) Example of HoG Features for Pepper Leaves Dataset.  

Class F0 F1 F2 F3 F4 -- F44 

0 6.12626645401533 7.16669706363251 8.87535384614751 7.16438731887964 4.64438764118073 --
 4.00944052984683 

0 4.17940048906726 8.68966789593096 7.96942358892477 5.33411936803612 6.71204710553241 --
 6.42505608975894 

0 7.61911021631925 10.6626743918153 13.0220281460866 12.0662918768766 8.4277504705129 --
 9.00464251530654 

0 7.07256938004794 5.71229780999592 8.40214030001241 6.86746593710424 2.78852140658787 --
 4.29135551051612 

0 11.8560456872314 13.6516467178077 19.748435827414 15.700905517852 10.3040078347724 --
 8.94742058532433 

0 6.51484861715969 8.49599158540981 11.8516112988895 8.9020029203513 3.85361286834888 --
 3.53698224292758 

-- ------------ --------------- ----------------- ------------- -------------- - ----------- 

0 3.8308737635812 7.60971178080954 8.10561114916995 9.93206183221867 3.02009235286679 --
 3.4269430067513 

1 14.6344110770888 20.9330808748282 17.6712958813017 24.7133669914703 9.21681936742383 --
 8.66687777999153 

1 11.5014805418964 13.5401895414715 20.4285686588376 16.1386205210938 9.31800507633357 --
 9.82460179766514 

1 14.0720788870051 19.9968021160928 24.1058325102916 20.2976840682597 13.5115274078076 --
 14.818117056002 

1 11.5247703792078 17.4980131690495 19.9520245592989 16.6367795584977 9.0684333601728 --
 9.28488045768342 

1 17.4154760032851 23.0408601463885 22.3730522798567 21.25781553094 12.62015598728 --
 11.7680101328975 

1 9.54609564313592 13.0658422891895 15.4639602946034 14.4935064676177 8.47252622858226 --
 8.37483445219053 

-- ------------ --------------- ----------------- ------------- -------------- - ----------- 

1 13.8137404114922 9.84343705499137 14.8281254483959 13.5091735773985 5.11255154910769 --
 2.92974823625603 

2 6.06020222635792 7.91452287533605 9.76264108211939 9.59841595992599 4.71011555022146 --
 5.61477013254755 

2 6.33419756803499 9.50964845347096 10.9152458589773 7.44458159506106 3.54754795072292 -- 2.92971317062863 

2 6.87886121439739 6.22735110504022 7.11838414926178 8.75955365466295 4.95451809366861 -- 3.90907509234176 

2 2.72404617658455 6.36093982605447 11.5359595123075 3.48086992156813 4.99276419881899 -- 5.93879995236613 

2 5.72603727125887 8.44700242217347 13.1979662714947 8.73126511373854 3.51204789511469 -- 4.14085139637397 
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2 4.28809529112284 5.58027071632389 11.4420470796522 5.08926436729222 5.57191306509944 -- 4.97562561643215 

2 4.07678430792762 6.39196326617588 5.35793504677434 4.50490356808684 2.26264954750489 -- 3.73017938247556 

3 10.0085450320973 10.2901420608141 12.6260647244277 9.49783280497234 5.07036827879745 --
 5.56154015410797 

3 9.88943343886329 13.388665673927 21.9023366118213 15.8484257019505 7.66032728341881 --
 9.15199662214702 

3 5.61735151124121 6.63260954860219 10.6143156346693 8.78519079666078 2.60648812322638 --
 4.81785060177577 

3 14.6087800946067 21.5467628744975 28.2884203025252 20.8270241195074 13.9069256018157 --
 14.7990529018883 

3 6.71428202527375 8.85981060953296 12.7702235247653 12.7234874312282 5.58757607399926 --
 6.92840512753973 

3 14.6253804660199 13.5998580109603 14.1160515718793 12.5452191003361 5.83018980373113 --
 5.29562865007441 

3 9.19641560533641 5.81194318590723 9.00308026156543 4.88091545921529 2.80668410156303 --
 1.68397678249026 

3 8.22852880563023 10.2490997897821 14.5266675016854 12.2118312173096 6.02774211194867 --
 9.17370684074574 

3 7.76505710495942 12.388230274269 11.34609856939 12.0439317827565 3.75371502322863 --
 4.8717254929464 

-- ------------ --------------- ----------------- ------------- -------------- --
 -------------- 

3 5.7643991544136 11.7411003316289 11.2918551915404 10.7063634981652 7.89583709525857 --
 8.10283973245557 

4 10.9083876113586 9.80338346415783 16.084134396842 10.7713155628115 5.65145557489072 --
 7.13703225341698 

4 4.37352070682927 6.75894528567385 11.2783459532707 11.2499065262576 2.406338968722 --
 2.79236630446631 

4 10.4319463808887 13.5125182736731 17.574763733929 15.9724124163858 7.5062944022801 --
 7.94211655658321 

4 17.9122146498954 15.9925401661984 14.104182263018 14.8060170743209 9.30374582892986 --
 8.22847472880263 

4 7.09307662104308 11.4061000053901 8.16616599249593 7.99099292327957 4.80888929766998 --
 5.69917531799669 

4 1.63201293783479 2.5442386506494 5.39177790675732 3.39835430942507 2.023303062267 --
 1.95704247110362 

4 13.8395830829512 19.4365710576576 17.2167358937171 16.9787585264841 8.26667526755623 --
 6.38384561134897 

4 8.08441709589104 10.1174034211032 12.098329903614 10.7985564665783 7.2113197233892 --
 6.26971303773393 

4 6.75676423001057 8.24404136550823 9.52940684646071 8.00443603815173 3.79635599904527 --
 5.67734300840567 
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-- ------------ --------------- ----------------- ------------- -------------- --
 -------------- 

4 6.70111719854808 12.2178915996915 9.18743442912432 11.2671128176966 5.56097620645618 --
 3.73784257730347 

5 9.22492038548652 14.9132192040488 17.2221099019361 17.1259060599399 10.4492036735123 --
 11.0028582787938 

5 7.03316318611902 17.5225032105468 17.5944103566106 15.0008691790368 5.64593439792093 --
 7.47687902685746 

5 12.0390790414349 20.8569134915192 23.3102849216209 17.0678506660822 12.415254106965 --
 13.7891678077157 

5 8.93401856424567 7.03568419178666 8.28062810264346 11.5168846846972 4.8099791510926 --
 4.54014046219631 

5 7.7560408468051 13.7919687566289 11.4396256090102 14.7204749889881 3.08079286271286 --
 4.70064629262935 

5 10.7871025253969 11.1192128768318 13.0152326282212 9.46048786851334 7.52631310647781 --
 4.87645995162288 

-- --------------- ----------------- ------------- -------------- --
 - --------------- 

5 10.999386472997 14.5782373224682 17.509169000338 14.0479589939476 7.7035629389788 --
 8.00679815770335 

 

Table (4.9) Sigma Values for 45 HoG Features Computed to 70% from Dataset . 

# Value # Value # Value # Value # Value 

Sigma(1) 3.8375 Sigma(12) 6.7203 Sigma(23) 5.1003 Sigma(34) 5.4308 Sigma(45) 4.1142 

Sigma(2) 5.5104 Sigma(13) 5.6867 Sigma(24) 4.5059 Sigma(35) 4.2728 

Sigma(3) 6.5198 Sigma(14) 5.0654 Sigma(25) 3.5691 Sigma(36) 3.4531 

Sigma(4) 4.9438 Sigma(15) 4.0200 Sigma(26) 3.6374 Sigma(37) 5.1015 

Sigma(5) 3.8943 Sigma(16) 3.5130 Sigma(27) 5.7066 Sigma(38) 5.3558 

Sigma(6) 3.4864 Sigma(17) 5.4631 Sigma(28) 5.3795 Sigma(39) 4.4668 

Sigma(7) 5.4077 Sigma(18) 5.5789 Sigma(29) 4.5561 Sigma(40) 3.7383 

Sigma(8) 5.6410 Sigma(19) 4.7739 Sigma(30) 3.8083 Sigma(41) 4.3183 
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Sigma(9) 4.4985 Sigma(20) 3.8645 Sigma(31) 3.6651 Sigma(42) 5.7890 

Sigma(10) 3.7873 Sigma(21) 3.3631 Sigma(32) 6.0432 Sigma(43) 5.7581 

Sigma(11) 3.7710 Sigma(22) 5.0160 Sigma(33) 5.8438 Sigma(44) 4.7580 

 

Figure (4.4) Histogram for Sigma Values of 45 HoG Features. 

4.4.1.4 Results of Implementation of Z- Score Normalization 

   As discussed in section (3.2.4), Z-score normalization aims to make the features 

and their sigma that are belonging to one class to be more closely related, but in 

same time separate them from the other class, to avoid the overlapping of features 

classes and increase accuracy of the proposed system in classification stage. Figure 

(4.5) clarifies histogram for original features that extract using HoG algorithm for 

166 pepper leaves images of 6 classes.  
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          First step in Z-score normalization compute values of (Mean and Standard 

deviation) for all features as illustrated in figure (4.6).  

 

Figure(4.6)  Histogram of Normalization [Mean and SD] for all Features . 

     Figure (4.7) shows features after applied Z-score normalization based on  

equation (2.26). 
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4.4.1.5 Classification Stage using PNN Algorithm 

            It includes the results of the two phases (training and testing) of the 

classification for the pepper leaf disease using PNN classification algorithm. 

1. Training Data Phase 

          In this phase ,it will training 70% from each class in the dataset and compute 

sigma for it. The training dataset passed through normalization to compute Z-score 

for each feature, so features after normalization and sigma parameters are stored in 

dataset to using in testing process. 

2. Testing Data Phase 

         In this phase, the testing dataset has 30% from dataset. In PNN classification 

algorithm, first compute sum of gaussian function in each class as example shown 

in table (4.10), that shown the summation of samples for each class with its 

histogram. Table (4.11) shown probability of summation (Psum) for each class, 

and find maximum value of  (Psum) to classifies the pepper leaves classes.  

Table (4.10) Example of Summation of the  Samples for Each Classes in PNN Algorithm. 

Sum  Histogram 

Class Sum 

1 32.0408868925414 

2 35.4623531349732 

3 35.8356026681743 

4 28.0068702180688 

5 30.2878400681457 

6 28.0068702180688 
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Total sum 189.640423199972 

 

1 36.5948959962984 

2 36.256955867579 

3 32.823353722449 

4 28.4705767772695 

5 30.8260194238102 

6 28.4705767772695 

Total sum 193.442378564676 

 

 

1 17.9913692176592 

2 18.8499951461378 

3 21.410242132181 

4 23.2887835646305 

5 22.325123672916 

6 23.2887835646305 

Total sum 127.154297298155 

 

 

 

 

 

 

 

 

 



    Chapter Four                            Experimental Results and Evaluation  
 

87 
 

Table (4.11) Example of Probability Summation (Psum) 

Probabilistic Summation  Histogram 

C
la

ss
 

class Psum 

1 0.168955997629023 

2 0.18699785908819 

3 0.188966055145249 

4 0.147684073603528 

5 0.159711940930482 

6 0.147684073603528 

MAX Psum 0.188966055145249 

 

 

3 

1 0.189177243724096 

2 0.187430262885528 

3 0.169680263270103 

4 0.147178591312403 

5 0.159355047495468 

6 0.147178591312403 

MAX Psum 0.189177243724096 

 

 

1 
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1 0.141492419839123 

2 0.148245049885635 

3 0.168380012214433 

4 0.183153727868294 

5 0.17557506232422 

6 0.183153727868294 

MAX Psum 0.183153727868294 

 

 

4 

 

4.4.1.6 Performance Evaluation Measures of Pepper Leaves 

        The experiment was carried out by determining a different number of training 

epoch to get the best accuracy result. Epoch and shuffling  technique used for this 

purpose. In table (4.12) take different epoch experiment, for example take (4), (6), 

(7) ,(11) . Also table (4.12) clarifies the change in sigma histogram when the 

training epoch change.  

Table (4.12) An Example of Accuracy and Sigma Change Against Training Epoch. 

Accuracy Training epoch 4 

A
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Epoch Accuracy 

1 91.09636 

2 88.42380 
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4 90.10095 
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 Training epoch 6 

Epoch Accuracy 

1 91.11885 

2 89.24460 

3 90.23165 

4 90.06195 

5 91.04949 

6 90.23165 
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 Training epoch 7 
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Epoch Accuracy 

1 90.99564 

2 89.70756 

3 90.21238 

4 91.36420 

5 89.56424 

6 90.10095 

7 88.44619 
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  Training epoch 11 

Epoch Accuracy 

1 92.01905 

2 90.13713 

3 89.28787 
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4 89.18771 

5 91.97112 

6 88.47050 

7 89.40959 

8 91.09636 

9 88.62650 

10 91.13966 

11 91.20224 
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    Table (4.13) shown confusion matrix which is used to compute value of true 

positive [TP],  true negative [TN], false positive [FP],false negative [FN]. Table 

(4.14) shown value performance evaluation measurements using [TP],  [TN], [FP], 

[FN], Accuracy of single[ACC], precision [PRC], sensitivity [SNS], and finally 

F1_score  as discusses in section (2.7) .The proposed system has a best accuracy 

approximately ACC=0.9411, PRC=0.7901, SNS = 0.8061, and F1_score = 0.7902  

when Epoch equal to 4. 

Table (4.13)Shown Confusion Matrix. 

 Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Row 

sum 

Class 1 16 0 0 0 0 0 16 

Class 2 0 14 0 0 0 0 14 

Class 3 0 0 2 0 0 8 10 

Class 4 0 0 0 25 0 0 25 

Class 5 0 0 0 0 22 0 22 
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Class 6 1 1 3 4 3 21 33 

Column 

sum 
17 15 5 29 25 29 120 

 

Table (4.14) Results of performance evaluation measurements for leaves pepper plant. 

# 

class 

TP TN FP FN ACC PRC SNS F1_score 

1 16 84 1 0 0.9901 0.9412 1.0000 0.9697 

2 14 86 1 0 0.9901 0.9333 1.0000 0.9655 

3 2 98 3 8 0.9009 0.4000 0.2000 0.2667 

4 25 75 4 0 0.9615 0.8621 1.0000 0.9259 

5 22 78 3 0 0.9709 0.8800 1.0000 0.9362 

6 21 79 8 12 0.8333 0.7241 0.6364 0.6774 

average     0.9411 0.7901 0.8061 0.7902 

 

4.4.2 Proposed System Implementation on Pepper Fruits 

         The results of performance for each stages of the proposed system on pepper 

fruits dataset shown in details in sub section bellow. 

4.4.2.1 Configuration of Pepper Fruits Dataset 

      As illustrated in section (4.4.1.1), the configuration of pepper fruits dataset that 

contain (78) image and number of class is (4). Table (4.15) shows example of 

results of configuration dataset, that obtain best features of pepper fruits dataset 

based on value of threshold is equal to 75. 
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Table (4.15) An Example for Dataset Configuration (Fruits). 
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 4.4.2.2  Results of implementation preprocessing stage for Fruits 

              A pre-processing stage includes four main sub stages (generation of 2D 

log chromaticity image, global threshold, morphology dilation operation, and 
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finally crop image), the results of each pre-processing stages illustrated in the 

following  subsection . 

1. Results of Generation 2D Log Chromaticity Image  

        Figure (4.8) shown example of splitting  original pepper fruits image into 

R,G, and B color  channel respectively with its histogram . 

 

(a) Original pepper Fruits image in RGB color space 

   

b) Red channel c) Green channel d) Blue  channel 

 

e) Histogram of R,G,B color channel 

Figure (4.8) Split R,G,B  Color Channel of Pepper Fruits Image with its Histogram. 
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         Since in section (4.4.1.2.1) provide the best results for 2D log chromaticity 

algorithm with value of theta (𝜃)=70, then figure (4.9) illustrated the example of 

removed shadow from image using 2D log chromaticity algorithm based on value 

of theta (𝜃)=70. Figure (4.10) shown the histogram of the 2D log chromaticity 

images, χ1 and χ2 . 

  

a) Original pepper fruits b) Greyscale invariant 

   

c) Histogram of Red 

Data 

d) Histogram of Green 

Data 

e) c) Histogram of Blue 

Data 

Figure (4.9) Results of 2D log Chromaticity Algorithm with Theta=70. 
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a) Histogram of value x1 b) Histogram of value x2 

Figure (4.10) Histogram of the 2D log Chromaticity Images (x1,x2) . 

2. Results of Global Threshold  

     Table (4.16) shows example for applied global threshold that discuss in pseudo 

codes (3.2), to convert image into binary color space. It is can find the best 

threshold by the same way which are used in section (4.4.1.2.2), as shown example 

in the table (4.16) the best value of threshold =134.8707. 

Table (4.16)  Example  of pepper fruit image to determine value of global threshold. 

Id Gray Image Old Threshold GropT GropF New 

threshold 

0 

 

127.0000 106.0605 159.8079 132.9342 

1 

 

132.9342 106.0622 162.4005 134.2314 
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2 

 

134.2314 106.0631 163.6783 134.8707 

3 

 

134.8707 106.0631 163.678 3 134.8707 

 

3. Results of Morphology Dilation Operation  

       In section (4.4.1.2.3) illustrated the best kernel size of morphology dilation 

operation is (3*3), then figure (4.11) show example of result dilation operation on 

binary pepper fruit image . 

 

 

a) binary image using global threshold   

=134 .8707 

b) dilation image using 3*3 

kernel size 

Figure (4.11) Results of Morphology Dilation Operation. 

4. Results of Crop Image  

        Figure (4.12) show example of results of crop image to take only the ROI 

from image by determined the min (x,y) and max (x,y). 
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a) Original image b) dilation image 

 

 X Y 

Min 361 228 

Max 1233 1064 

 

c) Croup Image d) Dimensions of cropping area 

Figure (4.12) Results of Croup Image. 

4.4.2.3 Results of Implementation of Feature Extraction using HoG 

Algorithm 

      In this stage using HoG algorithm as illustrated in algorithm (3.2) to extraction 

45 feature from the cropping image are show in table (4.17) .Also in this stage, 

compute sigma for 70% from each features in each class in pepper fruits dataset 

using equation (2.27) as show in table (4.18) and figure (4.13)  . 

     Table (4.17) Example of HoG features of pepper fruits dataset. 

Class F0 F1 F2 F3 F4 -- F44 

0 3.82486524626497 5.38513954230527 12.4455578568382 4.31512154315981 5.37705176041855 -- 5.68672918731598 

0 4.2384184590881 8.97437175924237 13.4674354205875 6.7910229483658 4.95353502330723 -- 8.53993010779225 

0 5.5221268010048 9.01868888205779 9.45265568147059 8.21907480620159 8.56309696114442 -- 6.25278058438659 

0 3.59608743948187 3.99765163241753 7.80751832421143 5.70895654462117 6.10868747656372 -- 3.93319460586483 

0 6.18767225213958 8.47880306215832 13.0326568730666 3.83219857770747 6.47925295331928 -- 4.52918823079116 
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0 2.93417704819368 3.94556487424872 6.83929950372808 1.90311614345157 3.90090652567826 -- 3.53287708370077 

0 2.96741052396668 6.13486744642649 12.9041272709339 5.09245597065503 4.57604836928189 -- 5.84446860755611 

0 2.43509436814537 5.00338793791965 9.61688253021747 4.78368959333816 7.31515216583727 -- 8.78633371972347 

1 6.14678472601993 4.48340674201532 10.5359146156186 6.39020338599065 4.94953010779409  5.36418602664879 

1 4.41893357331862 6.01720279835199 6.21466036361454 3.54595279348628 2.92356113973433  4.27027762085172 

1 3.30228034016773 6.13720166016048 6.54947745546121 4.01197049226094 4.01605922580701 --
 6.00811866225975 

1 3.46286248779238 4.96416480394075 9.69890641417868 2.74187308198423 5.82289861662919 --
 2.03953362520927 

1 4.50261832355102 4.64398269406952 11.0398054236069 7.28195309918394 6.64962478065493 --
 4.67299294771553 

1 8.13259605379859 10.5895245710967 14.5456220624063 7.95287987690725 6.54552091734361 --
 6.90254204490958 

1 10.0544266442689 9.05007561444 11.1043925599265 7.7808792306065 8.22402017733085 --
 6.9132406473708 

1 8.76946008162635 7.32760414111042 7.87392629585795 5.11624544588338 4.61503708831593 --
 7.18881211148491 

1 4.8457864203012 10.2089469879837 10.7536600437018 4.2773339308701 2.84649595754751 --
 5.69647392686985 

1 6.19714566193308 6.80555842734381 7.1263110411213 6.47616207791204 5.31731823064416 --
 4.46142512197064 

1 2.33042974784638 5.56809615369941 6.55365560493482 4.15844054112602 3.99637031474217 --
 1.92249515109318 

1 3.58279061745366 4.83182453908737 5.92372690363943 4.0630901976376 4.39831650358413 - 5.24393201386341 

1 12.4033537136507 15.3223529559462 21.5432259256567 11.1242259902731 13.5771597336304 --
 13.0502737191062 

1 13.0678493983665 9.4251181538546 11.6364021132214 7.51226002198203 7.32070648077038 --
 8.25277103979862 

1 4.29439309805248 10.218968270193 8.76949032448755 9.37721078968532 5.23295707187176 -- 3.01513811489896 

1 5.21738634153962 4.21111438713682 10.2378225427949 3.40113950032957 5.41427078412935 -- 8.39897535264933 

1 4.16822649035303 7.3957294677065 10.6611156067077 4.18106792812762 3.35510858983505 -- 3.41243981405771 

1 --
 

--
 

--
 

--
 

--
 

-- --
 

1 4.91399301037836 9.05809555528869 7.9862677652831 7.22544228036426 5.37710471213691 -- 4.94179873906256 
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2 9.24285477671294 12.0920389214403 17.7053325186743 7.77482274301864 8.25927952926619 -- 8.78633449066503 

2 6.64233303888619 10.3091831948689 8.64624156015577 6.76116091874076 5.74952270989613 --
 6.4861467354311 

2 4.17178404302167 6.75602845572961 8.84585863516166 6.32064626028695 8.44040546175595 --
 12.5526086839566 

2 7.10199443821605 7.91648813105315 11.7382840334584 5.22638410881658 8.87013807388631 --
 7.53110863402613 

2 5.16626546271832 6.25291026433765 11.1614527262431 5.34177301692035 5.93634886826363 --
 6.84102143905355 

2 5.6563881260403 5.37687075206388 11.4164109126467 5.83004789247534 7.95629331952079 --
 6.07099031711753 

2 6.22511294994579 12.3379177829971 15.2539407721755 9.0907110912213 11.6105436646158 --
 13.0059033314716 

2 5.53945583819357 6.9528209841462 12.651895212337 5.5724989464389 6.69800653053058 --
 11.1940159096436 

2 15.3941334936774 19.1481137006041 24.3412216112216 13.8574230460568 13.5456651890494 --
 11.8700363667131 

2 15.5508267054083 19.9902420443804 22.360543670849 14.405958256534 14.5592868835173 --
 11.3391498682357 

2 10.253768631841 13.8355115578932 12.6889562403513 15.7440308376007 9.52563224104602 
--

 10.2307853541959 

2 14.4426812993666 16.599285771519 15.0049142107687 12.0777745112974 9.5717685309287 
--

 8.93048481319837 

2 3.88743681890366 6.75365637558383 11.626494889946 2.0297115950453 4.85020158316981 
--

 6.84706302613876 

2 10.5026392821502 16.3406376661473 18.0016064618344 11.8915209914294 7.14782004841554 
--

 7.97096009750692 

2 10.2331327930569 11.8150765560507 17.1694355450765 12.425765644974 10.278868658977 
--

 10.9538842334172 

2 7.37578917497074 13.1955157957844 19.9528762311345 9.07482438376187 7.84658174242261 
--

 7.66601110958504 

2 8.04426761077677 11.9443776069486 13.1719693131769 13.7202445180249 7.2539908400128 
--

 7.92209357063416 

2 17.2262178784808 22.7040184671316 18.8115716977874 16.9845019744696 10.983168291217 
--

 9.58973626194769 

2 11.5935749711478 19.4676104395437 23.380777822499 19.633015727534 15.8463128676858 
--

 12.3949579369766 

2 15.9965460013388 14.9346792023363 21.0071376399244 16.8322474879017 9.98129329247606 
--

 10.5152138924414 

2 8.07530974496539 15.9651058256331 17.3361280409208 19.9296311750756 9.12261866973185 
--

 14.7986077132839 

2 10.9791130078435 16.4232650783132 14.7127299910873 12.7578370850955 9.56229119294273 
--

 10.8174011036461 

2 7.45941611148902 12.6715675498817 13.6654666363823 13.3558164135916 7.25638808485825 
--

 5.10430075069223 
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3 6.83642697851627 12.477287960412 11.5604171022414 8.82411142197458 8.99454241921421 
--

 6.71538386050127 

3 6.3616232804876 13.2685849539834 11.851123530042 11.5724241363296 6.00762190917274 
--

 9.49241409534032 

3 9.31787513086838 8.98269422691089 15.5177496887026 10.4913466317145 7.7357451054736 
--

 9.99723246032988 

3 1.44777557445104 4.31570520683338 9.31227738018245 5.12910478093242 3.9148913256162 
--

 4.11740069381101 

3 7.67588840610067 10.6214468302204 11.2857089149383 7.68997820903159 6.19448920440654 
--

 5.60421891871057 

3 9.039242820352 7.74947846135713 7.58362299086787 6.15185774466483 4.18707464510547 
--

 3.7934880193059 

3 7.7074705418806 6.77714082258385 14.7887203645547 9.00784476139758 6.84371667256256 - 11.4982908509899 

3 8.07971698438259 7.96563975010692 10.3285475495785 9.14122972903174 5.07146594336451 
--

 5.71668016903048 

 

Table (4.18) Sigma Values for 45 HoG Features. 

# value # Value # Value # Value # Value 

Sigma(1) 3.5839 Sigma(12) 4.5420 Sigma(23) 3.8896 Sigma(34) 4.1509 Sigma(45) 2.9792 

Sigma(2) 4.3995 Sigma(13) 4.5981 Sigma(24) 3.2727 Sigma(35) 2.8404 

Sigma(3) 4.6490 Sigma(14) 4.2491 Sigma(25) 2.7420 Sigma(36) 2.8112 

Sigma(4) 4.1262 Sigma(15) 2.9034 Sigma(26) 2.8370 Sigma(37) 4.3210 

Sigma(5) 2.8631 Sigma(16) 2.7157 Sigma(27) 4.3419 Sigma(38) 4.3632 

Sigma(6) 2.7473 Sigma(17) 3.9648 Sigma(28) 4.4300 Sigma(39) 3.4880 

Sigma(7) 4.3922 Sigma(18) 4.1843

  

Sigma(29) 3.9231 Sigma(40) 2.9020 

Sigma(8) 4.2833 Sigma(19) 4.1237 Sigma(30) 2.9064 Sigma(41) 2.8909 

Sigma(9) 3.7166 Sigma(20) 2.9523 Sigma(31) 2.9850 Sigma(42) 4.6272 

Sigma(10) 2.7100 Sigma(21) 2.8570 Sigma(32) 4.7052 Sigma(43) 4.9133 
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Sigma(11) 2.9795 Sigma(22) 4.2821 Sigma(33) 4.4154 Sigma(44) 4.2009 

 

Figure (4.13) Histogram for Sigma Values of 45 HoG Features. 

4.4.2.4 Results of Implementation of Z- Score Normalization 

           Figure (4.14) clarifies histogram of original features that extract using 

HOG algorithm for 78 pepper fruit images of 4 classes.   

 

Figure (4.14) Histogram of Features for 78 Pepper Fruit Images before Apply Z-score 

Normalization. 
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     In Z-score normalization, firstly compute values of mean and standard deviation 

for each feature as shown in figure(4.15), and using these parameters as input in Z-

score normalization equation (2.26) as illustrated in figure (4.16).   

 

Figure (4.15) Mean and standard Deviation for Each Feature in Pepper Fruits Dataset.      

  

Figure (4.16) Results of Z-Score Normalization on Features of Pepper Fruits Dataset. 
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4.4.2.5 Classification Stage using PNN algorithm 

            It includes the results of the two phases (training and testing) of the 

classification for the pepper fruits disease using PNN classification algorithm. 

1. Training Data Phase 

        In this phase, it will be training 70% from dataset and compute sigma for it. 

The training dataset passed through normalization to compute Z-score for each 

feature, so features after normalization and sigma parameters are stored in the 

dataset to using in the testing process 

2. Testing Data Phase 

        In this phase, the testing dataset has 30% from the dataset. In the PNN 

classification algorithm first compute the sum of the gaussian function in each 

class as shown in table (4.19), that show the summation of samples for each class 

with its histogram. Table (4.20) shown the probability of summation (Psum) for 

each class, and find maximum value of  (Psum) to classifies the pepper fruits 

classes.  

Table (4.19) Example of the Summation of the  Samples for Each Classes in PNN  Classification 

Algorithm. 

Sum  Histogram 

Class Sum 

1 25.6789024420508 

2 25.1669597996644 

3 23.7282997824256 

4 26.54339366869 

Total Sum 101.117555692831 
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1 32.529799373024 

2 33.7520756228485 

3 33.9704022895567 

4 32.9535628475726 

Total 

Sum 

133.205840133002 

 

 

1 30.446011070929 

2 29.7797389610139 

3 29.2050091574065 

4 31.1906717505789 

Total sum 120.621430939928 

 

 

 

Table (4.20) Example of Probability Summation (Psum) 

Probabilistic Summation  Histogram Class 

class Psum 

1 0.253950980777826 

2 0.248888134480971 

3 0.23466053564928 

4 0.262500349091923 

MAX Psum 0.262500349091923 

 

 

4 

1 0.244207005793019 

2 0.253382851601312 

3 0.255021868828261 

4 0.247388273777407 

 

3 
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MAX Psum 0.255021868828261 

 

1 0.252409632630636 

2 0.246885969839346 

3 0.242121229451764 

4 0.258583168078253 

MAX Psum 0.258583168078253 

 

 

4 

 

4.4.2.6 Performance Evaluation Measures of Pepper Fruits 

      The experiment was carried out by determining a different number of training 

epochs, to get the best accuracy result. In table (4.21) take different epoch 

experiment, for example take from (4), (6), (7) ,(11) .Also table (4.21) clarifies the 

change in sigma histogram when the training epoch change.  

Table (4.21) An Example of Accuracy and Sigma Change Against Training Epoch. 

Accuracy Training epoch 4 

A
cc

u
ra

cy
 h

is
to

g
ra

m
 

 

 

Epoch Accuracy 

1 81.81818 

2 79.54545 
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3 79.54545 

4 77.27273 

 

S
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m
a 

 h
is

to
g
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m

 

 

 Training epoch 6 

Epoch Accuracy 

1 79.54545 

2 79.54545 

3 79.54545 

4 79.54545 

5 79.54545 

6 81.81818 
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m
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 Training epoch 7 
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Epoch Accuracy 

1 79.54545 

2 77.27273 

3 77.27273 

4 79.54545 

5 79.54545 

6 81.81818 

7 81.81818 
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  Training epoch 11 

Epoch Accuracy 

1 79.54545 

2 79.54545 

3 79.54545 

A
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to

g
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m
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4 79.54545 

5 81.81818 

6 81.81818 

7 79.54545 

8 79.54545 

9 77.27273 

10 77.27273 

11 79.54545 

 

S
ig

m
a 

 h
is

to
g

ra
m

 

 

    

    Table (4.22) shown confusion matrix which is used to compute value of true 

positive [TP],  true negative [TN], false positive [FP],false negative [FN]. Table 

(4.23) shown value performance evaluation measurements using [TP],  [TN], [FP], 

[FN], Accuracy of single[ACC], precision [PRC], sensitivity [SNS], and finally 

F1_score  as discusses in section (2.7) .The proposed system has a best accuracy 

approximately ACC=0.8182, PRC=0.7333, SNS = 0.7333, and F1_score = 0.7333  

when Epoch equal to 4. 

Table (4.22)Shown Confusion Matrix. 

 Class 1 Class 2 Class 3 Class 4 Row sum 

Class 1 3 0 0 0 3 

Class 2 0 6 4 0 10 

Class 3 0 4 2 0 6 

Class 4 0 0 0 3 3 
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Column 

sum 
3 10 6 3 22 

 

Table (4.23) Results of performance evaluation measurements for fruits pepper plant. 

# 

Class 

TP FP FN TN ACC PRC SNS F1_score 

1 3 0 0 19 1.0000 1.0000 1.0000 1.0000 

2 6 4 4 8 0.6364 0.6000 0.6000 0.6000 

3 2 4 4 12 0.6364 0.3333 0.3333 0.3333 

4 3 0 0 19 1.0000 1.0000 1.0000 1.0000 

average     0.8182 0.7333 0.7333 0.7333 

 

4.5 Proposed Algorithm vs. Related Works 

        The implementation of the proposed system can be illustrated by type of 

classification techniques and compared with other related works; Table (4.24) 

illustrates a comparison between the existent and the proposed methods. 

Table (4.24) Compare between the existent methods and the proposed system.   

Method Reference Methodology Accuracy 

Muhammad Sharif, et 

al., 2018[22] 

M-SVM Use three dataset( 97%,89%,90.4%) 

Balakrishna K., et al., 

2019[22]  

KNN 

PNN 

70.37% 

85.89% 

Mustafa, M. S., et al., SVM Integrated three approaches have 
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2020[26] PNN 

NB 

successfully achieved almost 99% 

for recognition and detection rate. 

The proposed 

Algorithm 

PNN For leaves (94.10 %) and ( 81.82 %) 

for fruits 
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Chapter Five 

Conclusions and Suggestions for Future Work   

5.1 Conclusions 

            In this chapter, the proposed system about the classification of Iraqi pepper  

disease by using PNN technique are summarized; the following conclusions were 

taken from a collection of test results. Some of those conclusions are listed in the 

following:  

1- The proposed system has design and technologies to detect and classify health 

or disease of peppers (leaves and fruits), in addition the proposed system 

detected classes of disease of the peppers (leaves and fruits ) with accurate.  

2- In 2D log chromaticity, the projecting direction θ for invariant image estimation 

is chosen to be (70) based on a series tests on an arbitrary test set.   

3- Morphology dilation operation to remove the imperfections in the structure of 

image, the best value is chosen for the filter size that fits to image which is 

[3*3] for two reasons, firstly is to speed up the operation, secondly is producing 

image more smoothing 

4- The use of the crop image to detect ROI in image, had been make  the proposed 

system faster .  

5- In the feature extraction stage by using HoG algorithm, the accuracy of the 

system increased, when increasing the number of features extracts from each 

sample until access to 45 features from each image. 

6- The proposed system has been improved classification accuracy by using the   

Z-score normalization method, which make the features and their sigma that are 

belonging to one class to be more closely related, but at the same time separate 
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them from the other class, to avoid overlapping all features classes that which 

effect on the accuracy rate of the proposed system in a negative way. 

7- The proposed system implementation on two different real data set: pepper 

leaves and pepper fruits. the data is divided in the same percentage also, which 

was 30% for the testing and 70% for training. In the classification stage, the 

PNN algorithm was applied, and the results of the best accuracy rate depending 

on the number of epoch, the best accuracy =94.10 for pepper leaf with number 

of epoch =4, and for pepper fruit the accuracy rate = 81.82 with the same 

number of the epoch. 

 

5.2 Suggestions for Future Works 

     Suggestions for future works based on proposed system the following 

recommendations are put forward to developed implementation of present 

work: -  

1. Implement classification with other machine learning techniques to classify 

image.  

 2. Adapting the proposed system for a another  plant dataset and compare with 

current result. 

 3. enlarge the dataset to involve another part of pepper plant such as stem, and

add another image which have been included other diseases, also taking by 

consideration the earlier stages of diseases. 
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 التلخيص

يعد اإلنتاج الزراعي الجيد هو  المو ا ااساسويا لو  و  اادت وا د اد  يلوا. ي اطوع ال  وا       

ي العوال..  وي الزراعي تحديات كبيرة من أطل إطعام العد  ال تزايد من المواا  الونين يعينو    و

ال مت بل ، سيا   من ال عب طداً ااعت ا  عوى الزراعا الت ويديا إلنتاج الغناء. يمتخدم الفوفل 

رئيمي لوع اصر الغنائيا  ي ط يع أنحواء العوال.. يموع  لوف ،  ور  أموراف الفوفول تو  ر  ك  در

ل  ر يالتعو. اآللي بنال سيء عوى إنتاج يط  ة نبات الفوفل ، يدد ت. استخدام ت  يات معالجا ا

لوانف عون ااموراف  وي ال باتوات يت و يفيا.  وي هونل الرسوالا  الزراعا ي   عوى ن اق ياسع

مراف  ي نبات الفوفول. تتاو   ال ري وا ال  ترموا مون عودة مرامول ، ات  يف ان ترح طري ا ل

يالتووي تنوو ل ، مرموووا الح وو ص عوووى ال وو رة ، يال عالجووا ال مووب ا لو وو رة ، ياسووتخراج 

، توو. اسووتخدام  ال مووب ا ل يووزات ، يت بيووع ال يووزات ، يمرموووا الت وو يف.  ووي مرموووا ال عالجوواا

صووو رة ل نيوووا ل ةارت يوووا   ائيوووا اابعوووا  ، يعتبوووا ال ووو رة ، يع ويوووا الت ووود  ال  ر  لووو طي 

( HOGاستخراج ال يزات ، استخدم الرس. البيواني لوتودرطات ال  طيوا ) يادت اص ال  ر.,

. تووو. اسوووتخراج أ موووا يأربعوووين سووو ا مووون كووول صووو رة ل بوووات الفوفووول ، لوت بيوووع Z-Scoreي 

إلطراء ع ويا الت  يف. ت. اأتبار  (PNN) ارزميا النباات الع بيا اامت اليياستخدمت أ ا

 DiyalaPepper)الت  يا ال  ترما عوى مج  عوا بيانوات طديودة ل و ر نبوات الفوفول ال مو اة)

يةيور ال وحيا لاول مون   وار الفوفول يأيرادوع  ( عي وا مون ال و ر ال وحيا244يتحت د عوى )

( صو رة 78( ي )166مجت عا. إط الي عد  ص ر أيراق الفوفل  ي مج  عا البيانات يموايد )

٪ 81.82 ما ي ارب  لف اكع الفوفل. معدص الددا الند ت. الح  ص عويع من ص ر   ار الفوفل كا 

 ل  ر أيراق الفوفل. % 94.11ي 
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