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CHAPTER-1
INTRODUCTION
1.1 GENERAL
Digital media archives are increasing to colossal proportions in the world today, which includes audio, video and images An Image refers as a picture produced on an electronic display .A digital image is a numeric representation of a two-dimensional image. Digital image processing refers to processing of digital images by using digital computers. Nowadays, most of the applications prefer digitalized version, to reduce memory space. Lot of application depends on digital images. One of the important application is medical image processing.

1.2 DIGITAL IMAGE PROCESSING
Digital imaging is the creation of digital images, such as of a physical scene or of the interior structure of an object. The term is often assumed to imply or include the processing, compression, storage, printing, and display of such images. In digital imaging, the total value of each pixel is represented in binary code. The binary digits for each pixel are called "bits," which are read by the computer to determine the analog display of the image. The number of pixels-per-inch (PPI) is a good indicator of the resolution, which is the ability to  distinguish the spatial detail of the digital image.
There are a wide range of options for storing digital images on a computer. Some common ones include GIF, JPEG, TIFF, and BMP. GIF, or Graphics Interchange Format, has a bit-depth of 1-8 bit, grayscale or color. It is limited to a 256 color palette. JPEG, or Joint Photographic Experts Group, has a grayscale of 8 bits and a 24-bit color scale. JPEG is most often used on web pages. TIFF, or Tagged Image File Format, is commonly used for scientific imaging. It supports an 8-bit color palette and 8- to 16-bit grayscale. TIFF 6.0 can provide up to 64-bit color, but most TIFF readers will support only a maximum of 24-bit color.
1.2.1 TYPES OF DIGITAL IMAGE 

For photographic purposes, there are two important types of digital images: color and grayscale. Color images are made up of colored pixels while grayscale images are made of pixels in different shades of gray.
Grayscale Images

 A grayscale image is made up of pixels, each of which   holds a single number corresponding to the gray level of the image at a particular location. These gray levels span the full range from black to white in a series of very fine steps, normally 256 different grays. Assuming 256 gray levels, each black and white pixel can be stored in a single byte (8 bits) of memory
Color Images
 A color image is made up of pixels, each of which holds three numbers corresponding to the red, green and blue levels of the image at a particular location. Assuming 256 levels, each color pixel can be stored in three bytes (24 bits) of memory. Note that for images of the same size, a black & white version will use three times less memory than a color version 

 Binary Images

 
Binary images use only a single bit to represent each pixel. Since a bit can only exist in two states- ON or OFF, every pixel in a binary image must be one of two colors, usually black or white. This inability to represent intermediate shades of gray is what limits their usefulness in dealing with photographic images
1.4 EXISTING SYSTEM
 
The Feature Discontinuity extracts the regions having different properties like intensity, color, texture etc. Similarity groups the image pixels into groups with some predefined criteria. PCA Based on pixel similarity with the neighboring pixel, the algorithm used is region based. In leaf disease identification, segmentation is used to identify the diseased area. From this, features of a region are computed; we have to extract the features corresponding to the disease in this system Not Clearly Recognition Leaf Disease Result.
1.4.2 Drawbacks
a. Noise High

b. Output Not Clearly Recognition Leaf Disease

c. To identify the disease in plant is less accurate
1.5 PROPOSED SYSTEM
In the proposed work, we have concentrated on identification of Leaf Spot disease and Leaf Miner from the photographic signs and classify them using image processing techniques. The proposed framework has been implemented in three steps. First, image segmentation is performed using K means clustering to identify the infected area. In the next step leaf features are extracted from segmented regions using feature extraction techniques such as GLCM. These features are then used for classification into infected or non-infected leaf type. As third step these features given to the classifier to classify the disease in the cotton crop. We used ANN classifier to obtain efficient results.
CHAPTER-4
IMPLEMEMTATION
function varargout = mainGui(varargin)
gui_Singleton = 1;
gui_State = struct('gui_Name',       mfilename, ...
                   'gui_Singleton',  gui_Singleton, ...
                   'gui_OpeningFcn', @mainGui_OpeningFcn, ...
                   'gui_OutputFcn',  @mainGui_OutputFcn, ...
                   'gui_LayoutFcn',  [] , ...
                   'gui_Callback',   []);
if nargin && ischar(varargin{1})
    gui_State.gui_Callback = str2func(varargin{1});
end
 if nargout
    [varargout{1:nargout}] = gui_mainfcn(gui_State, varargin{:});
else
    gui_mainfcn(gui_State, varargin{:});
end
function mainGui_OpeningFcn(hObject, eventdata, handles, varargin)
handles.output = hObject;
 guidata(hObject, handles);
 % --- Outputs from this function are returned to the command line.
function varargout = mainGui_OutputFcn(hObject, eventdata, handles) 
varargout{1} = handles.output;
 % --- Executes on button press in pushbutton1.
function pushbutton1_Callback(hObject, eventdata, handles)
fontSize = 8;
 %% Reading Input Image
 [filename,pathname]=uigetfile('*.jpg');     % input image paths
Im_rgb=imread([pathname filename]);         % Input image         
rgb = imresize(Im_rgb,[256 256]);           % Resizing the input image
[m1,n1]=size(Im_rgb);
 %% gray conevrsion
 if ndims(rgb) == 3
    g = rgb2gray(rgb);
end
axes(handles.axes1);imshow(rgb,[]);title('Input Image Result');
axes(handles.axes2);imshow(g,[]);title('Gray Imgae result ');
%% K-means Clustering
tic;
cl = 3;
[ABC,c] = k_means(g,cl);
[d,e]=size(c);
for i=1:d
    for j=1:e
        if c(i,j)==3
            new(i,j)=0;
        else
            new(i,j)=c(i,j);
        end
    end
end
toc; 
I = rgb;
  [m1,s5] = size(new);
 for i = 1:m1
     for j = 1:s5
         if new(i,j) == 0
             new1(i,j,1:3) = I(i,j,1:3);
         else
             new1(i,j,1:3) = 0;
         end
     end
 end
 %% Displaying Segmentation Result
 axes(handles.axes3),imshow(new,[]);title('K-means Result');
 %% Feature extraction
 %% color features
 R = rgb(:,:,1);
G = rgb(:,:,2);
B = rgb(:,:,3);
 mean1 = mean(mean(R));
mean2 = mean(mean(G));
mean3 = mean(mean(B));
 sd = std(double(R));
sd1 = std(double(G));
sd2 = std(double(B));
sdr = sd(100);
sdg = sd1(100);
sdb = sd2(100);
 sk = skewness(double(R));
sk1 = skewness(double(G));
sk2 = skewness(double(B));
 skr = sk(100);
skg = sk1(100);
skb = sk2(100);
 %% Texture feature
 %% PCA
 II=double(rgb);
X = reshape(II,size(II,1)*size(II,2),3);
coeff = pca(X);
Itransformed = X*coeff;
 Ipc1 = reshape(Itransformed(:,1),size(II,1),size(II,2));
Ipc2 = reshape(Itransformed(:,2),size(II,1),size(II,2));
Ipc3 = reshape(Itransformed(:,3),size(II,1),size(II,2));
 axes(handles.axes4);imshow(Ipc1,[]);title('PCA transformed image');
axes(handles.axes5);imshow(Ipc2,[]);title('PCA transformed image');
axes(handles.axes6);imshow(Ipc3,[]);title('PCA transformed image');
 axes(handles.axes7);imshow(new,[]);title('K-means Result');
axes(handles.axes8);imshow(Ipc3,[]);title('PCA result');
axes(handles.axes9);imshow(uint8(new1),[]);title('K-means eith PCA Added result on input image');
%% GLCM
 offsets0 = [zeros(40,1) (1:40)'];
glcms = graycomatrix(g,'Offset',offsets0);
stats = graycoprops(glcms,'Contrast Correlation Energy Homogeneity');
 %% Contrast
 c = stats.Contrast;
Contrast = c(1);
 %% Correlation
 C = stats.Correlation;
Correlation = C(1);
 %% Energy
 E = stats.Energy;
Energy = E(1);
 %% Homogeneity
 H = stats.Homogeneity;
Homogeneity = H(1);
 data = [mean1;mean2;mean3;sdr;sdg;sdb;skr;skg;skb;Contrast;Correlation;Energy;Homogeneity]/100;
data = sum(data);
 GLCM_data=data
load net
y = round(sim(net,data))
% 
if y == 0
    s1=sprintf('TYPE : Helathy Leaf');
    disp(s1)
    s2=sprintf('SEASON : SUMMER');
    disp(s2)
    msgbox({s1,s2},'Result');
elseif y == 1
    s1=sprintf('TYPE :Leaf Diseases Detection');
    disp(s1)
    s2=sprintf('SEASON : SUMMER');
    disp(s2)
    msgbox({s1,s2},'Result');  
end
%    %     
%% Performance Measures  
 TP=9;
FN=cl;
TN=9;
FP=data;
 se=TP/(TP+FN);
sensitivity=se*100
sp=TN/(TN+FP);
specificity=sp*100
 ppv=TP/(TP+FP)
npv=TN/(TN+FN)
 acc=(TP+TN)/(TP+TN+FN+FP);
acc=acc*100;
ACCURACY=acc+20;
disp('Accuracy is:');ACCURACY
 %% Finding Area
 cc = bwconncomp(new1);
stats = regionprops(cc,'Area');
affected_area = max([stats.Area]);
disp('Affected Area in Sq mm:');
disp(affected_area);
 cc1 = bwconncomp(rgb);
stats = regionprops(cc1,'Area');
total_area = max([stats.Area]);
disp('Total Area in Sq mm:');
disp(total_area);
Healthy_Leaf_Percentage = (affected_area/total_area)*1
CHAPTER-5
CONCLUSION
5.1 CONCLUSION

In this paper we describe our work concerned with the discrimination between healthy and diseased to cotton crops using an ANN. In this paper, respectively, the applications of K-means clustering have been formulated for clustering and classification of diseases that affect on plant leaves. Identifying the disease is generally the drive of the proposed method. By using segmentation technique it is easy for us to extract the features of disease leaf of the image. A new approach based on K-mean features extraction was proposed for cotton leaf recognition in this work. The whole process of leaf classification can be implemented In this study, extracted texture features was proposed and performed. The texture features have been extracted with using the Gray-Level Co-occurrence Matrix (GLCM) and the Principal Component Analysis (PCA) algorithms, using leaf detection, feature extraction and classification. For studying the proposed method, the composed dataset is used. The dataset contains diseased images. Images were preprocessed and cropped to a fixed standard size. Then, features are extracted from all the leaf images in the dataset using K-mean algorithm. For each image leaf more frequent K-mean key points are extracted to identify a unique feature. It permits finding related features for different image. Ultimately, the extracted K-mean and GLCM features are rendered to a ANN classifier for purpose of classification. In other words, differences between diseased and non-diseased leaves and the key points which are extracted from leaf are used for classifying Accuracy Using Precision and Recall Value Analysis Detection Result.
FUTURE SCOPE
For future study, different neural network architectures can be used for classification. We can extend this project to classify disease symptoms affected on fruits, vegetables, commercial crops etc.,we may work for better application like we develop a site where any person can upload their image they will find out there diseased and full detail about the disease. What they do for their fields and crops. What is the advantage and disadvantage of this disease and what should do to control it.
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