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ABSTRACT

 Artificial intelligence is the formation and development of software that connects for solving the problems and making 
decisions to achieve the goals by Meaning, determination and function. It’s developed to be used by computers and machines. 
Artificial intelligence applications includes robot management at industry, Smartphone Speech Recognition in Smartphone, 
automated parking of vehicles, search engine on Internet, precision agriculture and lots many. In image processing, feature 
extraction is a special technique for dimension reduction. Transforming the input data into a small and meaningful set of 
features is called feature extraction. 
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INTRODUCTION

 An RGB colour image is an A×B×3 matrix of 
colorant pixels, here each colour pixel is a triplet that is equal  
to the red, green, and blue parts of an RGB image at a specific 
point called spatial location. RGB image can be presented 
as a stack of 3 gray scale images that, when the red, green, 
and blue element with some input values passed to a colour 
monitor then it produces a colour image on its screen. This 
explains how colour displays works. For an example, if pixel 
size of the image is of 8 bits then the depth of related RGB 

image is said to be 24 bits depth. The segmentation of image 
applied to make separation of the leaf image into different 
coloured regions by having similar attributes related to 
characteristics in the image. Hue is presented by angle for the 
property colour in a colour hexagon, normally using the red 
colour axis as the zero degree axis. That value is calculated 
along the axis of that cone (cone of HSI). The input RGB 
image can be of class uint8, uint16, or double but the output 
image is of class double. The conversation from RGB to HIS 
takes place like:
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Now after converting the RGB into HSI, HSI image also 
has three channels (H, S and I), so each and every channel 
analysis of HSI can be just done like in case of RGB. So 
after making separate channels for H, S and I, the selected 
channel can only be processed and find the interested region 
of interest from the given image. Now to exactly separate 
the background part XOR bitwise operation applied and 
that will separate the leaf portion along with edges from the 
background of the image. Simultaneously all the images can 
be shown on the screen for easy user interface. (yaming et 
al, 2015)

 Now after segmenting the background part, a plain 

separated leaf image received and from this image now the 
diseased portion got segmented. 

Literature review

 Bent Lorenzen et al. practiced to perceive powdery 
mildew on barley related to reflectance spectrum of crop 
leaves. They judged that the spectral reflectance of inoculated 
resistant leaves was considerably higher between 400 and 
1100 nm than the plants under control condition with 10 
days of inoculation. (Sannakki, 2011) In India Citrus farming 
faces severe threats from pests and diseases. Table 2 presents 
symptoms, effects and pictorial notation of the diseases. 
(Zaller, 2004)

Table 1 : Effect of Citrus Diseases (Reddy & Murti, 1985)

Symptoms Effects Image
Disease: Citrus Canker

Scratches on the leaves, stems, and fruits. Causing leaves and fruit to drop premature-
ly. Fruit is too unsightly to be sold.

Disease: Citrus Anthracnose
Small medium brown/ gray spot on shoots, flow-
er, berries. Blights on petioles and veins. Short 
holes in leaves. Fruits may crack

Reduces the effective area of a leaf Affected. 
Blossom fails to set fruit

Disease: Citrus Downy Mildew
Dim yellow spots on upper side of young leaves. 
Consistent white spots on the lower side. Turns 
brown in later stage.

Cannot support bunch development. Entire 
cluster decay, dry and drops

Disease: Citrus Powdery mildew
White powdery spread coating in patches on both 
sides of leaves. White powdery coating around 
young shoots and berries. Leaves turn pale and 
curl up.

Bud fails to sprout affecting productivity of 
cane. In blossom, fruit setting fails. Young 
Fruits become corky. Size of berry reduces

Disease: Citrus Rust
Numerous orange coloured pustules on the lower 
surface of the leaves.

Severity cause defoliation

Disease: Citrus Black rot
Irregularly shaped reddish brown spots on the 
leaves. A black scab on berries.

Fruits shrivel and become hard black mum-
mies

Disease: Citrus Bitter rot
Affects older leaves with water soaked brown 
spots. Cane initially becomes white then black.

Cane shows reduced growth and wilts. 
Young infected green Fruits get shriveled

Disease: Citrus Dead arm
Angular small spots on the leaves, stems, canes 
and flower clusters.

 Canes start to dry rapidly

 Drying extends to the roots and the whole 
plant wilts
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 Regression models were established and checked 
between numerous image features for the plant nitrogen 
content and perceived that, the minimum accuracy was found 
to be 65% with an average accuracy of 75%, actual and 
predicted values of nitrogen percent were straight linearly 
correlated with R2 value (i.e. 0.958) that showed the plant 
nitrogen content can be successfully measured by its colour 
image feature. (Tewari etal, 2013)

 Computerized vision identification has been broadly 
applied for numerous fields such as manufacturing, medical, 
automobiles, agriculture, aviation, etc. Automated object 
recognition precisely in palm oil (systematically known as 
Elaeis Guineensis - is a species of palm commonly called 
African oil palm or macaw-fat), but the industry is still 
thrusting. Automatic detection tools for nutrition deficient 
disease based on presence of symptoms on leaf exteriors is 
unavailable because at present, the disease is examined by 
human raters depending on the knowledge possessed. (Yeh 
et al, 2016) The feature vectors attained acting as inputs to 
fuzzy classifier. The developed method too much benefitted 
to the oil palm processors to fulfill the industry demand. 
(Muhammad, 2011)

METHODOLOGY

 HSI Conversion was calculated with the Matlab 
built-in function. Testing of various leaves was done under 
control and with balancing of lighting conditions. By making 
a binary reference image from the given image and manually 
marked the area of   the leaf as 1 and everything else as 0. 
(Martin and Ronald)  The reference image(generated) and 
original test image(taken) are shown in Fig. 2.

 

Fig. 1 : Input Image and segmented image

 For each channel, the boundary values or threshold 
limits were manually set by observing pixel values at leaf 
locations. A low and a high threshold values were set for 
each of the channel so that after excluding pixels below and 
above the low and high threshold limits, respectively, none or 
minimal plant material was excluded in each channel. Logical 
AND-operation was then used to accumulate the channels. 

Plant Leaf Disease Segmentation

 After taking the image in RGB some of the parameters 
extracted and according to figure 3.5 has mean values 106.582 
i.e. for RED, 144.096 i.e for GREEN and 59.9544 i.e. for 
BLUE. When the image got converted to HSI then mean 
values of HUE, SATURATION and INTENSITY are 0.251, 
0.619 and 0.566 respectively. Parallel to that the variance 
of HUE, SATURATION and INTENSITY are 0.00299, 
0.0736 and 0.0103 respectively. And finally the range value 
of RANGE of HUE, SATURATION and INTENSITY are 
0.981, 1 and 0.651. And finally after segmenting the diseased 
portion one rectangle called bounding box is presented 
around the diseased object so one can identify the diseased 
portion and take further necessary actions for classification 
purpose. (Yaming et al, 2015)

Fig. 2 :  Segmentation shows separate channels of HSI transformation along with  
thresholding and removal of with small pixels 
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At the final phase of the work one process developed in 
which all the images from one of the folder taken and then 
the above cited algorithm performed, then the intermediated 
results shown and finally all the intermediate and final images 
stored to the folder with different name, so the strength of 
the algorithm can be analyzed and checked for all number of 
images. (Zaller, 2004)

RESULTS AND DISCUSSION

 With these set of shape and statistical co-occurrence 
features the plant diseases are detected. Samples of leaves 

with various diseases like anthracnose, blight, canker and for 
the extension of research here the deficient leaves were also 
collected and analyzed. (Arivazhagan. et al, 2013)

 As a sample, a citrus leaf that is infected by 
canker disease is given as input to the algorithm. Colour 
transformation structure on the input image is performed. After 
image acquisition, images are then converted into numerous 
forms such as hue, saturation, gray scale, background pixels 
for appropriate separation using thresholding methods to 
extract meaning from them. ( Sannakki, 2014) 

Fig. 3 : Histogram of Hue part and segmentation with Hue part

Table 3 : Comparison of Hue, Saturation and Intensity part

 Hue defines as a colour attribute that defines the pure 
colour in the image. Most often than not, hue is labeled in 
terms of colour mechanisms such as red, green, and magenta. 
It is also used to separate combination of two pure colours 
like Red- which gives orange or yellow green. Hue measured 
in degrees of the colour circle ranging from 0 to 360. (Yeh et 
al, 2016)  So, the height of each separate bar is inappropriate. 
More importantly, the histogram is distributed throughout the 
series, and how the relative height corresponds to each other 
on each chart. (Yaming et al, 2015)

 One should consider the listed factors when reading 

histogram charts in imaging. 

 Analyze the histogram and find whether the histogram 
forms one wide range of values or simply it has a tight 
group in the middle or at any of the ends either left or 
right. 

 Evaluate the histogram to see if there are regular gaps 
or spaces between the individual bars or lines, when this 
present, it implies that the image has very less pixels in 
it and therefore could not be used to fill out the whole 
histogram, or the image was with reduced colour. 
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 It should be noted that each mathematical color 
conversion applied in the image will result in both the image 
and its histogram. (dominic et at, 2017)  It must be noted 

that contrast value of an image differentiates objects in space, 
while shade value of an image suggests contour and mass of 
a adjoining surface. (James and Gregory, 2001)

Table 4 : Intensity of Leaf disease

Image Disease name Total leaf area Diseased area Percent

Anthracnose 327183 14307 4.38

Canker 124032 2722 2.20

Blight 212704 8502 4.02

Canker 13431 4959 36.92

Blight 391672 16272 4.16

Anthracnose 262593 7247 2.76

 Total thirteen co-occurrence features for the leaves 
are extracted. Now the earlier nine shape related and after this 
thirteen statistics related features are then supplied to neural 
network for classification purpose. (Arivazhagan et al, 2013)

Classification Phase

 Here the below table presents all shape and texture 

related features for this segmentation algorithm so it can 
be compared and concluded that which specific algorithm 
parameter gives better result and also here considered values 
for number of hidden layers and for retraining of neutral 
network also so it’s now too easy to justify the fundamentals 
of neural network also. 

Table 5 : Classification results

Shape Related Features – Classification Results
TRAINING FUNCTION = “TRAINSCG”  SCALED CONJUGATE GRADIENT

Class-I Class-II #Neurons Train/
Retrain

Class-I
Correct(%)

Class-II
Correct(%)

Classifi.
(%)

Better 
for

Time

Anth. Blight 10 Train 31.0 42.5 73.5 Blight 2.761
Anth. Blight 10 ReTrain 34.0 35.0 69.0 Blight 2.492.
Anth. Blight 20 Train 43.5 31.0 74.5 Blight 2.854
Blight Canker 10 Train 41.0 30.0 71.0 Blight 2.45
Blight Canker 10 ReTrain 37 32 69 Blight 2.354
Blight Canker 20 Train 37 34 71 Blight 2.598
Anth. Canker 10 Train 32 38 70.5 Canker 2.091
Anth. Canker 10 ReTrain 36 35 71 Anth. 1.985
Anth. Canker 20 Train 37 37 74 Both 2.125

TRAINING FUNCTION = ‘‘TRAINGD’’  GRADIENT DESCENT
Anth. Blight 10 Train 21.4 24 45.3 Blight 2.91
Blight Canker 10 Train 49.5 0 49.5 Blight 6.02
Anth. Canker 10 Train 21.0 39.0 60.0 Canker 5.86
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Class-I Class-II #Neurons Train/
Retrain

Class-I
Correct(%)

Class-II
Correct(%)

Classifi.
(%)

Better 
for

Time

TRAINING FUNCTION = ‘‘TRAINBR’’  BAYESIAN REGULARIZATION
Anth. Blight 10 Train 47.9 42.7 90.6 Anth. 42.63
Blight Canker 10 Train 48.0 463.5 94.5 Blight 30.49
Anth. Canker 10 Train 47.5 47 94.5 ~ 34.37

Texture Related Features – Classification Results
TRAINING FUNCTION = ‘TRAINSCG’

Anth. Blight 10 Train 36 42.5 78.5 Blight 2.620
Anth. Blight 10 ReTrain 41.5 39.5 81.5 Anth. 2.534
Anth. Blight 20 Train 34 45.5 79.5 Blight 2.724
Blight Canker 10 Train 39.6 30.2 69.8 Blight 2.772
Anth. Canker 10 Train 37.6 41.6 79.2 Canker 2.431

TRAINING FUNCTION = ‘TRAINGD’
Anth. Blight 10 Train 27 41 68 Anth 3.328
Blight Canker 10 Train 47 13.4 60.4 Blight 6.486
Anth. Canker 10 Train 23.8 40.6 64.4 Canker 3.892

TRAINING FUNCTION = ‘TRAINBR’
Anth. Blight 10 Train 47.00 50.00 97.00 Blight 36.892
Blight Canker 10 Train 44.60 47.00 91.60 Canker 35.402
Anth. Canker 10 Train 46.50 48.50 95.00 Canker 34.7

 From the above results it’s easy to say that in case of 
shape related features for the diseases blight and canker and 
if the training function as “trainbr” applied then it gives the 
result upto 95% and for texture related features and for the 
training function “trainbr” in case of anthracnose and blight 
it gave 97% and for anthracnose and canker it gave 95%. So 
overall results are higher than 95%.

CONCLUSION

 Over the last some number of years there have been 
huge advances in understanding plant disease assessment 
and applying new technologies, particularly image analysis, 
neural network and more recently deep learning. In this 
chapter concluding the thesis by explaining the contributions 
of this research with respect to each stage of the proposed 
methodology. Currently the system developed for scientific 
aspects only but after creating a sound GUI and attached with 
proper MIS it will be very much convenient to user to use and 
can effectively detect and quantify disease severity of plant 
leaves.
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