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ABSTRACT

SEGMENTATION OF DISEASED APPLE TREE LEAVES USING
CONVOLUTIONAL NEURAL NETWORK

Al-Mashhadani, Ali Hussein
MSc., Electrical and Electronics Engineering
Asst. Prof. Dr. Hakan TORA

August 2020, 54 pages

In the field of agriculture, the expert's eye might not be able to identify or correctly
diagnose the disease at an early stage. The misdiagnosis of plant disease often leads to
choosing the wrong treatment and this leads to losing the crops. Therefore, an
automatic segmentation system of the diseased leaf is highly required to solve this
issue. This thesis displays the prowess of deep learning in the segmentation of Plant
Pathology 2020 - FGVC7 dataset that includes high-resolution coloured images of
multiple apple foliar disease symptoms such as apple scab, cedar apple rust, and
healthy leaves. The proposed segmentation algorithm is the semantic segmentation
approach by using two different architectures U-Net and ResNet. The results of both
networks have been evaluated by using Pixel Accuracy, loU, F1-Score, and Recall

metrics, and the comparison showed the efficiency of ResNet for this purpose.

Keywords: Apple Foliar Diseases, Deep Learning, Features Extraction, Semantic
Segmentation, MATLAB.
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KONVOLUTIONAL NORAL AG KULLANARAK HASTA ELMA AGAGI
YAPRAKLARININ SEGMENTASYON

Al-Mashhadani, Ali Hussein
Yuksek lisans., Elektrik ve Elektronik Miihendisligi
Dog. Prof. Dr. Hakan Tora

Agustos 2020, 54 sayfa

Tarim alaninda, uzmanin gozii hastalig1 erken bir asamada tanimlayamayabilir veya
dogru bir sekilde teshis edemeyebilir. Bitki hastaliginin yanlis teshisi genellikle yanlis
tedavinin segilmesine ve bu da mahsuliin kaybina neden olur. Bu nedenle, hastalikli
yapragin otomatik segmentasyon sistemi bu sorunu ¢6zmek i¢in son derece gereklidir.
Bu tez Bitki Patolojisi 2020 segmentasyonunda derin Ogrenme nin cesaretini
goruntuler - FGVCY veri seti elma kabugu gibi birden fazla elma foliar hastaligi
belirtileri yiiksek ¢oziiniirliikli renkli goriintiiler iceren, sedir elma pas, ve saglikl
yapraklar. Onerilen segmentasyon algoritmasi, U-Net ve ResNet olmak iizere iki farkli
mimari kullanilarak yapilan anlamsal segmentasyon yaklasimidir. Her iki agin
sonuglart Pixel Accuracy, IoU, F1-Score ve Recall o6l¢limleri kullanilarak
degerlendirilmis ve karsilastirma ResNet'in bu amaca yonelik verimliligini

gostermistir.

Anahtar Kelimeler: Elma Yaprak Hastaliklar1, Derin Ogrenme, Ozellik Cikarma,
Anlamsal Segmentasyon, MATLAB.
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CHAPTER 1

INTRODUCTION

In the last few years there has been a growing interest in developing a modern apple
industry, the traditional apple industry faces the problems of ensuring the production
of apples, improving the quality and quantity of apples, changing the climate and the
environment. The environment and pollution, which cannot meet the needs of
sustainable agricultural development. Due to advances in sensor technology and the
availability of low-cost integrated circuits, the wireless surveillance sensor network is
considered a new generation of surveillance technologies. It is therefore important to
study the technology of the Internet of Things in the apple orchard. Wireless sensor
technology offers a cost-effective approach to continuously monitoring the
infrastructure [1].

The recent researches showed the skilfulness of deep learning in several fields like
classification [2,3], bounding box detection [4-6], natural language processing [7-9],
machine translation [10-12], speech recognition [13,14], image generation [15,16],
and semantic segmentation [17,18]. All these fantastic results make it possible to build
up an automated diseased plant detection system based deep learning that detects the

disease at an early stage, which could help the farmer from saving the crops.

This task requires to detect the disease in the first step. Since the leaves of the plant
occupy the largest part, as well as, the most obvious, in addition to the fact that most
symptoms of diseases appear on the leaf in the form of small spots. Therefore, the
segmentation of these spots correctly could help in the building of the detection

system.

1.1 Apple Foliar Diseasess

Apple foliar diseases can cause serious loss performance and quality. These diseases
are often absent. Shortly before, during, or after harvest. The fruit is saved. No cure

for treating infected fruits can cause many diseases. Prevented by cultural practice
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(optional) Fungicide. But an accurate diagnosis is important to identify and adopts the
best management method of prevention of future losses [19]. Several apple diseases
are presented and explained below:

e Fire Blight

Fire epidemics are difficult to control in many parts of the United States. False mold
trees have water stains, brown flowers, and brown leaves. The branches and branches
of trees can turn brown or black and cause a dark brown, dark brown liquid. You may
look like the hump of a shepherd where a branch falls from the top. The disease
hibernates on infected trees and spreads in the spring from rain and insects.

Plant varieties such as Jon free, Liberty, Pristine and Williams Pride avoid the same
inevitable varieties Beacon, Granny Smith, Jonathan, Gala and Fuji. Prior to growing,
do not modify the tree in spring and use excess fertilizer to promote the most
vulnerable, rapid, prolific growth of infectious diseases.

Eliminate the infection when winter is over while the trees are resting. Actively
growing trees can spread the disease. Put as much as possible and get rid of winter
germs. Do not put it in your property. According to Ohio State University expansion,

aerosols are not recommended in modern home gardens [20].

e Cork spot

Cork spots are physiological disorders that can affect the visual appeal, which affects
the quality of apples. Cork spots generally appear as small pits and green bumps
outside of the fatal dimensions. This disorder is likely to develop in June and continue
until the first stages of growth and expansion. The green spot eventually increases to
1/4 to 1/2 inches from the discoloured area of the cork apple meat. Cork spots can
appear anywhere in the meat.

Fruit growers can confuse this disorder with damage from insects or pathological
diseases, especially fungal infections or hail diseases. The apples affected by this
disease are edible, but their unattractive appearance affects the attractiveness of the
fruit and gives consumers cause for concern. Cork compression is common at York
Imperial, but sometimes you can also see yummy and gold yummy. Low soil pH, easy
harvests and abnormal growth of shoots are associated with an increased frequency of

cork staining.



For long-term management of cork contamination, it is recommended to add
agricultural limestone to the soil at the time of planting, as recommended in soil
analysis. Depending on the soil analysis, limestone should be added every 3 to 5 years.
Spraying calcium not only limits the soil, but also reduces the appearance of cork stains
in established pear trees. However, in some situations it may not work. It is important
to obtain local recommendations, as recommendations regarding frequency of use may
vary with the amount of calcium used, depending on your geographic location. Do not
use calcium chloride spray if the temperature exceeds 85 degrees Fahrenheit. The
leaves and fruits can be damaged. Because calcium chloride is very corrosive to

metals, wash the spray after use [21].

e Powdery Mildew
Powdery mildew is a fungal disease that affects various plants. There are several types
of mold, each of which affects other plants, roses and legumes (beans, peas).
When a mushroom or plant begins to penetrate, a mold layer forms, which consists of
many spores on the leaves. Spores are replaced by other plants by the wind. reduce
yield and quality of fruits.
In general, the mildew spores are blown by the wind in the garden, but if the mildew
was in the past, dormant spores can come from old or nearby herbaceous plant
material.
Unlike many other fungal diseases, the fungus grows in hot, dry climates (15 to 27 °
C), but its distribution requires a relatively high relative humidity (i.e., humidity)
around the plant.) In cold, rainy It does not diffuse regions and slows down even at
temperatures above 32 ° C (90 ° F). It also affects shade plants and not direct sunlight
[22].

e Rust
Apples and flowering crab-apples are susceptible to several rust diseases including
cedar-apple rust, quince rust, and hawthorn rust. Although incited by different species
of fungi in the genus Gymnosporangium, they have in common the fact that they must
spend part of their life cycle on various trees and shrubs of the Junipers species such
as Eastern red cedar and common juniper. Any of the rust diseases can result in serious

losses if environmental conditions are favourable for disease development. Since they
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are similar in appearance and life cycles, only cedar-apple rust will be discussed in
detail [23].

Symptoms of cedar and apple oxide are found in apple and juniper species. Apples are
made on the leaves and fruits of rust and are less common on the skin. Small yellow
spots usually appear on the upper surface of the leaves within 1-2 weeks after
flowering. The point increases to 1/4 inch or more, and an orange drop appears inside.
Finally, the mold here produces a small black coolant. In summer, another type of fruit
structure forms on the underside of the leaf and contains mold spores. The structure of
this fruit is shown in a series of yellow tubes called a helmet. Some infected leaves
may fall from the tree, but only a few falls completely. See Figure 1.1 and Figure 1.2,

which represented the disease symptoms.

5486242

Figure 1. 1 Apple rust example 1
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Figure 1. 2 Apple rust example 2

e Apple Scab

Apple scab is caused by the Ben line Charis mushroom. Missouri-sensitive apples and
crabs are clearly visible to apples and the yellow leaves fall off prematurely in
midsummer. Cold, wet spring weather Infections can cause a multitude of dead leaves
for many years. Despite the heavy leaf fall, apple peels rarely kill trees. If the heavy
leaves last for several years, the tree becomes weak and susceptible to other problems.
The skin can cause cosmetic stains on the fruit. Apple fruits can still be eaten. Apple
peels can also be infected with sea buckthorn and ears [24].

The first signs of scab from an apple are often not detected. This sign includes a curved
blade with black circles and pointed tips at the bottom. The tips on top are velvet, olive
green and sooty. Points can be covered by combining the entire sheet. Leaves turn
yellow as the disease progresses. The fruit is brown, creates sunken and shabby spots.
Apple peels are sometimes mistaken for cedar, apple oxide and mold. The cedar apple
is pale yellow in the dark centre of the black fruiting body, which can cause a loose

yellowish colour, see Figure 1.3.



Figure 1. 3 Apple scab example

The infection with apple scab begins in early spring with young and young leaves. The
initial lesions appear after 10 days in the form of lighter green areas than the
surrounding leaf tissue. The damage increases and becomes olive and velvety through
the formation of asexual spores (conidia) (Figure 1.4 a, b). Damage to the crust that
forms on young leaves is likely to go beyond 1 cm in diameter. However, resistance
to the development of old leaves is generally poor or no symptoms are visible. The
affected tissue can possibly deform wrinkles and leaf lesions are broken. Heavily
infected leaves fall from the tree. Two or three successive stands can weaken the tree
and cause increased sensitivity to other stresses such as frost damage, insects and other
diseases [25].

Damage to the fetus, as a rule, is "battered” with blisters and clearly defined edges
(Figure 1.4 c, d). The first symptoms that can be recognized in the fetus develop rapidly
with velvety lesions that change from noggar to olive brown in the waters. Young fruit
infections cause sprain and healthy tissue continues to grow (Figure 1.4 d). Heavily

infected fruits at the beginning of the tree often decrease.
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Figure 1. 4 Various apple tree leaf diseases examples

1.2 Research Contributions

The main achievements, including contributions to the field, can be summarized as

follows:

In particular, no study, to our knowledge, has applied the semantic segmentation
task on apple foliar diseases dataset. However, this is the first time that the U-
Net and ResNet have applied to the problem of extracting high quality features
disease spots by using complex images including, different light conditions,
various capturing angles, infected leaf with multiple diseases, and unbalanced
data issue.

The benefit of using the proposed networks is expected to determine disease
locations, as well as extract disease area from the leaf that will contribute
effectively in designing a fully automatic disease detection system based on a

real-life plant leaf image.



1.3 Research Questions

e What are the diseases of apple tree leaves? this is the first question in our study
which we try to investigate those diseases and decide it’s really important to
developed computer-based system to tackle it. This problem effected several
fields in our live if it’s not solved and reduced in the earliest stages such as
economics, agriculture, commercial, and environmental.

e What is semantic segmentation and how we can deal with the diseased apple
tree leaves as segmentation problem? The segmentation of the image in this
disease is very important issue which automatically we can determine the
disease period, in fast form without complex procedure and investigations.

e What is machine learning and deep learning? The main question here which
technique are more suitable and presented high accuracy with this problem.
Which deep learning techniques can present satisfactory results with this
problem?

e What is convolution neural network and residual network? This topic
explained in detail form and number of network architectures are presented. In
other words, which structure is better U-Net as a convolution neural network,
or ResNet as a residual neural network in semantic segmentation task. How
can those networks deal with the high variations in each disease symptoms?
which structure can present best performance in extraction of high
dimensionality features of disease spots?

e The last question concerns the possibility of employing one of the proposed
networks as a subnet to segment disease region accurately, and the extent to
which it can be used to build a plant leaf disease detection model by combining
with another subnet that will train in the end-to-end manner based on the

extracted disease features to obtain the distinguishing of diseases categories.



1.4 Orginaztion of Thesis

Chapter 1

In chapter one, we present the introduction of the thesis including, an overview of the

apple tree diseases that will be as data for our model.

Chpater 2

In chapter two, we discuse several litretures related to plant diseases detection
according to their characteristics. As well as, we explain the theoretical background

that contributed in developing of our model.

Chapter 3

In this chapter, we demonstrate extensively the structures used to segment the diseases
of the apple tree leaves (CNN and ResNet), data augmentation process, training and

testing phases of the proposed networks, and evaluation metrics used.

Chapter 4

In chapter four we present and discuss the results that obtianed from each structure,
after validated by using 14 test sample each class. Furthermore, we compare our results
with other segmentation methods including, k-means, region growing, texture filter,
and Otsu method. In addition, we compare the performance of our proposed networks

with previous studies related to plant leaf disease detection.

Chapter 5

In chapter five we illustrate the conclusion, limitation of the study, future works and

future research related to the thesis.



CHAPER 2

RELATED WORK AND THEORETICAL BACKGROUND

2.1 Related Work

In the last few years, image processing techniques, traditional machine learning
algorithms and deep learning architectures have shown the considerable possibility to
speed up plant leaf diseases diagnosis with a low error rate. In general, the design of
any plant leaf disease detection system includes two main steps. The first step is a
features extraction or spots segmentation after some image enhancement methods. The
other one is the classification for the extracted features. Therefore, in this section,

several techniques related to plant leaf diseases identification presented and analysed.

In Lin K et al. [31], explained an effective segmentation model for Powdery Mildew
on cucumber leaf images by using semantic segmentation-based convolution neural
network. Firstly, the cucumber leaf images were captured using a USB camera with a
resolution of 2592 x 1944 x 3. Furthermore, the disease region was annotated
manually, where the white area was annotated as white and the rest as black. In
addition, several image processing methods were applied to the annotated images in
order to enhance the background, where an image transformed to HSV color space,
extract S channel using Otsu thresholding method, as well as, the original RGB image
was multiplied by a mask to obtain a black background image. In the last step, the
image was resized to 512 x 512 x 3. Later on, U-Net structure was trained on a binary
labelled image with the original image to segment the disease region at the pixel level.
Moreover, the evaluation of 20 test sample results showed that the proposed method
obtained an average of loU, Dice and Pixel accuracy, 72.11%, 83.45% and 96.08%,
respectively. The authors concluded that the proposed method outperforms other

existing segmentation methods such as K-means, Random forest, and GBDT.

In L. Gao and X. Lin [32], introduced a fully automatic segmentation algorithm for
medicinal plant leaf images. Initially, the Otsu thresholding method was applied to

segment the foreground and complex background of the image after solving the RGB
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images into a gradient magnitude image and gradient angle image. Later on, the
marker-controlled watershed method was executed to obtain the binary segmentation
result. Moreover, the proposed algorithm was tested under various database including
the self-built one, and it showed a maximum segmentation precision rate when
compared with another fully automatic image segmentation methods including deep
learning FCN. According to the authors, the proposed algorithm running fast, but
slightly slower than the Otsu thresholding method.

In Camargo et al. [33], introduced a method of image processing to identify the
visual symptoms of plant diseases from the exploration of RGB images. The colored
diseased leaf images transformed into H, 13a and 13b transformation. The 13a and 13b
diversions are improved from an adjustment of the original 11 12 13 color
transformations to meet the demands. The segmentation process of transformed
images obtained by analyzing the scattering of the intensities of a histogram. The
accuracy of segmentation checked after post-processing by implemented the manually
comparison between both segmented leaf images and automatically segmented one.
The authors concluded that this technique is suitable to identify a diseased segment

even when the segment is represented by an extensive range of various intensities.

In Haiguag Wang et al. [34], presented a technique for the identification of diseases
in grape and wheat leaves. In the first stage, The captured RGB images were converted
into XYZ color space then transformed into L*a*b color spaces. In order to evaluate
the color difference in a*b, a two-dimensional data space, Squared Euclidean distance
(D) is used as a similarity distance. The distinguishing of various diseases process is
obtained by features extraction of total 4 shapes, 21 color and 25 texture. Moreover,
the principal component analysis (PCA) is implemented for reducing the dimensions
in the featured data processing. For classification and identification of wheat and grape
leaf diseases, different neural network techniques with different parameters including
Back Propagation (BP) networks, Generalized Regression Networks (GRNNSs) and
Probabilistic Neural Networks (PNNs), Radial Basis Function (RBF) were used. The
author assured that this method provides accurate and fast recognition of plant

diseases.

In Qinghai He et al. [45], proposed a method to identify the diseased leaf of cotton.
The extracting process of the disease is implemented using three color models.
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Initially, the impact of noise on the captured images is removed by applying spatial
non-linear and frequency domain filtering. Subsequently, the histogram equalization
process is applied to highlight the edges of the background image and then the contrast
of the image is increased. Afterwards, the improved images are transformed into the
RGB, HIS, and YCbCr color model. Moreover, the percentage of damage (y) is
selected as a feature to evaluate the amount of damage due to leaf diseases or pests.
The experimental results showed that YCbCr color format measured as the best color
model for identifying the injured color leaf image when compared. In case of outdoor
conditions, the author confirmed that the presented algorithm fails to deal with the

random noise interference and leaf shadow.

In Auzi Asfarian et al. [46], suggested a method of paddy diseases identification.
The proposed method included the fractal descriptors based on Fourier transforms with
texture analysis. Firstly, the RGB injured lesion images were collected manually, then
converted to HSV color space. After extracting the saturation components, the lighting
effects were reduced by using Histogram equalization. Decisively, for classification
purpose, the fractal descriptors were extracted from each lesion and given to PNN
classifier. Furthermore, 5-fold cross-validation used to split the training and testing
data. The author concluded that the proposed method could be combined with other
methods to be used as possible features, especially when two diseases relatively

involved have the same color.

In Pradnya Ravindra Narvekar et al. [47], suggested SGDM (spatial gray level
dependence matrices) method used in the detection of grape leaves diseases. They used
RGB images consisted of four categories under different disease conditions (i.e. Black
rot, downy mildew, powdery mildew and normal). The colored images converted into
HSI color space. According to the analysis in this research, the S and | components
were throw down since they do not provide any useful information, while the H
component is considered for further analysis. Furthermore, to generate the mask of
green pixels, varying threshold-based Otsu method is used. Afterwards, the color and
texture method were used to extract features and classified in different disease class.
The authors concluded that the proposed method marked valuable results. Moreover,
it can be developed with the use of hybrid algorithms to increase the recognition rate

of classification.
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In Juan F. Molina et al. [48], discussed the effective way of identifying an early
blight disease on tomato leaf. In the first stage, several color descriptors were used to
help in the categorization of tomato leaves (i.e. color structure descriptors using Hue-
Max-Min method, scalable color descriptor and layout descriptors using YCbCr color
space transform). Moreover, in the classification phase, a novel strategy based on
nested leaf one out cross-validation method is used to achieve better accuracy. The
individual descriptor configuration evaluation performed using an inner loop permit,
while the outer loop measures performance assessment between different descriptors.
The author concluded that color characterization based on color structure descriptor

provided better precision than other methods.

In H. Yu et al. [57], developed a novel leaf spot attention network for apple leaf
disease identification. The primary idea of the proposed network based on two
subnetworks, where the first one works to transform the input image into a segmented
feature map that includes, background, leaf area, and spot area. The seconed
subnetwork used to classify leaf diseases depending on the extracted features by the
first one. The authors concluded that the proposed method provided a high
dimennsonality features of disease spots which leads to increase the accuracy rate of

diseases classification process.

In D.G. Sena Jr. et al. [58], introduced a method for identifying maize plant leaf
diseases at simplified lighting conditions. The colored maize images that used were
captured in eight various locations and in three different light conditions. The proposed
work consisted of two stages. Firstly, preprocessing and image analysis, were the
original RGB images transformed to 256 grey level images by applying the additional
green index, moreover, binary images were created by using the rescaling of the pixel
values. Afterwards, the iterative method was applied, in order to, threshold the
monochrome images. In the second stage, the classification of healthy and damaged
images was implemented by dividing each image into many blocks that carried the
desired features to be classified. The author concluded that the proposed algorithm

achieved remarkable results with good precision.

In Shen Weizheng et al. [59], have studied the issues that existed in the image
segmentation approach for analyzing the leaf spot disease. Initially, the colored RGB
images were converted into HSI color space, H element is selected for segmentation
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of the leaf spot to reduce the disruption of lightning changes. Later on, the Otsu
thresholding method used to segment leaf regions. Moreover, the edges of the leaf
disease spots observed by applying the Sobel operator. Finally, the estimating of the
quotient of the diseased region and leaf areas were used for classification purpose. The
author concluded that this method is quite fast and accurate to classify plant leaf spot

diseases.

In Zulkifli Bin Husin et al. [60], proposed the effective method used for the detection
of diseased chili leaf. Initially, the proposed method started with preprocessing the
captured images to enhance the image information. Furthermore, the color information
method is applied to extract the desired features and for distinguishing between the
healthy and non-healthy leaf pixels in the image. Finally, in order to measure the
healthiness of leaves, the histogram graphs are used to evaluate the results. The author
justified that the proposed method works fast and efficient in recognition of plant chili

disease.

In D. Zhihua et al. [61], introduced a method to detect cotton mite based on color
features and thresholding methods. The proposed method divided into three stages. In
the initial stage, diseases spots and stems extraction of the green plants. In the second
stage, extract the features in the gray histogram, then thresholding the segmented
image to convert it into 8-bit grayscale image. The histogram played an important role
in distinguishing the diseased and non-diseased pixels, where the grayscale spots with
values 255 elected as diseased pixels, on the other hand, pixels with values less than
120 depicted as non-diseased. In the third stage, area thresholding is applied to
segment the binary images. The author concluded that the proposed method was not
meet the requirement of the comparison between the areas with spots on the stems

because the similarity in color between the mite and stem disease spotted portions.

In Eric Hillman et al. [62], defined approach of injured coffee leaf detection and
severity evaluation. The images of coffee leaf were enhanced by applying Gaussian
kernel and converted into CIELAB color system. As well as, average pixel intensity
was applied to increase the contrast. Afterwards, the Canny edge detector was used to
detect the boundary features of the threshold image. Furthermore, in order to extract
leaf area only, background removal method based on luminance and color is applied,
the background of the image is processed with a YUV color system to maximize leaf
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injury detection. Finally, the severity of damaged leaf is evaluated with respect to the
percentage of the distribution of pixels for a damaged and healthy leaf. The author
concluded that the proposed method can deal with all images, furthermore, it is very
fast and helpful in avoiding of the defoliation.

In Kai et al. [63], defined an approach based on a neural network to recognize maize
leaves diseases. Initially, the colored RGB images were transformed into YCDbCr color
space. The author focused on Cb and Cr components because they are less influenced
by the brightness. Afterwards, the SGLCM matrix was used to assess texture features.
Moreover, the high dimensionality features were used as an input to the 3 hidden layers
backpropagation neural networks with a sigmoid activation function to classify
different diseases. However, the experimental results showed that the proposed
method obtained high precision. The author justified that the neural network has high
reliability because the error value is very low, as well as, high performance and the

weight design is moderately correct.

In D.S. Guru et al. [64], explained a novel approach for tobacco leaf lesion regions
extraction based on artificial neural networks. Firstly, lesion areas were segmented by
using morphological operations and contrast expansion transformation with an
adjustable parameter. Moreover, in order to identify and analyze the diseased category,
R channel was extracted from the lesion area. Furthermore, to classify tobacco seedling
leaf diseases as anthracnose or frog-eye spots, Probabilistic Neural Network (PNN)
was used. According to the author, classification accuracy could be enhanced by using
a combination of various color and texture features. Furthermore, the first-order
statistical texture features perform better than Gray level co-occurrence matrix

features.

In Wanrat Abdullakasim et al. [65], presented a method based on image analysis to
detect brown spot leaf disease. In order to recognize different regions of the leaf,
various color descriptors such as RGB and HIS descriptors were used. Furthermore,
the distinguishing process infected region and a healthy region was implemented by
employing the artificial neural network. As well as, Brier score was utilized to assess
the detection ability of the ANN with more hidden layers. Consequently, the proposed
algorithm correctly identified 89.92% healthy leaves and 79.23% diseased leaves,
however, the proposed method includes misclassification of infected leaves. The
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author concluded that this method could be developed by combining the appropriate

segmentation technique, the lighting conditions and effects of infection stages.

In Tushar HAI Jaware et al. [66], suggested an effective system for detection and
classification of five kinds of leaf diseases. Initially, the original colored images were
transformed from the RGB color system to HIS color format and diseased region were
segmented by using the K-means clustering technique. Moreover, only the green pixels
were masked. As well as, the red, green and blue zero-pixel values and boundary pixels
of diseased regions were totally removed. Afterwards, in the classification section, the
extracted features that obtained from transformed back the diseased clusters from HIS
to RGB and SGDM matrices were generated for each pixel map of the image were
used to train a pre-trained neural network. According to the author, the proposed
method results showed high ability to classify different disease classes.

In Revathi et al. [67], elucidated a novel method based on improved PSO feature
selection technique of cotton leaf diseases detection. In the initial stage, color
histogram and color descriptor were used to evaluate color variance feature. Moreover,
to extract shape Skew divergence feature, the Sobel and Canny edge detection method
was used. As well as, texture feature was evaluated by texture descriptor and Gabor
filter. Finally, cotton leaf spot diseases such as micronutrient, verticillium wilt, leaf
blight, root rot, fusarium wilt and bacterial blight were classified by using the cross-
information gains depth, forward neural network (CIGDFNN) which accurately

decreased the error rate.

In Weidan Zhang et al. [68], introduced an identification system for jujube leaf
diseases based on image processing approach and neural networks. In the first stage,
features were extracted by applying five morphological, eleven texture and nine colors.
Furthermore, the qualified features were selected by using Principal Component
Analysis (PCA) and step wise discriminant analysis (STEPDISC). Finally, the
detection of jujube diseases was executed by using a two-layer tan sigmoid activation
function model using 12 parameters. The authors justified that the classification

accuracy decreases, due to the high similarity structure index between jujube diseases.

In Pranjali Vinayak Keskar et al. [69], elucidated a method of recognition and
classification of leaf disease categories. The proposed method based on fuzzy feature

algorithm as a feature extractor, and artificial neural networks as a classifier.
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According to the author, the proposed model showed high precision in distinguishing

between healthy and diseased leaves.

In Dhiman Mondal et al. [70], presented a method to detect okra leaf which diseased
with a yellow vain mosaic virus based on a combination of K-means and Naive Bayes
classifier. In the first stage, the K-means algorithm was used after extract the features
using gray level co-occurrence. In the distinguishing stage, Naive Bayes classifier was
used. Moreover, the experimental results showed that the proposed method correctly
identified 87% as diseases. The author concluded that classification accuracy could be

improved by using more appropriate segmentation and feature extractions techniques.

In Mokhled S. Al-Tarawneh et al. [71], defined a method to detect the diseased
leaves in olive. Initially, the colored RGB images were transformed into a CIELab
color system. Moreover, to segment the region of interest of a leaf, the automatic
polygon method is used. Furthermore, to define the masked polygon points of diseased
segments, the edging contour of the entire image is applied. Finally, in the
classification phase, fuzzy c-means clustering for statistical usage is employed to
locate the defect and severity. The author justified that the experimental results of the
combination between the FCM and polygon auto-cropping segmentation present

remarkable precision prospects.

In Sekulska- Nalewajko and Goclawski et al. [72], discussed the effective method
to detect disease symptoms in cucumber and pumpkin leaves. In the initial stage, the
captured RGB images were converted to HSV color system. Later on, the brightness
part of the leaf is ignored after the thresholding process. Afterwards, to sperate the
pixels into clusters, Fuzzy ¢ means clustering method is applied in hue-saturation
space. The author concluded that the proposed method requires too many processes to

obtain the desired results. However, it achieved good results in classification manner.

2.2 Theoretical Background

2.2.1 Machine Learning
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Machine learning algorithms use statistics to find patterns in large amounts of data.
Here, the data contains many elements, such as numbers, words, pictures and clicks.
If it can be stored digitally, it can be used in machine learning algorithms. Machine
learning is a process that provides many of the services currently in use. Reference
system similar to that used in Netflix, YouTube, Spotify. Search engines like Google,
social networks like Facebook or Twitter. VVoice support for Siri and Alexa. The list
goes on. In all these cases, each platform collects as much data as possible about you:
what genre you like, what link you click, react and use machine learning to make
advanced training hypotheses on what you need [26]. | needed more. Or, in the case
of voice assistance, it's the word that most closely matches the strange sound coming
out of your mouth, see Figure 2.1. However, machine learning methods are often
classified as unsupervised or supervised, as described below.
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input and output data
J REGRESSION
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Group and interpret
data based only L )
on input data

Figure 2. 1 Machine lerning structure [74]

2.2.1.1 Unsupervised Learning

The unsupervised learning algorithm is used to search for important features in large
volumes of data. Here, the data contains many elements, such as numbers, words,
images, and clicks. This can be done digitally, you can use it in an automatic machine
learning algorithm. Automatic discovery is the process of providing most of the
services currently in use. The referral system is similar to Netflix, YouTube, Spotify.

Search engines like Google, Baidu social networks like Facebook and Twitter. Voice
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support for Siri and Alexa, the list goes on. In all these cases, each platform collects
as much data as possible about you: which genre you like, which links you click on to
respond and use machine learning. Create the advanced learning hypothesis you need.
We need it more [27]. Or, in the case of language support, this word is most often
applied to strange sounds coming from your mouth. Several unsupervised techniques

presented below:

e Cell-based Clustering (CBF)

This method is known in its abbreviated form by CBF. The key development idea of
CBF is based on combating scalability issues that deteriorate other bottom-up
approaches, such as CLIQUE and ENCLUS. The increment of cells resulting from
dimensionality increase is solved in CBF by deploying an algorithm that continuously
inspecting a dimension’s maximum and minimum values in order to create the optimal
partitioning. In addition, scalability is partially addressed by CBF, considering a large
number of instances in a dataset. The problem here is tackled by the deployment of an
improved data structure, filtering-based index, for storing cells, which allows faster
access. Notwithstanding, CBF suffers from its sensitivity to section threshold, which
determines the frequency of intervals in the same dimension, and to cell threshold
which identifies the data points; minimal density in an interval. Mostly, all other
advantages provided by bottom-up approaches are available with CBF, yet there is a
slight deterioration in the clustering performance with CBF compared to other

methods, however, the processing time is generally faster [49].

e Density-based Optimal Clustering (DOC)

DOC projective clustering is considered a hybrid approach, which combines both
bottom-up and top-down approaches. Essentially, DOC considers a projective cluster,
and it defines an optimal projective cluster in a mathematical way for this purpose.
The projective cluster in DOC is established by determining a strong clustering
tendency of a subset of instances C towards a subset of intervals D. In DOC, this is
formed as a pair (C, D), and in order to create the aimed clustering process, DOC must

identify the optimal pairs (C, D). Here, identifying the optimal pairs is done by
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generating a small subset S, by any valid means, for example, random sampling.
Instances in both C and S are compared and the absolute result of their difference
should be less than or equal of the fixed-length, w, which is a fixed subspace length
provided by the user. This procedure is repetitively done, and both C and S are
continuously obtained, using random sampling or any alternative method, until the
optimal result is achieved. The minimum number of instances which can create a class,
a, is also needed for the operational process of DOC. The minimum allowed density
for a cluster is then determined by both parameters a and w. It is also suggested that a
trade-off should be made between the number of intervals and subspaces. For this
specific purpose ano,ther parameter is used, which is usually referred to by S. This
balancing process is at extreme importance for DOC, as the time complexity grows
exponentially with respect to the intervals number and linearly with the cells number
[50].

e J-Clusters

This algorithm deploys the coherence between instances subset and attributes subset.
The idea is based on calculating this coherence and using it as a distance measure for
clustering purpose. The relationship they can be observed with coherent data samples
is used for generating a proper cluster, as it is possible to discover instance based on
their coherence. Using o-clusters, cluster seeds are initially created, then the algorithm
attempts iteratively to improve these clusters using a random shuffling technique,

which tries different data samples and attributes to get a better clustering quality.

This process stops when the iterative process produces no further improvements. Two
main parameters are needed for the operational process of &-clusters algorithms,
namely the size of the cluster and the total number of considered clusters. It is
important to mention that the time complexity of &-clusters depends on these two
parameters. In addition, while implementing the &-clusters method, it is recommended
to maintain pre-knowledge or some sort of speculation of cluster size, as it makes
difference with large datasets. Unlike other top-down approaches, 3-clusters deploys
the coherence as a measure, which makes it a potential method for a number of

applications, especially in the field of medicine [51].
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2.2.1.2 Supervised Learning

Supervised learning is the most common area of machine learning today. Basically,
the practice of new machine learning begins with a controlled learning algorithm. The
first of these three messages therefore focus on supervised learning.

Controlled algorithms for machine learning are designed for learning, for example.
The name "controlled"” learning that teaches this type of algorithm comes from the idea
that teachers are similar to controlling the whole process.

When learning a controlled learning algorithm, the training data consist of input data
with correct output. During the training, the algorithm searches for data models that
relate to the desired result. The learning algorithm for the control after the training
takes a new hidden element and determines which designation the new element
classifies according to the previous training data [28]. Several techniques are presented

below:

e Support Vector Machine (SVM)

SVM is a discriminatory classifier that is formally defined by a separation hyperplane.
In other words, with tagged training data (supervised learning), the algorithm
generates an optimal hyperplane that classifies new examples. In two dimensions, this
hyperplane is a line that divides the plane into two parts, each of which is on both sides

[52]. Figure 2.2 illustrates support vector machine as a classifier.
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Figure 2. 2 Support vector machine

e Naive Bayes (NB)
The NB algorithm is a smooth classifier that compute a collection of probabilities by
counting the combination and frequency values. NB classifier depends on Bayes
theorem. Condition independence can be used in this classifier algorithm; in other
words, it supposed that features value on a given class does not build on the values of
other features [53]. NB is depending on supervised learning and it is a statistical
classifier. Figure 2.3 shows the stages of Naive Bayes and how can read data and then

spilt training set data then use Naive Bayes.
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Figure 2. 3 Navie bayes

e Neural Network (NN)
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Inspired by humans’ brains, artificial neurons are the basic units of an Artificial Neural
Network (ANN). These neurons are distributed over multiple layers, where the
distribution of the neurons in the layer defines its operations and the position of the
layer in the network defines its type. Each neuron collects its inputs from the previous
layer, i.e. the outputs of the neurons in the previous layer. As shown in Figure 2.4, the
output of the neuron is calculated by multiplying each input with a corresponding
value, known as the weight, before summed up and passed through an activation
function. This nonlinearity provided by the activation function allows the detection of
more complex features, as the margins of the values that form the feature can be
nonlinear. Moreover, to adjust the positioning of these margins in a more accurate way,
an additional value, known as the bias value, is added to the inputs of the neurons,
where the value of the bias is adjusted by the neural network depending on the need to
position the margins of the detected feature [54].

Two types of computations are executed in any neural network, forward and backward
passes. During training, both passes are required to update the weights and biases
values, while when a prediction is required, only the forward pass is executed. In the
forward pass, the execution of the computations is initiated from the input layer, where
the output of each neuron in a certain layer is calculated and inputted to those in the
next layer until the output of the network is calculated. The modification of the weights
and biases values is known as the training of the neural network, where the optimal
value per each weight and bias is calculated to achieve the required output. Several
types of optimizers can be used to update these values depending on the difference
between the output of the neural network and the values required to be outputted from
it. Mainly, these optimizers are derived from the gradient descent algorithm, which

relies on the rate of change of the output per each value to optimize it [55].
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e Multi-Layer Perceptron (MLP)

Literature anatomy reveals a persistent implementation of Feed Forward NN, from
among the several categories of link for ‘artificial neurons’. A type of feed forward
NN technicality is the MLPNN. The design of MLPNN is shown in the Figure 2.5.
One of the most famous models in ANN is MLPNN.

Three Types of layers in the ‘MLPNN’: the first type is an input layer, the second one
is a hidden layers. The third one is output layer type (several nodes in each layer).
Information passes from one node to the next node. Outer nodes transform signals to
the input layer. The ‘output of first layer’ passes to second layer over “weighted
connection line”. It accomplishes computations and sends the result to final layer
(output) over weighted links. After that the output of second layer is send to last layer,
for a final result [56].

The working steps of (MLPNN) are given in the following:
(1) Input data is given to the first layer for treatment which leads a divine output.

(2) The error is calculated by the difference between the predicted output & actual

output.

(3) Back-Propagation algorithm has used to adapt the weights.
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(4) For adjusting weights, it begins from weights between last layer nodes and last

hidden layer nodes and works backwards through the network.
(5) When BP is finished, the operation starts again.

(6) The operation is renewed until the error between actual & predicted output to reach
the least difference.

Input Layer | Hidden Layer | wr Output Layer

Figure 2. 5 Multi-Layer Perceptron

2.2.2 Deep Learning

Deep learning is a subfield of machine learning, it was developed using traditional flat
neural networks, the biggest difference being the number of hidden layers. Hidden
layers project inputs into multidimensional space. Here you can analyse the input data
from different angles. Nearly Hidden layers allow more data to support the stochastic
model discovered. There are several deep learning techniques such as: convolutional
neural network (CNN), recurrent neural network (RNN) and Long short-term memory
(LSTM).

2.2.2.1 Convolution Neural Network
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Deep Neural Networks consist of layers where each layer contains neurons. Neurons
in the layers are composed of weights and biases. When a neuron receives an input, it
applies multiply and adds operations to the input using its weights and bias. The way
those multiplication and addition is applied is based on the type of the layer. Besides,
the type of the layers differs in terms of not only operations but also neuron
connectivity patterns. For each different type of network, there might be a different
connectivity pattern for neurons in successive layers. When a neuron produces its
output, it may apply a non-linearity to its output before passing it to the next neuron.
To apply a non-linearity, layers use activation functions. One purpose of using
activation functions is to deactivate some of the connections in the network if that
specific information is not important for the final decision of the network. Another
purpose is to increase the importance of the connections that contain important
information for the final decision of the network. Activation functions are one of the
most important parts of the neural networks. They introduce non-linearity; thus, neural

network learns and makes sense of complicated and complex functional mappings.

After one iteration of the given data through the network, the prediction of the network
is obtained. The training procedure for a network consists of multiple iterations. After
each iteration of the training, weight, and bias values are updated in the layers so that
they can learn information from the given data. The updating procedure of weights and
biases is called back-propagation. The main purpose of back-propagation is to update
parameters in the network so that the predicted output of the network is close to the
expected output. If the predicted output of the network is far from the expected output,
then there will be high loss value based on the type of loss function. Loss value is the
metric that shows how far the network is from predicting accurate results. There could
be different loss functions based on the data and the problem. General working
principles of a deep neural network and important factors are given above. The
principles and important factors above may work differently for different types of deep

neural networks.

There are many different types of deep neural networks such as Recurrent Neural
Networks, Long-Short Term Memory Networks, Multilayer Perceptron’s,
Convolutional Neural Networks and more. The working principles of deep neural

networks given above will be explained in detail in the next sections. Also, there will
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be more detailed information about Convolutional Neural Networks (CNNs) and how
they work as algorithms described in this work are more focused on CNNs [31]. The

essential layers of CNN are presented below:

e Convolution Layer

Convolutional layers are used widely in deep neural networks. They are the core
information extractors, and most of the computations done in deep neural networks are
done on these layers. A simple convolutional layer is composed of a set of filters and
a bias parameter. Filters are used to extract local information from the input such as
images. At the beginning of the training, the weights of filters are set randomly. During
the training process, those filters are updated and their weights are computed (learned)
so that they can detect features from the input images. Extracted features from first
convolutional layers are low-level information such as edges, and extracted features
from later convolutional layers are high-level information such as the wheel of a car.
As data flows through the network which is also called forward-pass, the filter of
convolutional layers is slid across the width and height of the input volume. During
this sliding process, the dot product of the filter and the current slide of the input is
calculated. Resulting dot products are also called activation maps or feature maps
which represent the response of the filter at every spatial position. Eventually, the
network will learn to activate specific filters as it detects extractable information on
the image. As shown in the Figure 2.5, let us say we have an image of size [32x32x3],
where the first and second dimensions represent width and height, and the third
dimension represents colour channel dimension of the image such as RGB (Red-

Green-Blue). If we a have filter with dimension [4x4] (width and height), each neuron
in the convolutional layer will have a weight tensor with dimension [4x4x3]. The last
dimension is 3 because input has 3 channels and a different filter is needed for each
channel of the input. Furthermore, if the convolutional layer consists of 32 neurons,
the dimension of the layer becomes [32x4x4x3], where each parameter is trainable
[37]. As mentioned earlier, the filter is slid across the input image and the output
dimension is dependent on the sliding length, which is also called stride. When stride
is set to 1, filter slides on one pixel at a time for each dot product operation. When the
stride is set to n, filter slides on n pixels after each dot product operation. Increasing
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the stride value will result in smaller output volumes as the filter skips a higher number
of pixels. Another parameter for the convolutional operation is called padding. This
parameter pads zeros around the border of the input to preserve the spatial size of the
input volume so that the input and output width and height are the same. Both stride
and padding are hyperparameters for convolutional layers, and they need to be
optimized based on the problem. The sliding of convolutional filters can be applied to
different dimensions based on the input. 1-dimensional (1D) convolution implies that
sliding of the filter is done on 1-axis, which can be time. The output of 1D
convolutional is a 1D array. 2D convolution implies that sliding of the filter is done on
2-axes (X, y), and outputs 2D matrix. 3D convolutional implies that sliding of the filter
is done on 3-axes (X, Yy, z) and output has 3D volume. In most of the convolutional
layers, 2D convolutions are applied on 3D data as there is a filter for the third
dimension. On 3D data, the 2D filter is slid across the x and y-axis. Therefore, the

output is also a 2D matrix with 3D volume.

As shown in the Figure 2.6, the connectivity pattern of convolutional layers also differs
from fully-connected layers. Convolutional layers are locally connected layers. If the
input image dimension is [32x32x3], which contains 3 colour channels, and a neuron
inside the convolutional layer contains [4x4] filters, there will be a different filter for
each channel in the total dimension of [4x4x3]. Each [4x4] filter inside a neuron is
convolved with a single channel of the input image. Therefore, there is a local
connectivity pattern in convolutional layers, instead of connecting each filter with each

channel of input which is seen at fully connected layers [38].
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Figure 2. 6 Convolution layer
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e Pooling Layer
The pooling layer is introduced among convolution layer in CNN architecture. The
pooling is a function to decrease the longitudinal size of the features to decrease the
amount of parameters and calculations in NN then control the overfitting.

Pooling layers are also widely used in convolutional neural networks. The main
purpose of using pooling layers is to reduce the spatial dimension of the feature maps.
Thus, the amount of data that is transferred between layers will be less and there will
be less amount of communication. While pooling layers reduce the dimension of the
feature maps, they also extract meaning and powerful information from small slides of

the data as can be seen in the Figure 2.6.

There are several types of pooling layers such as max pooling, average pooling, and
sum pooling. Max pooling layer is the one that is generally used in convolutional
neural networks to reduce the dimension of the feature maps. In Figure 3.3, max-
pooling layer is visualized. Let's say we have a max-pooling layer with a filter size of
[2x2] and stride of 2. Then, the maximum value of each [2x2] part of the feature map
is taken. Since we have stride value as 2, the filter is slid 2 pixels after each pooling
operation on both axes. In Figure 2.6, input size [4x4] is reduced to [2x2] after the
max-pooling layer and only important features are extracted while reducing the

dimension. Similarly, sum pooling applies summation operation to the slices of input
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instead of extracting maximum value. Besides, since average pooling takes an average

of each slice, it can be considered as a smoothing operation [39].
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Figure 2. 7 Max-pooling layer

e Activation Function
Activation functions are mathematical equations that determine the output of a neural
network, it plays an important role in the output of the deep learning model, the
computational efficiency of training, and its accuracy. Moreover, it helps in
normalizing the output of each neuron to a range between 1 and 0 or between -1 and
1. The activation function is like a mathematical gate between the input of the current
neuron and its output which going to the next layer. It can be simplified as a step
function that turns the output on or off, controlled by the threshold value.
There are various kinds of activation functions, each one has a different work
characteristic, the most commonly used one is the Rectified Linear Unit (ReLU) which
is a kind of linear activation function.
ReLU function returns O if it receives a negative input, but if it is a positive value.

See Figure 2.7. The Equation (1) represented the ReLU model.

f(x) = max(0,x) (1

Where X is the input features, and represented the output with the positive values and

all the negative values converted to zero.
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Figure 2. 8 Rectified linear unit

e Fully Connected Layer

Fully connected layers apply linear transformations to the given input vector before
applying activation functions and have full connection to the neurons in the previous
layer. All of the neurons in the fully connected layer are multiplied by neurons in the
previous layer and if there is a bias in the fully connected layer, it is added to the
resulting linear transformation. We can formulate the operation done by a fully
connected layer as follows. Let us say the weights of the fully connected layer are
denoted by W and have an input dimension of k. Then we can formulate the operation
done by a fully connected layer with respect to the given input x as follows in the
Equation (2) [35].

y=W=x*xx+0Db (2)
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Figure 2. 9 Fully connected layers

In Figure 2.9, connectivity pattern of fully connected layers is shown. The fully
connected layers with red colour are also called hidden layers. Hidden layers 1, 2, and
3 in the representation are fully connected layers and neurons in those layers apply a
linear transformation to the neurons in the previous layer. For hidden layer 1, the input

dimension is 1 and the output dimension is 4 as it includes 4 neurons.

Similarly, the input dimension of hidden layer 2 is 4 since the input for hidden layer 2
contains 4 neurons. The output layer is also fully connected. This is because it is
connected to all of the neurons from the previous layer and outputs 1-dimensional
result. In convolutional neural networks, fully connected layers are usually used at the

end of the network after a series of convolutional layers.

Convolutional layers which will be discussed next are good at subtracting local
information from the data and connecting that information with fully connected layers
at the end of the network is good for generalizing the local information and obtaining

a result with the given number of neurons [36].
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e SoftMax Classifier

The SoftMax is probability technique which estimate the probabilities between (0,1).
The model mathematically can present as shown in Equation (3):

exi

SoftMax(y) = SE_ gwak

(3)
Which the x represented the input feature that become output from fully connected
layers as matrix of arrays and each array represented one example of data. The i
indicate the output units and must be integer value, so i =1, 2, ..., K. K represented the
total of the number of examples. Represented the predicated labels of the pixels by
the SoftMax. The accuracy of this method can be calculated easily by calculating the
difference between the actual labels that are selected manually and the predicated
labels by the SoftMax.

2.2.2.2 Residual Neural Networks

The primary idea of ResNet was motivated by constructs known from pyramidal cells
in the cerebral cortex. However, deep residual networks (ResNet) are a deep
convolution neural network which is stacked by a set of residual blocks after each layer
to employ the shortcuts to jump over some layers that not trained correctly, where the
input from previous layer is added directly to the output of the other layer. Therefore,
this process helps to solve the gradient vanishing problems. As well as, it helps to train
networks which have a large number of layers easily with low error rate. A residual
block is illustrated in the Figure 2.10. Let us suppose that we try to learn an H(X)
function that is the mapping from the input X of a few convolution layers to the output
of them. If we add the input X to the output, we let the convolution layers to
approximate F(X): = H(X) +X. Learning F(X) function is easier than learning H(X)
[73].

The specification for 5 versions of ResNet with different number of layers are reported
in the Table 2.1.
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Table 2. 1 The number of the parameters of the Residual Neural Networks
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CHAPTER 3

MATERIAL AND METHODS

3.1 Proposed Methodology

In this study, we introduce an effective method to segment apple leaf spots. In the
initial stage, the Plant Pathology 2020 - FGVC7 dataset is used which includes colored
images with a resolution 2048 x 1365 x 3 for various diseased leaf images categories
such as apple scab, cedar apple rust, multiple diseases and normal leaf.

After analyzing the data, the imbalance issue has found for each category. Therefore,
all classes are setting to 91 samples which are the minimum samples number are
existing in multiple diseases class. The goal of this step is to find out the ability of
these proposed networks to deal with imbalanced data issue when used as a subnet for

features extractor in the detection model.

Later on, ground truth images are manually generated by using the local graph cut tool
in MATLAB image segmenter application. The foreground of the image includes
disease spots which labelled as white pixels. On the other hand, the rest of the image
does not include any important features. Therefore, it considered as a background and
labelled as black pixels. The aim of this step is to train and test the model in supervised
vision by applying semantic segmentation method. Afterwards, to avoid the
exhaustion of the GPU memory, all original images and their ground truth are stored
as pixel labelled image data after rescaling process into 256 x 256 x 3. The stored data
is divided into a training set 70 %, validation set 15% and testing set 15%. As shown

in the Figure 3.1 which depicts the flowchart of the proposed method.

In the next step, two different architectures of convolution neural network, U-Net and
ResNet are trained and tested individually on this dataset. In other words, each
structure has trained and tested on each class separately. The aim of this step is to find
out which structure obtain better prediction mask, and how it behaves with the high

differences in disease spots shape in each class.
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Furthermore, the extracted features from each structure have classified by using
SoftMax classifier. Finally, the segmentation performance for each structure has tested
using 14 image samples for each category, then compared and evaluated with the true
label of each class by applying four metrics, including pixel accuracy, sensitivity, loU
and F1-score metrics. As well as, we compared these four metrics with the existing
image segmentation methods, including K-means, Adaptive image threshold using
local first-order statistics, Otsu thresholding method, Texture filter and Active

contours technique.

— Manually
RGB . Labeling
2048x1365

Resizing to
256x256

i Validation ;

Data
Augmentation

L4 Training
Semantic the Model
Segmentation

Trained
Model

-
L | True Label Model
Predictions

Performance
Assessment

Figure 3. 1 Depicts the flowchart of the proposed method

3.2 Data Description
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The data used in this study were collected from the Kaggle community for ‘Plant
Pathology Challenge’; part of the Fine-Grained Visual Categorization (FGVC)
workshop at CVPR 2020 (Computer Vision and Pattern Recognition).

However, the data includes high-resolution coloured images of multiple apple foliar
disease symptoms such as apple scab, cedar apple rust, Alternaria leaf blotch, frogeye
leaf spot, and healthy leaves. Moreover, the real-life images were captured during the
2019 growing season from commercially grown cultivars in an unsprayed apple
orchard at Cornell AgriTech, Geneva, NY by using a Canon Rebel T5i DSLR and
smartphones cameras under different conditions such as angle, lighting, noise and

surface.

Figure 3. 2 Demonstrate the dataset samples of the three types of apple leaf diseases
symptoms: a) Apple scab, b) Cedar apple rust and c¢) Multiple diseases in a single
leaf. As well as, the differences in age of the leaf, capturing angle and illumination.

The images of apple scab, cedar apple rust and healthy were annotated manually
depending on their distinctive symptoms and ease of classification. On the other hand,
due to the difficulty and complexity of diagnosing the symptoms in Alternaria leaf

blotch and frogeye leaf spot, and complex disease symptoms from multiple diseases
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in a single leaf, the annotations of these diseases were obtained under the guidance and

approval of a pathologist expert. See Figure 3.2.

Furthermore, more images were added to the dataset to increase the complexity such
as images taken at different times of day, more than one leaf in the same image,
multiple diseases in the same image, non-homogeneous background of images and
imbalanced dataset of different disease categories. Finally, the total number of samples
in this dataset is 3651, where 1821 images for training with annotations and 1830

images for testing without annotations [30].

Therefore, in our experiment, only the training set has been used, which include 91
images sample of multiple diseases leaf, 622 images sample of Cedar apple rust, 592

images sample of apple scab and 516 images sample of a healthy leaf.

3.3 Architecture Used

In this section, we explain two different deep architectures used for segmentation,
U-Net and ResNet, as follow.

3.3.1 U-Net

U-Net is a fully convolutional encoder/decoder network proposed in for the medical
image segmentation task. The modularity of U-Net gives the ability to combine
different encoder and decoder networks. The encoder part of architecture provides
high-level spatial features of images. Classical CNN architectures for classification
aggregates these features on final dense layers to further classification of images. In
U-Net, this encoder network followed by a decoder network which contains
deconvolution layers. It has n convolutional and pooling layers in the encoder part of
the network. This coupling is symmetric, decoder network in U-Net has the same
number of (n) deconvolution layers to recover low-level features and create a high-
level label map. Skip connections between corresponding convolution and

deconvolution layers make overall architecture robust and reliable [41].

In the encoder side, convolution layers and pooling layers down-samples image at each

convolution/pooling block. The decoder part uses transposed convolution
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(deconvolution) operations and skips connections to recover the image created by the

encoder block. In Figure 3.3 which depicts the U-Net architecture used in this work.
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1x1 Convolution
Skip Connection andConcatenation

16x16x1024

Figure 3. 3 U-Net architecture

3.3.2 ResNet

In our experiment, we use ResNet 18 which is a convolutional neural network that has
18 layers deep with an image input size of 224 by 224, this network trained on 1000
object categories, as well as it showed efficient results in semantic segmentation
applications, it can be described as in the Figure 3.5. In our experiment, we modified
the network input to 256 by 256 to fit the size of our images, this process leads to
increase in the encoder depth of the network which increases the layers into 100, as

can be seen in the Figure 3.5.

However, ResNet architecture consists of one contracting path which works to down
sample the input image in each layer; this path resembles the typical architecture of a
convolutional network. First convolution layer made of 7x7 feature mask with stride

[2 2], and padding [3 3 3]. However, the other convolutions layer made of 3x3 kernel
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size with stride [2 2], and padding [3 3 3], each followed by batch normalization, a

rectified linear unit (ReLU) and a 2x2 max pooling operation with a stride 2.

Finally, after a sequence of the down sampling process and to meet the input size at
the same level as the first convolution, therefore, the final layer will be a feature map
of 256x256x2 which include the most important features which will pass through
SoftMax and pixel classification layers to calculate the difference between the actual

labels that are selected manually and the predicted labels of the network.
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Figure 3. 4 ResNet architecture

3.4 Semantic Segmentation Concept

Image segmentation task aims to locate separate objects or boundaries of objects
within an image to make further regional analysis efficient. It requires the formal

definition of low-level properties such as color or texture or spatial constraints on
40



objects to extract the target area. It detects these formally defined regions and does not
assign any label on segmented area. Semantic segmentation of the image is an essential
step for the ultimate computer vision goal of image or scene understanding. Early
research on semantic segmentation primarily utilizes Conditional Random Fields

(CRF). CRF defines a probabilistic graphical model to estimate pixel labels.

This probability model mainly based on pixel neighborhood characteristics.
Consequently, pixel-level inference in CRF considers both spatial and contextual
information of the image. As in other problem domains in computer vision, deep

learning dominated the research on semantic segmentation.

The invention of convolutional neural networks provides the ability to learn the spatial
relations between complex features while preserving the original input structure. It
relieves researchers in various fields such as natural language processing, computer
vision, etc. from manually discovering and extracting those features. These features
then used to represent the class of that image. In the case of semantic segmentation,
rather than the class of image, classes of individual pixels need to be determined.
Successive convolutional and pooling operations in CNN produce representations of
strong features in the image. The characteristics of these strong features generally
correspond to individual objects in an image scene. To transfer this high-level
information of labels to original image plane deconvolution (transposed convolution)

operation is proposed [42].

For semantic segmentation, this approach corresponds to fully convolutional deep
learning architecture where output is a label map with original image size, see Figure
3.6

Bicycle
Background

ul

Figure 3. 5 Semantic segmentation example
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3.5 Data Augmentation

In deep learning approach, data augmentation is an influential method that plays an
important role to avoid overfitting issue caused by bounded training samples.
However, data augmentation approximates the data probability space by manipulating
input samples, such as vertical flipping, horizontal flipping, random rotation, random
crop, noise disturbance. Generally, the performance of the model can be improved, as
long as the quantity, quality, and verity of the data in the dataset are increased [29].

As mentioned previously in the proposed method section, all classes have set to 91
samples, because of an imbalanced data issue. However, the training set samples will
be not sufficient to train the network effectively. Therefore, we increased the training
set samples with their true labels to be ~256 samples for each category by applying
some augmentation process, including vertical flipping, horizontal flipping and
random rotation (10°, -10°). Three generated samples from the original training image

and the corresponding labels images are shown in the Figure 3.7.

Y
a b c d

Figure 3. 6 Data augmentation samples: (a) orginal, (b) vertical flipping (c),
horizontal flipping, and (d) random rotation between ( 10°, -10°).
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Therefore, this process works effectively to increase the number of samples of training
set randomly during the training process, which leads to increase the overall
performance of the model.

3.6 Networks Training

The training experiments of both networks have implemented by using MATLAB
R2020b software which installed on GT75 Titan 8RG laptop which has Intel CM246
CPU and NVIDIA GeForce GTX 1080 with 8GB GDDR5X.

However, each structure has trained using the augmented data for each class
separately. Moreover, in the optimization process, to gain the best performance,
several training parameters have taken into account, like tuning batch size, epochs,
learning rate, optimizers like SGDM and ADAM, loss functions, and dropout. These
parameters play an important role in speed up the training process and a marked
improvement in predictions of any network. Therefore, the best performance of U-Net
network was obtained using Adam method with a learning rate of 0.000315 with 4
mini-batch size, 50 epochs and 0.5 dropout value which help to make a noticeable
speedup in the training process, where the training time was enhanced to 4-6 minutes
with™ a better prediction when tested. On the other hand, the training of modified
ResNet 18 using Sgdm method with a learning rate of 0.06 with 2 mini-batch size, 30
epochs and 0.5 dropout value which showed better predictions than U-Net when tested

with the test set.

The purpose of using these optimizers is to find the minimum point for a given loss
function. In the classical GD method, weight update operation occurs after all input
data fed to the network. Calculated overall training loss information for that iteration

then used in weight updates. Both optimizers are described below:

e Stochastic Gradient Descent (SGD)

A widely-used gradient-descent based minimization method is Stochastic Gradient
Descent (SGD). The difference between standard GD and stochastic one is, in SGD,
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weight update occurs after every single training input fed to the network. It is also
possible to update weights after a subset of training inputs fed to the network. This
approach is called Mini-Batch Gradient Descent and provides more stable
convergence to a minimum. In mentioned gradient descent optimization algorithms
noise in training data may cause sudden changes in the gradient direction. This causes
unstable changes in parameter values, thus reaching to convergence point takes more
steps than optimal. In SGD this problem solved by adding an extra regularization
parameter called momentum. It takes gradient information from previous iterations

into consideration and enables more stable convergence to a minimum [43].

e Adaptive Moment Estimation (ADAM)

Adaptive Moment Estimation (Adam) is an extension of SGD that adds a
regularization factor for learning rate. It calculates an adaptive learning rate for each
parameter in the network with respect to gradient information for that particular
iteration. This adaptation is realized by calculating first and second moments of
gradients. The moving average of these two moments determines the learning rate,
thus convergence speed. This averaging mechanism also provides stable convergence
in the case of sparse gradients and handles divergence that fixed learning rate may
cause [44].

3.7 Network Testing

In the testing phase, to verify the segmentation performance of the proposed networks,
14 samples for each category have used. Since the prediction mask of the network is
an array that contains values assigned to categories that can not display as an image.
Therefore, it should be converted to a grayscale image. This process leads in some
images to lose some pixels from the desired area, sometimes make it bigger or smaller.
However, to estimate the accuracy of the segmented parts of the test set images with
their true labels, the below explained metrics including pixel accuracy, sensitivity, loU

and F1-Score have applied.
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e Pixel Accuracy

Pixel accuracy is the simplest way to evaluate the performance of the model on image
segmentation, basically, it measures how the model classified pixels between the
predictions and the ground truth, as shown in Equation (4):

TP + TN .
(TP + TN + FP + FN) (4)

Pixel Accuracy =

e Recall

Recall calculates the number of the correct boundaries that find by the model, it is also
known as Sensitivity or True Positive Rate (TPR) and it can be represented in Equation

(®):

Reacall = ——+ 5
cacatt = TP+ FEN ()

e [1-Score

The F1- Score metric measures how close the point on the predicted boundary matches
the point on the ground truth boundary. In other words, it calculates the harmonic mean
of precision and recall. Therefore, this score takes both false negatives and false
positives into account. If the numbers of false negatives and false positives are

different, the result of this metric will be close to zero, see Equation (6):

F1S _ 2*TP 6)
€O = 3% (TP+FP + FN)

It may be concluded that the closer the F1 score to 1, the better the pixel classification

performance.

e Intersection over union (loU)
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Intersection over Union (loU) metric, also known as the Jaccard index, is a method
that calculates the intersection and union between the prediction and the ground truth,
and it can be represented as the Equation (7):

IoU = P 7
N T TPYFP+FN ™)
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CHAPTER 4

EXPERIMANTAL RESULTS AND DISCUSSION

4.1 Experimental Results

In this section, we illustrate the performance of segmentation accuracy of our proposed
networks and the other segmentation methods on 14 test samples, after calculating the
average of the four metrics each class; however, the obtained results presented as
follow:

e Segmentation accuracy of healthy leaves

Table 4. 1 Demonstrates the average of proposed networks compared with other
segmentation methods tested on 14 test samples of healthy leaves.

Metrics

Methods Pixel Acc. % Recall % loU % F1-Score %
ResNet 96.59 96.33 92.59 74.32
U-Net 91.01 90.31 83.15 51.04
Region Growing 88.75 88.79 70.67 50.52
K-means 50.14 56.06 27.17 19.32
Otsu thresholding 56.31 34.14 21.98 25.13
Local f|_rst_—order 48.87 77.44 32.79 15.71

statistics

Texture filter 5271 18.37 11.18 22.53
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ResNet U-Net Region K-means Otsu Local Texture
growing first-order filter

Figure 4. 1 Healthy leaf images (first row), true label images (second row), predicted
mask of each method (last row).

e Segmentation accuracy of infected leaves with cedar rust

Table 4. 2 lllustrates the average of proposed networks compared with other
segmentation methods tested on 14 test samples of rust leaves.

Metrics

Methods Pixel Acc. % Recall % loU % F1-Score %
ResNet 99.71 78.36 76.44 87.27
U-Net 99.75 87.60 81.63 90.75
Region Growing 97 72.65 32 49.18
K-means 38.4 80.97 1.02 3.62
Otsu thresholding 53.46 81.87 1.04 4,73

Local first-order

A 28.62 97.14 1.42 2.66
Texture filter 74.59 81.2 1.88 3.75
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ResNet U-Net Region K-means Otsu Local Texture
growing first-order filter

Figure 4. 2 Cedar rust leaf images (first row), true label images (second row),
predicted mask of each method (last row).

e Segmentation accuracy of infected leaves with scab

Table 4. 3 Outlines the average of proposed networks compared with other
segmentation methods tested on 14 test samples of scab leaves.

Metrics

Methods Pixel Acc. % Recall % loU % F1-Score %
ResNet 98.19 61.79 59.43 64.78
U-Net 97.62 69.71 61.41 63.75
Region Growing 87.99 58 9.26 28.65
K-means 51.14 49.08 1.87 9.40
Otsu thresholding 60.09 50.67 1.23 7.43
Local first-order 25.69 68.97 1.75 9.61

statistics

Texture filter 73.86 48.77 430 11.50
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ResNet U-Net Region K-means Otsu Local Texture
growing

Figure 4. 3 Scab leaf images (first row), true label images (second row), predicted
mask of each method (last row).

e Segmentation accuracy of multiple diseases in a single leaf

Table 4. 4 Represents the average of proposed networks compared with other
segmentation methods tested on 14 test samples of multiple diseases.

Metrics
Methods Pixel Acc. % Recall % loU % F1-Score %
ResNet 98.08 54.26 53.25 60.29
U-Net 98.03 59.50 57.40 60.94
Region Growing 86.09 61.97 12.62 28.04
K-means 64 49.88 2.85 9.20
Otsu thresholding 57.81 53.91 1.89 591
Local first-order 28.78 49.82 1.42 10.20
statistics
Texture filter 72.62 63.91 4.50 9.43
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ResNet U-Net Region K-means Otsu Local Texture
growing first-ord filter

T

Figure 4. 4 Images of multiple diseases in single leaf (first row), true label images
(second row), predicted mask of each method (last row).

Furthermore, to illustrate the results perfectly, the average obtained results for each
class have calculated, as outlined in Table 4.5 which is a significant indicator for better

interpret the results.

Table 4. 5 Illustrates the average obtained results of four classes for the proposed
networks compared with the other segmentation methods.

Segmentation Method

. : Local
Metrics ResNet | U-Net Regl_on K- Otsu first- Te_xture
growing | means | Threshold order filter

Pixel
Acc. 98.14 | 96.82 89.95 50.92 56.91 32.99 68.44
Recall 72.68 76.78 70.35 58.99 55.14 73.34 53.06

loU | 7042 | 7089 | 31.13 | 822 6.53 9.34 | 5.6
F1-
Score | 71.66 | 66.62 | 39.09 | 1038 | 108 954 | 11.8
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In line with previous studies, the proposed method achieved distinguished results when
compared with feature-based plant disease identification methods. As can be seen in
the Table 4.6 which illustrates the comparison performance of those studies that meet
with our proposal in extracting complex features from the images of plant leaf disease.

Table 4. 6 Performance comparison

Evaluation metrics

Methods
Pixel Acc. loU F1-Score Recall | Precision
Powdery Mildew on
cucumber leaf features
96 72.11 83.45 97.34 73.30

extraction by using U-
Net [31].

A fully automatic

segmentation algorithm
for medicinal plant leaf N/A 87.54 92.59 94.59 92.35
images [32].

ResNet as FS-SubNet
for apple leaf disease N/A 69 N/A N/A N/A
[57].

Proposed network
(ResNet)
Proposed network

(U-Net)

98.14 70.42 71.66 72.68 N/A

96.82 70.89 66.62 76.78 N/A

4.2 Discussion

The main concern of the study was to tackle the problem of segmenting apple foliar
diseases from the leaf itself accurately based on high quality, real-life RGB images
which includes a high complexity in the symptoms of the disease. To address this

problem, we proposed two convolutional neural networks, U-Net and ResNet which
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have used for semantic segmentation task in the field of computer vision. To our
knowledge, this is the first study to deal with the data used in this experiment, however,
the analysis of the result tables and the investigation of the above-illustrated figures
indicate that our proposed networks outperform the other segmentation methods in
prediction of disease regions almost in all cases, although the high variations in
symptoms in each infected leaf, and this is evident in terms of Pixel accuracy, loU
accuracy, F1-Score accuracy, and Recall when validated in 14 test images of each
class.

In addition, it has been found that a good match between ResNet and U-Net precision;
the only difference between them is that ResNet is relatively good in the balance
between precision and recall, and this is can be noticed in the results of F1-Score in
healthy leaf case which highlighted in the Table 4.1, as well as, in other cases that
include more complex symptoms such as cedar rust, scab and multiple diseases, both
networks have proven their ability in recognizing disease location as outlined in the
Tables (4.2, 4.3, and 4.4).

Further, some non-disease areas had been misidentified as disease areas, this situation
is agreeable, because, in disease detection, the disease regions are not supposed to be

missed by the system.

In addition, compared to some studies related to features extraction of plant leaf
disease, the proposed networks could relieve researchers from using manually
segmenting of the complex features in the image and using a complicated analytical

procedure.

Furthermore, compared with some existing methods based on deep learning for feature
extraction, a similar pattern of results was obtained in [31,32] and [57] which
demonstrated in the Table 4.6, where the proposed networks showed a remarkable
performance to segment the small regions of disease spot in all cases, although the
complexity of the images used which have a high variations in lighting, age of the leaf,
capturing angle and complex backgrounds, while in the mentioned studies they used
their own data set to validate their models, in addition to the several image

enhancement techniques were used to improve the results.
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CHAPTER 5

CONCLUSION

In this research, we have addressed the issue of extracting high dimensionality disease
features by presenting two convolutional neural networks which have proven a
remarkable segmentation performance in almost all disease cases. However, the
motivation of this study was related to the fact that foliar plant diseases symptoms exist
only in the leaf area, and the background has no useful information concerning leaf
diseases.

Besides, it is possible to conclude that both networks perform well in segmenting
disease areas, but we emphasize on using ResNet given its ability to balance between

precision and recall.

However, as with the majority of studies, the design of the current study is subject to
the limitation of manually labelling process of disease region of the ground truth
images which not undergo to a pathologist confirmation this may make our results

subordinated to error.

The findings suggest that this approach could also be useful for building a detection
system by combining ResNet as a feature extractor subnetwork to extract difference
diseases spots from the leaf with another subnetwork which will be trained in an end-

to-end manner on those features to distinguish the disease categories.

Further study of the issue is still required to prove the performance of the proposed
networks including, providing more samples for each case to train and validate the
networks and providing of high GPU memory that undoubtedly extends more space
for trying a large size of images and batch sizes during training process which leads to

introduce more accurate features.
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