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Abstract 
Extraction features from plant leaf represents a challenging problem in image processing. Many 

researchers extracted features from plant leaf to help in plant classification and also in early 

· diagnosis of certain plant diseases. Many previous researches emphasized on extracting features 
from simple leaf using image processing techniques. 

This project aims at proposing a methodology to extract features from a compound leaf using 

image processing, which is used for clustering plants that have compound leaves into similarity 

groups; this will help to know the plants that have similarity features. The experimental results 

show that the proposed methodology of extracting features from a compound leaf can be used to 

cluster the plant compound leaf into similarity groups using hierarchical clustering method. 
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0 Chapter One 

lWl0 
1.1 Overview 
Plants represent an important component in human [j 

. . he; they are source of food, source of 
energy, used in industry and as construction material d al . . . 

. an so used for their medicinal values. 
Recent advances in computer technology open new a . . . venues in many hfe sciences including plant 
biology (Botany). Computer recognition of plant types d di . . . an liscrmination between plants by 
computer feature extraction are gaining more attention am • . ong scientists. 

Many plants carry significant information for humans, features of plant can be extracted from 

different parts of the plant such as fruits, flowers, roots or plant leaves, and it could have many 

implications for example in plant taxonomy or in the early diagnosis of certain plant diseases. 

Recently, some studies focused on extracting certain features from the plant depending on its 

leaves which is considered as an obvious feature using image processing techniques. 

Nevertheless, the previous works in literature showed that there are many works on a simple leaf 

of different plant species; on the other hand, few studies have focused on using a compound leaf, 

which is considered to be more complicated. 

This project aims at proposing a methodology to extract features from compound leaves using 

image processing techniques. In this project, the main features of a compound leaf are proposed, 

and as a case study, tomato leaf is suggested because it appears in many types depending on the 

variety of fruit shape and size. 

These extracted features are used in this project to identify points of matching among the leaves, 

and to cluster plants that have compound leaves into similarity groups based on features; this will 

help the interested researchers in the plant field to know the similarity plants that have the 

similar features, also the clustering can be used to reduce the size of large numbers of plant's 

typ t h l · I ifi Th two methods also help to verify the importance of features es to elp in classi cation. ese 

extracted in this project. 

· · · f vund leaf, then using image processing The proposed methodology uses digital images ofa compot ° 
· th · leaf from other parts of leaf, and then to 

to pre-process the images of the leaf to isolate e mamn . 
· After that the hierarchal clustering is used to 

extract morphological features from plant leaf image. 

do the clustering process. 
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(Q Chapter One 
on Introduction 

The expected results of this project will be a methodology th t d di 
1 

· f 
at can rea ligital image o 

compound leaf and give a statement and numbers that describe this leaf in a good way with 

minimum intervention from user, and the project can read a sample of plant compound leaf and 

cluster them into similarity groups depending on the proposed features using hierarchical 
clustering. 

1.2 Project objectives 
The project aims at achieving two objectives: 

• The main objective of this project is developing a methodology that can extract features 

from plant compound leaf, using image processing techniques. 

• The other objective of this project is finding similarity in groups of plants that have 

compound leaves. 

1.3 Project block diagram 
The main steps of this project are illustrated in Figure I. I. 

Capturing leaf image 
by scanner or digital 

camera 

Processing the image 
and enhancement 

Extracting the 
features from the 

image 

Clustering of plant leaf 
depending on extracted 

features. 

Identifying the points 
of matching among the 

leaves. 

F. 1 1 Block diagram of plant leaf recognition 1gure . 
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(Q Chapter One 
!' @UH] 
1.4 Project benefits 
Before mentioning the benefits of this project a summz ib 

' ary a out some drawbacks in previous 
Works that related to this project is presented some of the d b k . . ' se raw ac s including: 

1. Most previous works focused on extracting morpholo · al £ ·fr . g1c: teatures rom simple leaf. 
2. In previous works, researchers depended on complicated tatic id al · computations an an; !ysis to 

describe the morphological features of plant leaf 

3. In many previous researches, the process of extracting the features depended on high user 
intervention. 

This project aims at overcoming these drawbacks by developing a methodology contains many 

benefits including: 

I. Developing a method that can extract morphological features from a compound leaf, 

which is considered more difficult than simple leaf. 

2. Making the process of extracting the features automatically with minimum user 

intervention. 

3. Getting benefits from the different techniques was used, to improve the quality of this 

methodology. 

4. Depending on the proposed features, this project will help to reduce the numbers of 

plant's types by finding the similarity types to facilitate the classification. 

1.5 Sample of study 
d fo morphological features extraction of a 

In this project a tomato leaf is taken as a case stu Y or 
f d. compound leaf Leaves could be 

compound leaf Tomato leaf is a good example O a iverse 
. . t rces or from tomato farms that 

obtained either from leaf scanned images, from internet sou ' 

representing varieties grown in Palestine. 
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O Chapter One 
;...----- Introduction 

1.6 Expected results 
The expected results of this project are: 

1. A computer based method that can read a scanned image of a compound leaf and give a 

statements and numbers that describes this leaf from the image with minimum 
intervention of user 

2. The project can read a sample of plant compound leaves and cluster them into similarity 
groups depending on the proposed features 

5 
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0 Chapter Two - Background 

2.1 Overview 
plant leaf carries significant information for human, such info atir ald be 

> mntormation coul ve used to classify 

plants or to the early diagnosis of certain plant diseases. Certain features of plant leaf should be 
extracted and identified in order to end up with useful information. 

To extract these features, they should be identified carefully in order to know their variations and 

the important features that should be studied. In order that in this chapter a good background of 

plant leaf features will be introduced under the section morphological features of plant leaf. 

In order to extract the morphological features of plant leaf there are some techniques in image 

processing will be implemented. In the second section of this chapter the image processing 

techniques are needed in this project will be explained. Some of them are: converting from RGB 

color to binary color, morphological operation on binary image such as erosion, dilation, 

opening, and closing, and connected component technique will be explained. 

Final section of this chapter will cover the cluster analysis concept, algorithms and hierarchical 

clustering methods. 

2.2 Features of the plant leaf 
This section introduces features as a general, the general morphological features of plant leaf, the 

difference between simple and compound leaf, and the main characteristics of tomato leaf 

2.2.1 What are features? 

· · · ultidimensional feature space which are used Features are defined as pomts represent images mm 
. The images are similar to each other when the to compute the similarity between the images. 

images are close to each other in high dimensional space. . . . 
:. 1age from its original space. Some 

Feature extraction can be defined as the process of mapping 1ma ,4 +%, 
th other methods in accuracy ans time o 

of the methods to extract features are better an 

computation process (famimi, 2006, p.22) [l]. 
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0 Chapter Two 
P06BTOl 
Some approaches of features extraction can prod th . 

uce 1e following features (Tamimi, 2006, p.23) 
[1]: 

1. Uniqueness: images are differentto awarer if h ness o +uman have the different features. 
2. Invariance: images are similar to awareness of h h . . uman ave the similar features. 
3. Stability: the degree of similarity b t • e ween two images that leads to small degree of 

similarity in matching features. 

4. Efficiency: the feature should be with small size with at lc ·· ch: .... ou osmg c aractenstics. 
5. Ease ofimplementation: the feature extraction should be ith ff · t u· 1 wI e1 ctent consecutively. 

Local and Global Features 

There are two ways for extracting features from an image (Tamimi, 2006, p.24) [I]: 
I. Global Feature: one feature is extracted from whole image. 

Advantages are compact representation of an image and standard classification algorithms 

and the implementation for detecting and extracting less complicated than local features. 

Disadvantages are sensitive to occlusion and require segmentation. 

Examples of global features are histogram and Principal Component Analysis (PCA). 

2. Local Feature: Set of features is extracted from the image that describes localized image 

regions and these regions called patches. Descriptors are a set of features that describe 
small image region and they are computed around interest points. Local features do not 

lend themselves easily to standard classification techniques. 
Advantages occlusions are no need for segmentation, robust to occlusion. 

Disadvantage is the images are represented by different size sets of feature vector. 
Examples of local features are Scale Invariant Feature Transform (SIFT) and (PCA) based 

local features. 

8 



0 Chapter Two - Background 

2.2.2 General morphological features of the plant leaf 

In biology the study of the size, shape and structure )f • . . . . 
3 • reof organisms in relation to some principle or 

generalization [2], is called morphology. 

When the plant studied using computer technology emphasis should follow on morphological 

features of plant leaf, these morphological features can be used to classify plant and to study the 
plant leaf and interaction with environment. 

Before talking about the morphological features, the main parts of leaf should be explained to 
make features obviously. 

The main parts for a leaf are: leaf blade (lamina), stipules and petiole. The blade is the flat part of 

the leaf, forms the green portion of the leaf. The petiole is the leafstalk. Some leaves do not have 

petioles so the base of the leaf is attached to the stem. Stipules are leaf like parts at the base of the 

leaf [2]. Other parts of leaf are axil which is an angle between petiole and the stem, and axillary 

bud which is a bud present in the axil (Figure 2.1). 

Leaf lamina 

Nod 

Intern 

Axillary bud stem 

Fi 2 1 Parts of leaf[3] 
1gur€-' ..%+f blade, stipules and petiole. 

Where the main parts of leaf are: ea 

9 



Q Chapter Two - Background 

General morphological features in plant leaf that can be studied are [3]: 

• Venation which is the arrangement of veins in a leaf, such as pinnate, parallel and 
palmate. 

• Shapes ofleaf, such as linear, ovate, reniform and obovate. 

• Arrangement of leaf maybe simple, or palmately compound, or pinnately compound or 
bipinnately compound. 

• Margin ofleaf which is the edge of a leaf, such as entire, dentate. 

• Arrangement on the stem is how the stem of plant arranges, such as alternate, opposite, 
whorled. (See Figure 2.2 for more illustration). 

ARRANGEMENT 
SH APES ARRANGEMENT MARGINS ON THE STEM VENATION 

pinnate 

parallel 

palmate 

linear ' __ «g ~ 

obovate / 

' 

ovate 

pinnatelg 
lobed 

palmatelg 
lobed gt 

lanceolate 

9¢ 
palmatelg 
compound 

<® 
entire 

<® 
crenate 

-- 12.N~~,_-;...1, 
dentate 

pinnatelg 
compound 

reniform - serrate 

• bipinnately • 
sagittate compound lobed If. I • I 

©1996 Encyclopaedia Britannica, Inc. 
1 
f[3] 

. al features of plant ea 
Figure 2.2 Common morphologlV ,on, shapes, arrangement, 

. 1 features contam vena ' 
General morphologic~ d ngement on the stem. 

margins an arra 

alternate 

opposite 

10 



0 Chapter Two - Background 

2.2.3 Simple and Compound leaf 
Because this project focuses on extracting features from a co d I af h h . 

1 1 
f 

mpounce le rather than simple teat, 
the differences between these two types should be explained. 

Plants have two main types of leaves; simple and compound leaf. A simple leaf is a leaf in which 

the blade is appears like one unit. On the other hand, compound leaf is one leaf that has many 
blades and it appears like many simple leaves called leaflets. 

To distinguish between simple and compound leaves one should look for the band on ax.ii. A leaf 

that is connected to band on axil is a simple leaf, whereas a leaflet that has no bud at its base is 
part of a compound leaf (Figure 2.3 ). 

Compound leaf may be pinnate or palmate. Pinnate leaf is a compound leaf with the leaflets 

arranged on both sides of the rachis, whereas palmate leaf is three or more leaflets radiating fan­ 

like from a common basal point of attachment [ 4] (See Figure 2.3 for more illustration.) 

ONCE COMPOUND LEAVES 
rachi 

leaflet ks rachis 
petiol 

Pinnately compound 

leaflet 

Palmately compound 

Figure 2.3 Compound leaf types [5] 
: with the leaflets arranged on both 

Compound leaf can be pinnately; .leaflets 
. Im tel . where three or more 

sides of the rachis, or pah1a ,,,·al point of attachment. 
radiating fan-like from a common as P 
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0 Chapter Two 

PR6BT9"" 
2.2.4 Characteristics of tomato leaf 

Tomato is one of the most common vegetabl . es spread in the world One f th . 
nature characteristic of tomato is the variati Th · 0 

e most important 
on. ere are m th 5 . • sh . ore an i000 tomato varieties that 

differ in fruit tape and size [6]. These variations 
. . . are also reflected on size and shape of the 

tomato leaf. Figure 2.4, illustrates some variation ft o omato leaf 

fad 
Figure 2.4 Tomato leaf variations [7] 

There is high variation in tomato varieties based on leaf 
shape and size. 

Tomato plant has compound leaves. The final shape of the tomato leaf is better examined at leaf 

maturity. Figure (2.5) illustrates how the leaf looks when fully grown in the left image the leaf 

looks as simple leaf, when it grows the number of leaflet increase so it looks like compound, in 

the right image is obviously compound, because the size increases and number of leaflet 

Increases. 

a8 

Figure 2.5 Growth of tomato leaf [8] 
. 1 leaf, when it grows the number of leaflet 

In the left image the leaf looks as simple e ~ . ' 3bviously compound 
increase so it looks like compound, in the right image 1s 

O 
· 12 



0 Chapter Two - Background 

There are many types of tomato leaflets, but there are two main types: regular leaf (RL) type and 

potato leaf (PL) type. Table 2.1 contains the differences between these two types. 

Table 2.1 Types of tomato leaflets 
This table contains the differences between the PL type and RL type, and examples of these two types 

RLType 
Differences 

Definition 
Is the typical leaf type that most 

people are familiar with. It contains 

number ofleaflet, each has a toothed 

and asymmetrical edge, this type is 

differs of shape, length, color 

depending in many things such as 

claim [10]. 

PL Type 

These leaves usually have few 

lobes on their leaves, smooth edge, 
and they are thicker than regular 

type, so it is more resistance to 

diseases. The color is usually a 

deep green [10]. 

Example ofleaflet 

shape 

Example ofregular leaflet [6] Example of potato leaflet [ 6] 

Examples of 

tomato leaf types 

Cherokee Purple [9] 
Pruden Purple [9] 

13 



Lemon Boy [9] Brandy Boy [9] 

2.3 Image processing techniques for feature extraction 
Image processing can be defined as analyzing and manipulating images with a computer, or it is a 

technique in which the elements of the image are digitized and different mathematical operations 
are applied to it. This is done in order to create an enhanced image that is more useful to satisfy 

human observer, or to perform some of the interpretation and recognition tasks usually performed 

by computer [11]. Image processing is used in many areas, including astronomy, medicine, 

industrial robotics and other fields. 

Image processing generally involves three steps: 
1. Capturing an image with a camera, optical scanner or through other sensors. 
2. Analyzing and manipulating the image: this step may include image enhancement, or the 

image analysis to extract some important features. This process is done using various 

methods. 
3. The output may be a new image or a report from the analysis of the image. 

Th 
• .c. • ocessing but in this section, the techniques that are 

ere are many techniques for image pr ° 

needed to develop this project will be introduced. 

14 



0 Chapter Two - Background 

These techniques are: 

2.3.1 Converting the color of the image from Red, Green, and Blue (RGB) to 
binary 

Before talking about how to convert the color of the image, a small introduction of three color 

models needed in this project will be introduced. These models are RGB, grayscale, and binary 
model. 

RGB color model: RGB color model is an additive model in which red, green, and blue are 

collective in various ways to reproduce other colors [12]. All the colors can lie in a cube 

extending from the origin (black) as illustrates in Figure 2.6. 

Figure 2.6 RGB color model [13] 
· lors· red green blue ROB color model contains three primary co ' ' ' · 

. d I .c: codm· g the colors of an image which contains ale is a mole) tor en 
Grayscale color model: graysc . t · rtain levels of gray, 

.. [14] The grayscale image contains ce 
only black, white and shades of gray b 256 different shades as illustrates in 

. le the levels may e from 0 (black) to 1 (white), for examp! ' 
. . ess than RGB model. Figure 2.7. Grayscale is easier to proc 

50 
Gravscale Color model. 

Figure 2.7 _Y 256 levels of gray, from 0 
Gravscale image contains 

yS (black) to 255 (white) 

0 87 209 255 

15 



Q_ __ c_h-"ap~te_r_T_w_o=-~-----------------~~~~- Background 

Binary image: This image contains t al . wo v ues, usually denot d 
to represent white color in the image. The b. . . e O to represent black color, and 1 

..· · mnaryimage isusedin 1:. ; 
identifying objects on a conveyor, identifyir +%, In some applications such as [15] 

mg onentations f b · . o1 objects, and interpreting text. 

In order to convert images from RGB t b · . o nary, we first convert RGB 
to binary as follows: to gray then convert gray 

1. Converting RGB image to grayscale image: 

When converting RGB color of ima t f Th ge o grayscale, all the colors are replaced with shades 
o gray. ere are a number of technique £ . . s or converting RGB images into grayscale [16] 

A simple method is to average the colors for all pixels as follows: 

, _ Red+ Green + Blue 
3 

(2-1) 

Or a weighted average in applied for all pixels as follows: 

, _3«Red + 4» Green + 2» Blue) 
9 

Another common method is NTSC and PAL as follows: 

Y =0.3 % Red + 0.59 » Green + 0.11 » Blue 

(2-2) 

(2-3) 

Where, PAL, short for Phase Alternate Line, is an analogue television encoding system 

used in broadcast television systems in large parts of the world. 
In this project we will use the NTSC and PAL because it is the most commonly used in the 

literature, and NTSC, named for the National Television System Committee, is the analog 

television system used in most ofNorth America, most countries in South America, 

Burma, South Korea, Taiwan, Japan, Philippines, and some Pacific island nations and 

territories. 
Figure 2.8 shows the results of converting process from RGB color to grayscale 

16 



Q Chapter Two 

P®BIO" 

Figure 2.8 Converting from RGB to grayscale. 
In the left, the image is in RGB model, and it converted to 

grayscale in the right image. 

2.Converting Grayscale to Binary: 

As mentioned before, binary images have only two possible intensity values, to represent 

black and white. The two possible values are often O for black and either 1 for white. 

To convert the grayscale images into binary images, a given threshold must be used in order 

to separate an object in the image from the background. The color of the object referred to 

as the foreground color, the reset is referred to as the background color. Given a threshold 

T, we can convert a gray scale image to a binary image by setting all gray values equal or 

above T to white and all values below T to black .As follows: 
---------------------------------------------- ~ Algorithm 2.1 {If gray value> T Then 

Binary value= 1 (white) 

Else 

Binary value = 0 {black) 

----- J J 

Figure 2.9 shows the results of converting process fro gy9!®. an 

. onverting from grayscale to binary. %.,%",»aw.otwcomened 
binary in the right imago. 

17 



0 Chapter Two 

Pl6Bl0 
2.3.2 Morphological operations on bina . ry mmages 
As mentioned before in Section 2.2.2, the term m h 1 . . 

. orp O ogy in biology refers to the study of the 
form and the structure m both plants and animals b wh . 

. , ut en talkmg about image processing refers 
to the mathematical tool for processing shapes in ime 'cludi- _ age, me u ing boundaries, skeletons, convex 
hulls, etc. 

Morphological operation is applied to binary · .c. h images, tor sliape and structural manipulation. 
Morphological operations are used in this project to extract primitive features of an object (leaf) 

that can be used to recognize or classify the object. 

In a morphological operation an input image is operated using a structuring element to produce 

an output image of the same size. The value of each pixel in the output image is based on a 

relation between of the corresponding pixel in the input and the structuring element [17] The 
structuring element is a small binary image with fix size and content that depends on the purpose 

morphological operation. 

There are two fundamental morphological operations; dilation and erosion: 

• Erosion: this operation allows an object in the binary image to shrink by removing pixels 

in the boundaries of the object, so the object becomes smaller. With binary images, 

erosion completely removes objects smaller than the structuring element and removes 

perimeter pixels from larger image objects [18]. 
The arguments to erosion are a binary image(X) and a structuring element(S) which can 

be defined as a shape mask is used in the basic morphological operations, and can be of 

d 
· d h h an origin [18]. The Algorithm 2.2 illustrates the erosion any shape, an size, an eact 1as 

operation to make erode(X, S) [18]: 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Algorithm 2.2 , 
{Takes a binary image X .. 

Pl h 
. . oifstructuring element S over every pixel position 

aces the or1gr 
Puts a binary value 1 into position of the output image only 

If position of S (with value J) then 

Covers a value] in X 

End if } - - - - - - - - - - - - - - - - - - - - ·- - - - , - - - - - - - - - - - - - - - 18 



0 Chapter Two 
PB"QlO 

origin 
0 0 1 1 0 ? 00000 0 0 1 1 0 e erode 0 0 1 1 0 OO 1 1 0 0 0 1 1 0 
1 1 1 1 1 00000 

X s Xe s 

Figure 2.10 Erosion operations with structuring element [18] 
in the left, a binary image X, and structuring element S in the 

middle, and output image after erosion in the right 

• Dilation: this operation allows an object in the binary- image to grow, by filling small 

holes or connecting disjoint objects. Dilation operation is done by passing the structure 
element on the whole image so that pixels are added to the boundaries of the object in the 

image [18], 
With binary images, dilation connects areas that are separated by spaces smaller than the 
structuring element and adds pixels to the perimeter of each image object l The 
Algorithm 2.3 illustrates the dilation operation to make dilate(X, S) [18]: 

-------------------------------------------------------------, 
{ 

rr k b · · X Algorithm 2.3 fare ·nary image 

Places the origin of structuring element Sfor each pixel of value 1 

Apply Ors the structuring element S with X. 
Output image is produces at the corresponding position 

__ J. --------------------------------------------------------- 

19 
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• In Figure2.1 l illustrates dilation O • . peration is applied ith WI Son X. 

0000 
0110 
0000 

X 
Ey 

origin 

Figure 2.11 Dilation operation: ith : 
in the left is a binary image x,,"" ""ring clement [I8] 

middle, and outp t . , structuring element S in the 
u image after dilation in the right 

Figure 2.12 represents the two types of mo h 1 . al . Ip)10logic: operations. 

a. Original 

D dilate 

b. Erosion 

0 1 1 O 
0 1 1 1 
0000 
X EB S 

c. Dilation 

Figure 2.12 Basic morphological operations [19] 
(a) is the original image, (b) is image after erosion and (c) 

is the image after dilation. 

An important factor in morphological operation is the structure element, because the size of the 

structure element influences on the number of pixels added or removed, so we should be careful 

when we choose the size of the structure element. 

Dilation and erosion can be combined to implement more complex image processing operations, 

such as the morphological opening of an image which is an erosion followed by dilation, using 

the same structuring element for both operations, and morphological closing of an image which is 

20 
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the reverse, it consists of dilation folio d b . wec vy erosion with th 
Figure 2.13 illustrates the two morpholo . al . e same structuring element[l 7]. 

g1c: operations. 

a. Original d. Opening e. Closing 

Figure 2.13 closing and opening morphological operations [19] 
(a) is the original image, (d) is image after opening and (e) is 

the image after closing. 

2.3.3 Connected components labeling 
Connected components labeling is an operation that scans an image and groups its pixels into 

components based on pixel connectivity, i.e. all pixels in a connected component share similar 

pixel intensity values. Once all groups have been determined, each pixel is labeled with a gray 

level or a color (color labeling) according to the component it was assigned to [20]. 

Connected component labeling works by scanning an image, pixel-by-pixel from top to bottom 

and left to right to identify the regions of connected pixel, i.e. regions of adjacent pixels which 

share the same set of intensity values V. For a binary image V= I; however, in a gray level image 

V can take a range of values, for example: V= { 51, 52, 53, .,77, 78, 79, 80}[20] 

21 
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Connected component labeling works on b · 

mary or gray imag d diff 
connectivity are possible. Either 4 connecn· .ty es an 1 erent measures of vi or 8 conne :ti5 ec ivity are possible as in Figure 2.14. 

ill 

- - g 
' 

cl» 

Figure 2.14 ~onnected components connectivity 
In the lest is 4-neighbor metric and the right is 8-neighbor 

metnc 

The algorithm of connected component includes two passes over the image as follows: 

lkii} 
: Passi: 
I 

: Scan the image pixels from left to right and from top to bottom. 
I 
1 For every pixel P of value 1 (an object pixel), test top and left neighbors (4-neighbor 

metric). 

Jf 2 of the neighbors equal 0: assign a new mark of P, else 

If 1 of the neighbors equals 1: assign the neighbor's mark to P, else 

If 2 of the neighbors equal 1: assign the left neighbor's mark to P and note equivalence 
between 2 neighbor's marks. 

Pass 2: 
Divide all marks in to equivalence classes (marks of neighboring pixels are considered 

equivalent). 
Replace each mark with the number of its equivalence class 

} 
·----------------------------------------------------- -- - 
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In Figure 2.15, example of how connected com . ponent labeling works. 

Figure 2.15 Connected Components labeling Example 

2.4 Cluster Analysis 
Cluster analysis is a collection of statistical methods, which identifies groups of samples that 

behave similarly or show similar characteristics, based on information found in the data that 

describes the object and their relationships [21]. Figure 2.16 shows the 4 clusters of data 

according to a given distance. 

Figure 2.16 Example of cluster data based on 
distance (22] 

. . f heterogeneous groups with homogeneous contents, 
The result of cluster analysis is a number ot 1et,.. .. , 

the groups, but the individuals within a single 
where there are substantial differences between e ' 

group are similar [21] 
23 
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2.4.1 Advantages of cluster analysis 
The main advantages of the cluster analysis are: 

• Discovering types. 

% Reducing the number of cases by abli enat ling consideration of several types instead of 
numerous records. 

2.4.2 What Is a Good Clustering? 
A good clustering method will produce high q al ·ty 1 • . . . . . . . u 1 clusters in wluch 1he intra-class similarity is 
high, and the inter-class similarity is low, see Figure 2.17, 

Intra-cluster 
distances are 
minimized 

Inter-cluster 
distances are 
maximized 

Figure 2.17 Distances of intra and inter classes [22] 

The quality of a clustering result also depends on both the similarity measure is used by the 
method and its implementation, and the definition and representation of cluster is chosen. 

2.4.3 Problems and challenges of clustering 

There are a number of problems with clustering. Some of them [22]: 

• Dealing with large number of data items can be challenging because of time complexity. 

• The effectiveness of the method depends on the definition of distance". 

• The result of the clustering algorithm can be interpreted in different ways. 

24 
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2.4.4 Clustering Algorithms 
Clustering algorithms may be classified as [22] 

• Exclusive Clustering, such as K-means. 

• Overlapping Clustering, such as Fuzzy C-means. 

• Hierarchical Clustering, such as Agglomerative Hi hi al . erarc 1c clustenng. 
• Probabilistic Clustering, such as Mixture of Gaussian. 

In this project the hierarchical clustering algorithm will be used. So the next sections will be 
talked about the Hierarchical clustering. 

2.4.5 Hierarchical clustering methods 

Hierarchical clustering is a method of cluster analysis which aims to build a hierarchy of clusters 

(tree) ". Each node ( cluster) in the tree ( except for the leaf nodes) is the union of its children 
(sub cluster), and the root of the tree are singleton clusters of individual often, but not always, the 

leaves of the tree are singleton clusters of individual data objects [21]. 

A hierarchical clustering is represented graphically using a tree-like a diagram called 

dendrogram. 

A dendrogram is a tree for visual classification of similarity, commonly used in Biology for 

grouping species, and it shows a hierarchy and the relation of subsets in a structure [23]. 

The dendro gram of average group linkage method as in Figure 2.17: 
Dendrogram(Average group linage) 

4500 ---------------------7 
4000 

3500 

300 

~ 2500 

~ 
5 2000 

1500 

1 000 

"]A,llfAllals±»a 1 7 7 13 20 s 11 16 
g is 2 4 io is 21 12 

o ·, 3 s s H 10 22 oup linkage 
p· 2 18 Dendrogram of average gr 

1gure... method [24] 
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Hierarchical clustering follows one oft wo approaches [25]: 

• Agglomerative methods: h eacl observation sta · rts as a cluster d · h 
observations to form clusters until the i% and with each step merge 

ere IS only one lar I . button-up. I£€ cluster. This approach is called 

• Divisive methods: all observations start with one large cluster and d · • 
smaller clusters items that are most dissiril proceed to split into 1ss1mlar. This :ch · approact 1s called top-down. 

Figure 2.18 illustrates the difference betwe th en e two approaches. 

Step O Step I Step 2 Step 3 Step 4 ' '-LI- 8Ell0merative 
(AGNES) 

ab 

Step 4 Step 3 Step 2 Step I Step 0 
divisive 
(DIANA) 

Figure 2.19 The two approaches of hierarchical clustering [26] 
AGNES method merges clusters until there is only one cluster, where 
DIANA method starts from one cluster and splits into smaller clusters. 

Agglomerative hierarchical clustering technique will be used in this project, so in this section we 

will focus on this method. 

To form clusters using an agglomerative hierarchical cluster analysis, you should select [27]: 

• A criterion for determining similarity or distance between cases. 

• A criterion for determining which clusters are merged at successive steps. 

• The number of clusters you need to represent your data. 

26 
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The algorithm of the basic agglomerative hierarchical 1 . . 

clustering is explained in Algorithm 2.5 

compute the Linkage criteria (pro uh.>---------------------% 
Algorithm 2.5 , 

While (more than one cluster) 

{ Merge the closest two clusters. 

Update the linkage to reflect the linkage between the new cl ·ten d h · · l us ran t e orgina 
cluster} 

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

To decide which clusters should be combined, or where a cluster should be split, a measure of 

dissimilarity between sets of observations is required because of the similarity is fundamental to 

the definition of a cluster, a measure of the similarity between pairs of observations drawn from 

the same feature is necessary to most clustering algorithms. Because of the variety of feature 
types and scales, the distance measure should be chosen carefully. 

To achieve that there are two measures are used [28]: 

o In most me1h.ods of hierarchical clustering an appropriate metric is used which is a measure 

of distance between pairs of observations, such as: 

✓ Euclidean distance: it is often used in hierarchical clustering, the formula is: 

Euclidean distance (d,s) =/2@,- b)} (2-4) 

✓ Squared Euclidean distance, the formula is: 

• o} Squared Euclidean distance(da) Z/ 
i 

(2-5) 

. . ·11 b ed as distance metric. In this project a Euclidean distance WI e us 
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• Linkage Functions: 

Linkage functions computes the dissimilarity between two groups of data points, Some 

commonly used linkage criteria between two sets of observations are: Single linkage (MIN), 
Complete linkage (MAX) and Group Average [21]: 

1) Single linkage: it is used to describe minimum distance between two groups, see Figure 
2.19 

.\% 
Figure 2.20 Single linkage [21] 

Single linkage describes the minimum distance 
between two clusters 

It can handle non-elliptical shapes but it is sensitive to noise and outliers. 

2) Complete linkage: it is used to describe maximum distance between two groups, see 

Figure 2.20 

Figure 2.21 Complete linkage [21] . 
• th aximum distance Complete linkage descnbes e m 

between two clusters 

. . d outliers but it tends to break large clusters. It is less susceptible to nmse an 

. distance between two groups, see Figure . . d to descnbe average 3) Group average :it is use 

2.21 

. re 2.22 Group average [21] 
Fig,,crbes the average distance 

Group average lusters 
between two c u 
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poise and outliers. Complete linkage, and it is less tibl susceptl e to 

When drawing a dendrogram for co . mputmng the dissimil · 
using three types oflinkage functions th d anty between two groups of data points 

e endogram . was as Figure 2.22: 

Single Linkage ,"ewes 1 Average Linkage 

r ,=--=---=---=--=--=-==---=--=---=--=~- 

Figure 2.23 Dendrogram of the linkage types 
First image represents the dendrogram of the single 
linkage, the middle for the complete, and the last for 

the average linkage [29] 

In this project an average linkage will be used as linkage criteria. 

2.4 Summary 
This chapter included an introduction about the main morphological features of plant leaf, and 

the main characteristics of the tomato leaf, also this chapter included the difference between 

simple and compound leaf In the second section, we made a review on the image processing part 

which is required for the implementation of this project. First, different color models were 

introduced including RGB, grayscale and binary images. Second, the basic morphological 

features were introduced erosion, dilation, opening, and closing. Then, the connected component 

algorithm was discussed. Finally a cluster analysis, hierarchal clustering methods were covered. 
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3.1 Overview 
This chapter contains a summary of some important contributions related to leaf classification. 
The chapter includes different methods to extract the feature th th d 

1 
· th d 

S, le met iolologies at were use 
to extract the features from plant leaf In the final section of this chapter, the importance of these 
works is presented in this project. 

3.2 Extracting features from plant leaf 

There are many methodologies to extract features from simple plant leaf in the literature in order 

to classify plants. These methodologies differ in the way of studying the features were extracted, 

but most of the papers agree on how the image is pre-processed before the features are extracted. 

3.2.1 Pre-processing image 
The methodology that was used to pre-process included: 

1) The image was acquired by scanners or digital cameras. 

2) Converting RGB image to binary image: The color of the image was converted firstly 

from RGB to grayscale using Formula 2-3. 

. rt d from grayscale to binary using suitable threshold (T), as in Then image was converte 

Algorithm 2-1. 

3) A filter was applied to eliminate noises in the image. 

The whole operation is demonstrated in Figure 3 .1. 

A1l/llY ►~ ► smoot:ng ,,., grayscale to binary 

. le (Xu et al., 2007, p.2) [31] 
Figure 3.1 Pre-processing examp! 
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3,2.2 Extracted features from simple plant leaf 

There are different leaf features were extracted in the lit 
1terature, some of these features are: 

First: Extracting morphological and geometrical features from plant leaf 

Some geometrical features were extracted in literature works are (Xu, et al., 2007, p.2) [31]: 

I) Diameter (D): the diameter is defined as the longest distance between any two points on 
the margin of the leaf 

2) Physiological Length (Lp ): physiological Length is defined as the distance between the 
two terminals. This feature is only the feature was needed the human interfered to detect 
the two terminals of the main vein of the leaf via mouse click. Is defined as the 
physiological length. 

3) Physiological Width (Wp ): drawing a line passing through the two terminals of the main 

vein, one can plot infinite lines orthogonal to that line. The number of intersection pairs 

between those lines and the leaf margin is also infinite. The longest distance between 

points of those intersection pairs is defined at the physiological width. The relationship 

between physiological length and physiological width is illustrated in Figure 3 .2. 

\ ~--- physiological width > .° 

\ 
1m' _,, - · - - - - two terminals of 
{-' mhemain vein 

p· 3 2 Relationship between physiological width 
[,asoeca tab we, a at, 20on,p9 2 D 

ti the number of pixels of binary value 1 
4) Leaf Area (A): leaf area is calculated by countng 

on smoothed leaf image. 
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5) Leaf Perimeter (P): leaf perimeter is calculated by counting the number of pixels 
consisting leaf margin. 

These geometrical features help to extract the morphological features of plant leaf, so some 

morphological features are defined based on geometrical features are (Xu, et al., 2007, p.2) [31]: 

1) Smooth factor: the effect of noises to image area was used to describe the smoothness of 

leaf image. The smooth factor is defined as the ratio between area ofleaf image smoothed 

by 5 x 5 rectangular averaging filter and the one smoothed by 2 x» 2 rectangular averaging 
filter. 

2) Aspect ratio: the aspect ratio is defined as the ratio of physiological length to 

physiological width, it is defined as Formula (3-1) 

Ill 

. Lp 
Aspect ratio 77, (3- 1) 

3) Form factor: the form factor is used to describe how the shape of the leaf is different from 

a circle, it is defined as Formula (3-2) 

41A (3-2) Form factor =p 

u1 ·ty· tangularity is used to describes how the shape of the leaf is different 4) Rectang an . rec 
from a rectangle, it is defined as Formula(3-3) 

L% W» 
Rectangularity = A (3- 3) 

th ti between the diameter of the leaf and 5) Narrow factor: narrow factor is defined as era o 
• defined as Formula(3-4) the physiological length, it is le 

D 
Narrow factor = Lp 

(3-4) 

. d' ameter and calculated as Formula . · itio of penmeter to I , 
6) ti of diameter: ra Penmeter ra 10 

(3-5) 
p 

f d" meter== - Perimeter ratio ot 1ai D 

(3-- 5) 
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7) Perimeter ratio of physiological length d . . . 

. an physiological width: this feature is 
defined as the ratio of leaf perimeter d th 

an e sum of physiological length and 
physiological width, thus as Formula (3-6) 

Perimeter ratio of Lp and Wp= P 
Lp + W% (3-69 

8) Vein features: by performing morphological opening on grayscale image with flat, 
disk-shaped structuring element, the results look like the vein. 

9) Image Thresholding: Thresholding separates the leaves from their background creating 

binary image that facilitates feature extraction and evaluation. 

IO) Determination of the Center of Gravity: For a leaf surface is described by function f(m, 

n), consisting ofN pixels, the Center of Gravity coordinates (m*, n*) can be calculated as 

Formula (3-7) 

+ 2 2­ 
(m,n)ER 

(3 - 7) 

11) Moments of Inertia: the moments of inertia for binary image defined with respect to the 

center of gravity of the leaf as Formula (3-8) 

'y"7- m+" G-n9® Ha Zs/ o 
I J 

(3--8) 

Wherep, q = 0,1,2. 
. . d b sing the following functions: 12) Then, the leaf oriented which is determine y u 

1(0) = L L[(n - n *) cos(0)- (m- m +)sin (0)]2 (3 - 9) 

Where the I is array of0. Resulting in following angle0: 

:.,,[_] 
0=, tan [,» Ho2 

(3-- 10) 
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Second: Extracting general visual and domain related visual features from plant leaf 

General visual features used to describe common features of all images without related to specific 

type, or content of the image, such as color, texture and shape. While, domain features related to 
visual features more important of leaf classification. 

After combining these two types, three aspects of leaf features were studied. These aspects are 
(Wu, et al., 2006, p.6) [32]: 

1) Leaf shape: Four visual features are defined to represent the shape ofleaf: 

• Slimness: This is the ratio of length to width of leaf This feature is similar to the aspect 
ratio in Equation 3-1. 

• Roundness: express the extent to which the shape is circle. This feature is equivalents to 

form factor in Equation 3-2. 

• Solidity: the ratio of internal area to external (Figure 3 .3 ), defined as Formula (3-11) 

S1 
Shape Solidity= SZ ( 3-11) 

external border 

- - - -- S1 · 
"T"»_,.c-%-%%,, 
>2. 'S, 

% » » he 

internal border 

(Wu et al. 2006, p.6) [32] 
F. 3 4 Internal and external area , ., 1gure . 

dn is a rough description, so in order to 
1. and roun ess . 

• Moment invariants: slimness % <iants as shape descriptor in their 
. adopted moment invar describe the leaf shape in detail they 

method. 

Ill 
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uemuwemview 2) Leaf Dent: Four visual features are extracted t o represent leaf dent. These feature are: 
• Coarseness: this feature is e 

xpress of coarseness of the leaf . margm. 

• Size: this is a large scale of l f d eat tent appear. 

• Angle: it is measured by the ext reme value at each scale. 

• Sharpness ofleaf. 

3)Leaf Vein: the venation of main vein and se . . · ·condary vein give the structure of whole plan 
by analyzing the venation, more characteristic of leaf obtai :d S ' . me . o two features are used 
to represent this aspect: 

• Ramification: The numbe f ifi,° · . . er o: rami' cation is used to measure the complexity of 
venation. 

• Camber: express of the degree of crook of main vein. 

3.3 Important contributions related to leaf classification 
A lot of efforts have been directed towards the extracting features from simple plant leaf, and 

many techniques and technologies have been utilized in an attempt to achieve this process with 

minimum error and computational complexity. 

In their work, Panayiotis et al. 2005 [30], used artificial vision system and extracting geometrical 

and morphological features from simple plant leaves in order to early diagnosis plant diseases. 

Their proposed system includes: an artificial vision system (frame grabber and camera), image 

processing algorithm implemented in Lab View ( operating under the control of proposed GUI 
that use image processing libraries), and a feed-forward neural network based classifier 

implemented in MatLab. 

This paper applied fuzzy surface technique that is used for building fast model of system from 
subset f d"d c-. Th posed system was able to automated image capture, counting 

o1 candidate features. ie pIO 

th d 
h logical classification for holes. 

e number of leaves for each category an morph0l0£ 
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' Ueowomwew The system provides description and eval . uatJ.on of overall . 
Graphical Users Interface was developed to . image processing system by (GUI) 

· obtain efficient int . . 
programs, GUI was designed using visual · teraction image processing 

programming in MatLab. L . 
to control the camera and frame-grabber p , abview and IMAQ libraries arameters. (See Fi . gure 3.4 for more illustration) 

1111 

s?CT:TADS 

Peve a.Aa ] 
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~e=>.h!ll(:J,.."'C 
71.t.'U-l.A. ~rw u.i,:n:.llOV 

Figure 3.4 the Graphical Users Interface (3oJ 

In any case, vary high classification success was achieved at about 99%. 

In their work, Wu, et al. 2006 [32] depended on extracting general visual and domain related 

visual features from plant leaf After the feature extraction the researcher used the feed-forward 

back-propagation neural network to recognize. 

The recognition system in C++ has been implemented on a PC (CPU: PIV 2.6GHz, RAM: 

512M). Using 1200 leaf images, the average time recognizing one image is about 0.45 seconds 

and the training time is about 12.3 seconds. 

In their work, Xu et al. 2007 [31 ], depended on the geometrical and morphological features to be 

extracted. 
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After processing image, researcher applied n b 

umber of steps to :l: ·ify 
[eaves, these steps included: lassit plant based on their 

1111 

1. Principal computer analysis (PCA) ,The PCA i . 
. . . s used to present the mformation of ori . nal 

data as the linear combination of certain 1 · • gt 
mear irrelevant variable, in mathematically the 

PCA convert the data to a new coordinate t sys em each coordinate is called PCA 
2. Train for Probabilistic Neural Network (PNN). 
3. Test for PNN. 
4. Display and compare results. 

After this method is applied, the researcher team arrived to thi ;h, ­ 1s cOnc/us1on: 

The computer can classify 32 kinds of plants via the leaf images that loaded by digital cameras or 

scanners. When compare PNN with other method it finds the PNN is fast speed on training, easy 

in implementation and simple structure. 

12 features are extracted and processed by PCA then input vector of PNN. The result of this 

algorithm was accuracy greater than 90% on 32 kinds of plants. Future work is under 

consideration to improve it. 

Some of previous works related to extracted features from plant leaf have many shortage in 

different sides, all of the previous works depended on simple plant leaf to extract features. 

Although Panayiotis et al. 2005 [30] solved a problem of holes, but he faced a problem to add 

and abstract suitable features each time. Wu, et al. 2006 [32] the problem of their work is the 

lack of representation of domain features of leaves. Xu, et al. 2006 [31] can't get rid of the user 

intervention in extracting features. 
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3.4 Importance of literature review i thi . n 1is project 
Although many of previous works emphasized on tr . 

. ex acting features from simple leaves and not 
compound leaves, they give the project important · f1 . 

m ormatton, some of these information are: 

1) The leaflet of a compound leaf is simple leaf 
'so some methodologies in these papers can 

be followed to extract important features from leaflet. 

2) These works presented to this project important fc · b m ormation a out the drawbacks of 
previous works, some of them mentioned in chapter on d th · · e, an e important improvements 
that will be in the future works. 

3.5 Summary 
This chapter contained a summary ofliterature reviews related to this project. Firstly, the method 

that was used to pre-process image was introduced in this chapter. Then, the main two different 

ways to classify features that were extracted from plant leaf were discussed in the previous 

section in this chapter, these two ways are: extracting morphological a geometrical features of 

plant leaf, and extracting general visual and domain related visual features. 

In addition, the chapter handles the main contributions to the previous work, and the importance 

of these contributions in features extraction of compound plant leaf project. 

39 



a 

7 Chapter Four 

Methodology 
Contents 

4.1 Overview 

4.2 Preparation phase for implementation of the project 

4.2.1 Collecting images of tomato leaves 

4.2.2 Using MATLAB® to simulate a project 

4.2.3 Defining the requirements of assumptions 

4.3 The Detailed Diagram of the Project's Methodology 

4.4 Pre-processing image to extract the features 

4.5 The main features of the compound leaf 

4.5.1 Global features 

4.5.2 Local features 
4. 6 Verifying the importance of extracted features 

4. 6 .1 Matching Features 

4.6.2 Clustering analysis of plant leaves 

4.7 Summary 



0 Chapter Four 

' lo0ol08Y 
4.1 Overview 
This chapter covers the methodology that we used in h. . 

this project to extract the features of the 
compound leaves. The chapter includes the preparati 5h . 

. . . a ion ph ases to implement this project; the 
tools were used in this project, and the methods were used to ·ify ad val 

o ven an ev uate the extracted 
features. These methods are: identifying a point of matching and hic chical cl % 5+ 1erarchi1cal clustering o1 tlie 
plant leaf 

4.2 Preparation phases for implementation of the project 
The first step of this project, is studying the previous works related to features extraction from 

plant leaf, through reading many papers that talked about features extraction of plant leaf as 

mention viewed in Chapter 3. Then we are consulting an expert in the field of plant to do so we 

relied on the second supervisor who works at the Biotechnology Training and Research Unit in 

Palestine Polytechnic University. He plays an important role in evaluating the features that can be 

extracted from compound leaf. 

After that there are many phases are followed before implementing the project, such as 

collecting images of tomato leaf, using MATLAB® to implement a project, and Defining the 

requirements of project. These phases are explained in this section 

4.2.1 Collecting images of tomato leaves 
d · this ·roject, the second step of this project 1s 

Because a tomato leaf is taken as a case stu Y m P ~ ' 
. es are obtained from online database of (111) 

collecting images for tomato leaves. These 1mag 

leaves of different types [9]. 

4.2.2 U . MATLAB® to implement a project . . . 
sing 3@ +proposed to be used in this project. 

. MATLAB was • To study the feature extraction process, 
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MATLAB® "is a high-level language with an i t . . 

. . n eractive envuonment that enabl 
computationally intensive tasks faster than with tradis> Jes us to perform 

a 1tional progra · 1 
d FORTRAN." [33] B · h mmmg anguages such as C, c++ an · ·ecauseit as many predefined fu . e inctions. 

The Image Processing Toolbox found in MATLAB@·- 7 ,- 
is a collection of functions that extends the 

capability of the MATLAB® and supports a wide ran f • . . 
. . ge O image processmg operations, such as: 

geometric operations, neighborhood and block operations 1 · fil . . . ,unear (tering and filter design, image 
analysis and enhancement, binary image operations and reg· f · . > 1on o mterest operations [34]. 

In other hand, Statistics Toolbox provides a comprehensive set ftc ls tc id de id o oo s o assess an un erstan 
data. Statistics Toolbox includes functions and interactive tools for modeling data, analyzing 

historical trends, simulating systems, developing statistical algorithms, and others [35]. 

4.2.3 Defining the requirements of project 

Before talking about the methodology of this project, it should be emphasized that the accuracy 

of the features will be extracted depending on the image of the leaf, so in order to make the 

features extraction more accurate and effective by defining the requirements of project on these 

images were assumed. 

These requirements are: 

1. 

2. 

3, 

4. 

5 
6 

The leaves should be digitized using a scanner. Although we use digital images, so we 

assume that the user who will work on the system in the future should scan the leaf first. 

The image should be a complete leaf of plant and not leaflet. 
The leaflets of compound leaf should not be overlaps; this can be adjusted manually by 

the user during the scanning process. 
. ld b ' RGB format and the leaves should be isolated from any The image shoul ve in 

background. 
. d be 800 x 600 pixels in this project. 

The resolution of the image shoul e 

Th · · · the direction of leaves. ere is no restriction on 
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4.3 The Detailed diagram of the project's methodology 
The diagram in Figure 4.1 describes and summarizes the methodology is used in this project. All 
of the steps will be described and explained in this chapter. 

Capturing 

Processing 
image to 
enhance it 

Extracting the 
features 

Hierarchal 
Clustenng 

$ 
l Image (RGB color ) 

Converting color 
model to binary 

Using open 
] operation to reduce j­ 

the noise 

Applying dilation 
operation to 

eliminate the rachis 
I Rotating the leaf into 

s] vertical orientation 

e Enhanced image 

NY 

Extracting global 
features 

Extracting local features 

l Number of small 
and large leaflets 

The general 
structure of the 

leaf 

The angles l Perimeter of the 
between leaflets leaflets 

and Y-axis p 

J I Aspect ratio I Form factor of the 
leaflets , =,,..as\[@@y] I Area of leaflets the leaflets 

features 
features 

Preparing 
distance 
matrix 

tm. g the Euclidean Compu -h 
between eact L j distances 

pairs of features 

' Drawing 
dendrogram 

,--------- . gatreefrom i---­ Creatin 
the calculated 
distances 
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Matching 

Finding points 
of matching 

k. Comparing the 
1 Determining features [ 

thresholds of matching 

Figure 4.1 Detailed diagram of the methodology 

4.4 Pre-processing image to extract the features 
Before extracting features, some processes are needed on the image to help in the extracting 
features. These processes include: 

I. Reading the leaf image (RGB model): the image should be entered into the system in RGB 

model. 

2. Converting image from RGB to binary image: to do some image processing techniques, 

image should be converted into binary image, through grayscale using Formula 2-3 and 
Algorithm 2.1. 

3. Using the open morphological operation to reduce the noise. 
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Rotating the leaf into vertical orientation, and finding the center of the leaf using Formula 3- 4. 
8. 

---------- ---------------------------------. I o4 Find the center of gravity Algorithm4.1 I 

{ or i= 0 to image Width 

For j =0 to image Height 

If(BW(i, j) is white) 

X_Sum =X_Sum +i 

Y_Sum= Y_Sum+j 

Count = Count + 1 

Endif 

: EndFor 
I 
I 
+ End For 
I 

: X leafCenter = X_Sum /Count [ 
I 

: y leafCenter =Y Sum I Count 
p 
I 
I 
I 
I 

% Find the moment of inertia I 
I 
I 

: For each white pixel in image 
I 
I 

' Find W1.a 
I 

I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 

I 
I 
I 
I 
I 
I 
I 
I 
I I I 

I I 1 EndFor , 
I I 

' Theta-=0.5 an(2Fa/(Was - Hoa)) } 
I I 

: Rotate image by theta • 
I --------- ---- I -------- 
1 ---------- ·---------------- 

Find W2. 

Find Ho,z 
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5 Applying the dilation morphological . · operation many times :. • 

rachis of the compound leaf. on binary image to eliminate the 

,------ --------------- 
For i= 0 to threshold ------------------------------, 

Algorithm 4 .2 
dilation/mage = imdilate(openlmage %) , Sey 

I 
I 
' End For 
I 

~------------------------------ I 
_______________________________ : 

4.5 The main features of compound leaf 
As mentioned in Chapter 2, the compound leaf contains a number of simple leaves (leaflets) that 

make the process of extracting features from compound leaf is more difficult than simple leaf, 

because we should detect the relationship's positions between leaflets. 

In this project, we have defined two types of features: global features which are extracted from 

the compound leaf as a whole, and local features which are extracted from each leaflet in the 

compound leaf The following is an explanation of each part. 

4.5.1 Global features 
The global features have two components: the number of leaflets and the general structure of the 

plant. 

First: The number of small and large leaflets: 

To find the number of leaflets in an image, the connected component (it is explained in Chapter 

1 · th te chnique each leaflet will be a connected 
2) technique will be used, because after applying e ec 

component. 
t th number of small and large leaflets from the 

To make a more distinctive feature, we can count ie f h 1 afl d 
t d by knowing the area o eac e et, an 

connected components. This feature should be extrace afl 
. the area of small and large le ets. 

by using a good threshold that helps to determine 
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!" odolox 
To find the number of small and large leaflets th b , e elow algorithm ill b 

______ - - - - - - - - - _ _ _ _ _ _ _ _ Wl e followed: 
f re tabel for each leaflet black ana whii,577--------------­ 1 age(x) =----n 
1 Algorithm 4 3 
1 For i=I to number of leaflets · 
I 

j Area (i) =find area in x (label==i) 
I 'End For 
I 
I : If Area > threshold Then 
I 
1 Number large leaflets++; 
I 
I 
1 else 
I 
I 
1 Number small leaflets++; 
I 
I 

} End if 
I 
I 
I ~------------------------------------------------------------ 

Second: The general structure of the plant leaf 

After the leaf is rotated into the vertical orientation, the general structure of the plant leaf can be 

achieved. Firstly, the center of each leaflet should be detected. Then, the structure ofleaf is built 

by establishing a graph of the leaflets. In Figure 4.2 each node represents the distance between 

the leaflet's center and the leafs center. Figure 4.2 illustrates this process. 

Each node Xcenter Ycenter 

ewe.[[[ ] 

F
. 4 2 Extracting the structure of the leaf 
1gure·.. iflets 

by establishing a graph of leallc 

47 

- 



0 OererFo 
Methodology 

To find the distances between the leaflets centers and the 
1 

d
. eaf center, the below algorithm will be 

fol lo wet. 

y7,,7-i o muber of teafteas------­ 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 

End For 
:_ - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - I 

centroid (i) =Find the center of the leaflet (i) 

X_center(i) =X_centroid(i)-X_leafCenter; 
Y_center(i)= Y_centroid(i)- Y_leaJCenter; 

4,5.2 Local features 

The local features are extracted from each leaflet. From Figure 4.2 we can establish a vector of 

features for each node. The vector contains some features were discussed in Chapter 3 such as the 

area, diameter, aspect-ratio, form factor, etc. Figure 4.3 illustrates the graph. 

Each node 
contain 

------ 

Xcenter Y center 

-- ----------------~ 

Feature extracts 
from leaflet 

Algorithm 4 .4 

Figure 4.3 Graph for featuryS of _ ... m, _ 

compound leaf 4l· ~~ ~~l-'~~ ,~,ts;f.t\1~?,~:0~. 
3- '% P:to st:a Pg:eic University 
~ ~ {PPU1 • r==-.~ .'f • , .. H #fuF 5jg {ib;ary &.Sit-- ·fora ] so 41 

u® 2482le... -±ave»v /J,cc. D 
······· ~,~J Class ~ 
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peatures will be extracted from each leaflet :- : In this project are: 

o Area of the leaflet: which is the number of . 
pixels represents the le af] e ea ets. 

% Perimeter of the leaflet: which is th b e number of th . 
leaflet. e pixels represents the boundary of the 

% The form factor of leaflet 

It can be described as how the shape of the leaflet ·- di et 1s lifferent from a circle. 

to id @w to fwr fl6"st 4w wow also6to ams totoss 
For i=I to number of leaflets - - - - - -- -- -- - -- ---- - - - - - - - - --- - 1 Algorithm 4.5 

Find the perimeter (i) 

Find the area (i) 

Form factor (i) = (4PI area (i))/ (perimeter (6) 2) 
I 
I 

1------------------------------------------------------------------~ 
End For 

• The physiological length and width of the leaflet 

The physiological length can be described as the distance between the two tenninals of the main 

vein of the leaflet while the physiological width can be described as the longest distance between 

points of those intersection pairs of the leaflet. 

To find the physiological length and width of the leaflet, the below algorithm will be followed: 

-----:-- -- - - - - - - - - - - - - - - - - - - - - - - - - - - -- - - -- - - -- --- ----- - - --A.1--·~4 6--; 
For i=I to number of leaflets gon · : I 

Put each leaflet in ellipse 

Physiological length (i) =Find the major axis of the ellipse () 

Physiological width (i) =Find the minor axis of the ellipse {i) 

End For 
I 

------------- 
------------------------------------------------- 
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, The aspect ratio of the leaflet 
Methodology 

It is the ratio of physical length to physical . d 
WI th of the leaflet. 

To find the aspect ratio of the leaflet, the bel > elow algorithm will be f 
- - - - - - - - - - - - - - - - - - - --- followed; 

['r,,- =1 to number of leaflets'------------------­ [ "wow 

1 
' Aspect ratio (i) = physiological length (i) / . i /physiological width (i) 

}End For 
I ~-------- ------------ -------- ---------- ----- 

----- Nor i3 
I 
I 
I 
I 
I 
I 
I ________________ : 

, The rectangularity of the leaflet 

It is used to describe how the shape of the leafl t · d'ffi e IS I erent from a rectangle. 
,--------------------------- !For i=I to number of leaflets - - - - - - - - -- - - - - - - - -- - - - -- -- - - - - - --- - - - - -- - i Algorithm 4.8 1 

I : 

j Rectangularity (i) = (physiological length(i) physiological width(i))/area(i) { 
I I 

: End For : 
I I ---------- - - - - - - - -- - - - - --- - - ----- ----- -------- : 

4.6 Verifying the importance of extracted features 

After talking about extracting the main features of compound leaf, it should be verified that 

extracted features play an important role in representing the leaves by using two important 
processes on the same type of plant (Tomato as a case study in this project): matching features 

between two compound leaves and clustering analysis for compound leaves. The following is an 

explanation of each part. 

so 
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,6.1 Matching features 

fler extracting the main features of compound le 
af, the first way to mak 

features from the leaf reflects the leaf, is matchin e sure that the extracted 8 features between t 
sed to search for matchmg between two co wo compound leaves. It is 

us mpound leaves der 1di 
compound leaf. pen mg on previous features of 

Methodology 

Choosing suitable thresholds is very important to d 
d 1 

etermme the degree of matching between 
compoun teaves. 

The most important feature in matching process is the · ti f . pos1 on o each leaflet and they should be 
close together then companng the main features is start d b e etween compound leaves. These 
features are angle of each leaflet, form factor aspect ratio. and t 1 . , , rec angu anty. 

To find matched leaflets between two images of compound leaves, the below algorithm will be 

followed: -- --------------------------------------, For i=I to number of leaflets in image] Algorithm4.9 

For j= 1 to number of leaflets in image2 

If (-1 threshold 1< X-center (i) and X-center (j) <threshold l) and 
(-1 * threshold] <Y -center (i) and Y-center (j) < threshold]) Then 

If (-1 threshold2 < Angel (i) and Angle (j) <threshold2) Then 
If (-1 threshold3< Form factor (i) and Form factor (j) < threshold3) Then 
If (-1 threshold4< Aspect ratio (i) and Aspect ratio {j) < threshold4) Then 
If (-1 * threshold5< Rectangularity {i) and Rectangularity (j) < threshold5) Then 

Matching was done 

End if 
End if 

End if 
End if 

I End if 
I 

: End For End For ------------- --- 
'-.n---------7.,atched leaflets on the number ii& as 3rag a&&i y wane ic bar ofmate® 
f umber of leaflets. 

Of leaflets belongs to the leaf which has lowest n 
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► After extracting features from each 1 . 
.: : leaflet in each leaf, th 

this matrix is a three dimension ' 3e features are stored i- +· array . The first ind e in matrix; 
number, the next index indicates t th ex of the array indicates to th 1 af 

o e leaflet number . . e e 
indicates to the features. Algorithm4.10. 'n this leaf and the last ind . shows th . ex 

- - - - - - - - - - - - - - g goo - - - - - e stonng featu 
1
-J b . - - - - - - - - - - _ _ _ res process: 

For = numver of leaves in the sample -------------------------- . -, 
ForJ=l .number of leaflet in I leaf Algonthm4.10 

LeajletJeatures (I, J, l)=area {J) 

LeajletJeatures (I, J, 2) =perimeter (J); 
LeajletJeatures (I, J, 3) =X_center(J); 

LeajletJeatures(I, J, 4)=Y_center(J); 
LeajletJeatures(I, J, 5) =angle (J); 

LeajletJeatures(I, J, 6)= form _factor(J); 

LeajletJeatures(I, J, 7) =aspect_ratio(J); 
LeajletJeatures(I, J, 8)=rectangularity(J); 

Leaflet Jeatures{l, J, 9)= large_leaflets(J); 

LeajletJeatures{l, J, 10)=small_leaflets(J); 

End J I 

End I I -------------------·----------------------------------------~ 
> Then, each leaflet is compared to other leaflets in other leaves using Euclidean distance 

of leaflet's features, In Figure 4.4 Leaflet I in Leaf I compared with each leaflet in the 

database and using the Euclidean distance to find the distance between each two leaflets' 

features, which called a Mean Square Error (MSE). This process is applied on each 

leaflet in the database. See Figure 4.4. 
Leaf 1 MSE 

MSE 

.Am» 8 , 
~ 

Figure 4.4 Finding the distance between caGll 
two leaflets in the sampl© 
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4 42 Clustering analysis of plant 1 • · eaves 

The second way to verify the import ance of 
clustering of the plant leaves. 

Methodology 

extracted features fro m the compound leaf is a 

Clustering process of the plant leaves sho . ws if the extracted f 
the groups of plant from each in the sam 1 eatures can be used to distin . h e P ant leaf (t gms 

; dt tomato plant thi 
clustering process uses to re uce the numb f m IS project) also th ers o the plant' , e s types to help in the classifi ° s1 cation 

goth local and global features are used in this Is process and all f 
in the same range (0-1 ). ' eatures are normalized to become 

Jn this project a hierarchal clustering method· d IS use on the plant le . 
followed in this project to do a clustering pro aves, the following steps are cess: 

> Preparing the distance matrix of the leaves. 

> Choosing the suitable distance metric. 

> Choosing the suitable linkage function. 

► Drawing a dendrogram of the clusters. 

Each step will be explained in details. 

Preparing the distance matrix of the leaves: 

Before doing cluster process, the matrix of plant's features should be prepared .This matrix 

contains number of rows equals the number of leaves in the sample, each row contains the main 

features of the leaf (global and local features). 

In this project this phase is considered a difficult phase, because each leaf contains number of 
leaflets and each leaflet has number of features, in addition to this each leaf contains different 

number of leaflets .So the dimensionality of matrix will be variety and this is a main problem. 

All th · · 1 t pound leaf more difficult than 
ese reasons make the process of clustering in plant CO!l 

simple leaf. 

To · : rared as follow: 
Overcome these problems, the distance matrix is pIeoP 
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Algorithm 4.11 shows this process. 

.,7 Gick of teaves in the sail>-­ I or ' 'P 
' orJ=I number of leaflet in I leaf 

For K=I number of leaves in the sample 
For M=I number of leaflet in K leaf 

For D=I to 10 

MSEI(D)= (Leaflet _features (1,J,D) -Leaflet _features (K, M, D)) 3, 

I 

I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 

I 
I 
I 
I 
I 
I 
I 
I 

End .J 
I 
I 
1 End! 
I 
I 

I I 

I ------------------------------------- ~------------------------ 

---------------, 
Algorithm 4.11 ( 

I 
I 
I 
I 
I 
I 
I 
I 
I 
I 

End D 
Average =sqrt(sum(MSE I)); 

MSE2(M) =Average; 

End M 

End K 
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Q"" ®hodology ► After this, the minimum distance betwe 
. en each leaflet in the le 

taken and stored, Figure 4.5 shows this ste af and other leaves is p. 

Min distance 

Figure 4.5 The minimum distance between 
each leaflet and other leaves 

> Then, a matrix contains the minimum of distances between each leaflet in the leaf and 

other leaves is prepared for each leaflet. See Figure 4.6. 

' 
Min distance 4 
Min distance • ~ 

«Al, - .. 
•• 

. Mini. distance between each Figure 4.6 mum 
leaflet in one leaf and other leaves 
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► Next, the minimum distances between h 

eact leaf and others . . 
See Figure 4.7. is stored in another matrix. 

wwasamwce 
~~ 

a? 
~ 

Figure 4. 7 The minimum distance between 
each two leaves 

These steps enabled us to find the matrix of leaves' features, this square matrix was contained 

the following data as in Table 4.1. Rows and columns of matrix correspond to objects (leaves). 

Table 4.1 The squared matrix of the features of the plant leaves 

~I g ] ~ 
jggas» II n ~J D Min distance 

Min distance Min distance ................ Between leaf 1 
Between leaf I Between leaf 1 
and I (always 0) and2 andn 

Min distance Min distance LJ Min distance 
................. Between leaf 2 

Between leaf 2 Between leaf 2 andn 
and 1 and 2 (always O) □ ·············· ................. ............... 

. . . . . . . . . . . . . . 

Min distance 

CJ Min distance Min distance ................ Between leaf n 
Between leaf n Between leaf n and n (always 0) 

and 1 and2 
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posing the suitable distance metric 
Methodology 

The cluster process starts from choosing th . ·· e suitable distance 
this project an Euclidean distance betwee · metric between a . . D pairs of objece % !air of objects. In 

J csmth . . e previous matri 
r,6sing the suitable linkage criteria US chosen. 

As mentioned in Chapter 2, the linkage fun . · 1ctions create an a . 
tree from the distances generated by the metric. In thi agglomerative hierarchical cluster 

s project an average linka . ge 1s used. 

Drawing a dendrogram of the clusters 

The final step is drawing a dendrogram of h · h" uerarchical cluster tree . 
function. is represented by linkage 

The previous three steps can be summarized in Al · h gont m4.12. 
,------ ------------------------- jE_distance=compute Euclidean distance(feature",,,, ,,,7;7-----------­ 
1 

ma IX, uc 1dean '.) Algorithm 4.12 

: He tree =create a hierarchical cluster tree (E a· ~,., : '' o distance, 'average') 
: dendrogram(Hc_tree) 
I I ---------- - - - - - - -- - - - - -- - -- - - - ----------------- : 

4.7 Summary 
This chapter included the preparation phases for implementation of the project that contained: 

studying previous works related to this project, consulting an expert in the field of plant, 

collecting images of tomato leaves, and using MATLAB® to simulate a project. 

The proposed to be used to extract features from compound leaf was explained. These features 

can be extracted from compound leaf as a whole, such as: number of leaflets and the structure of 

leaf, and others, from each leaflet of compound leaf 
Th fro1 yund leaf was explained. These 

e Proposed to be used to verify extracted features m compo w d I aves depending on extracted 
ys are used to search for matching between two compoun e 

feat h · the same plant leaf 
ures, and to distinguish the groups of plant from eacl In 
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Experiments and Results 
Contents: 

5 .1 Overview 

5.2 Testing Environment 

5.3 Testing Sample 

5 .4 Experiments and Results 

5. 4 .1 Pre-processing Experiments and Results 

5. 4 .2 Extracting Features Experiments and Results 

5. 4. 3 Matching Plant Leaves Experiments and 

Results 

5.5 Summary 



er° mwts and Resuhus 0 __,.---- Experiments and Results 

;j Overview 
Chapter 4, a set of algorithms were developed to ar il th • 

In . . . PP Y em in the project, these alporithms converted into implementation code (see Appendix A) In . g 
at©'.. ) this chapter the experiments and 

lt Of these algonthms will be covered. 
resul IS 

h experiments will be done in three steps; pre-processing . . 
The experiments, extracting features 

eriments and verifying the features. The results of these expen·m ts ill b al . 
exp' en WI e so introduced 
in this chapter. 

Pre-processing experiments contain the testing of algorithms were explained in chapter 4 and 

experiments will be applied on a compound leaf image before extracting features from it, such 

as: converting the color model of the image and rotating the leafinto vertical orientation. 

Then the extracting features experiments will be applied to pre-process the compound leaf image 

to extract both global and local features. Finally experiment will be done to verify and evaluate 

the extracted features. 

5.2 Testing Environment 
· · · t lb and GUIDE (Graphical User The system is written using image processing, statistics too oxes 

. ) . MATLAB® It runs under windows platform. Interface Development Envtronment m · 

5.3 Testing Sample . d tab: [9], the 
ithms is taken from the onlme a ase , 

The sample that was chosen to test the algon s A dix B); all these 
af ft; m this database (see ppen , 

experiments were applied on 29 tomato le 0 

d in Chapter 4. leaves conformed the conditions were assume 

5.4 Experiments and Results . t steps: pre-processing, 
d Its for the projec Th . riments an resu 

e following sections contam the expet ts and results. 
fe .: features experire catures extraction and verifying the fea 
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_ Experiments and Results 

5 4 1 
pre-processing experiments and , · results 

g-processing image is a necessruy step bef 
re . ore extracting feature : 
neriments and results of this process the i es. So this section c t . 
e. ?> I1age processing toolbox in contains 
to do this process. The experiment process contains: MATLAB® was used 

1. Converting image from RGB to a binary image through . 
:MATLAB®. grayscale usmg suitable functions in 

'rgb2gray' function was used to convert from RGB image to gray al · sc e image as in Figure 5 .1. 

Figure 5.1 Converting RGB image of compound leaf 
into grayscale image. 

Then, to convert image from grayscale into binary, the first experiment was done using 'dither' 

function in MATLAB®, but the output image was not clear and contained noise as in Figure 5 .2. 

"· 

4 

lli" 
I · into Figure 5.2 Converting graysca ~ unage 

binary image with no1S© 
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to make the binary image more clear and 
So, . . accurate, we used the > 

cations in MATLAB®. The output image of th· . graythresh and im2bw 
full Is experiment b 
experiment as in Figure 5 .3. ecame clearer than the first 

Figure 5.3 Converting grayscale image 
into binary image with less noise 

2. Reducing the noise and closing the holes. 

This process was done using 'open' morphological operation to eliminate the rest of noises and 

closing any holes in the leaf See Figure 5.4 for more illustration. 

. . · .c. m image using Figure 5.4 Eliminating noise 11O! 
open morphological operation 
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Experiments and R l 
· th l af · t · · esults otating 1e lez 'into vertical orientati 

3. on, and findin; th g e center of the le f 

r O 
different methods were tested in ord a· w ' er to find th b 

di: the © 2est method 
,athod depending on 1e Formula 2-8, and s%% "U to rotate the leaf. The first 

· this method < 
,crammer, because it should be programn ed +» onsidered more difficul p . me entirely by him A . I c t to 
revious image, the result was as shown in Fi fter testing this method th 

p . . · 1gure 5.5, and the ou . on e 
rotate the image to vertical onentation, and it was 1 . tput angle is necessary into 

7.6036 in degree. 

Figure 5 .5 The image after rotation using the 
first method 

The second method depending on the ready function in MATLAB® called 'regionprops' by 
using an Orientation property of this function, but to apply this function the connected 

components in the image should be detected, so the whole leaf become often a single connected 

component(region ). 

Then the function computes the angle (in degrees ranging from -90 to 90 degrees) between the x­ 

axis and the major axis of the ellipse that has the same second-moments as the region. The 

output image of this experiment as in Figure 5.6, and the output angle is necessary to rotate the 

image into vertical orientation, and it was 20.6228 in degree. 
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Figure 5.6 The image after rotation using the 
second method 

As illustrate, The results of the two experiments were close. In this project the second method 

was adopted. 

4. Eliminating the rachis of the compound leaf. 

After number of experiments, have been reached that the most suitable number of 'dilation' 

morphological operation was 10 times on our sample to eliminate the rachis. The output image 

as in Figure 5. 7. 

F. 5 7 The leaf image without rachis 1gure ·. 
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Womens wd Results 
5,4.2 Extracting features experim t ents and results 
The features were tested on two phases· 1 b ' g o al features that 
whole, and local features that were extracted from were extracted from a leaf as a 

each leaflet of compound leaf. 

First: Global features 

• The number of small and large leaflets 

After testing connected component technique on b · . . . a nary 1mage, each leaflet had a distinctive 
label, it made possible to compute area for each 1 fl • . eatiet as in Figure 5.8, 

Figure 5 .8 leaflets of 
compound leaf 

After number of experiments have been reached for the most appropriate threshold to determine 

the area of small and large leaflets was (0.2e+004). Depending on this threshold in Figure 5.8 

the number oflarge leaflets was (5), and the number of small leaflets was (5). 
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• The distances between the center ofl fl 

ea et and the center of leaf 

After abstracting the center of each leaflet fl er rom the center f th lgij """®®=we 

I .8) 

Figure 5 .9 The distances between the 
center of each leaflet and the center of 

compound leaf. 

Second: Local features 

• The area and perimeter features were extracted from each leaflet of plant leaf. 

• Angles between leaflets and Y- axis 

After testing the second method was used to rotate the leaf on each leaflet, the results were as 

shown in Figure 5.10 

F
. 5.10 The angles between leaflets 
1gure . . 
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!" "ens ad Results 
• form factor of each leaflet 

After applying Algorithm 4.5, the results . 
appeared as m Figure 5 .11 

Figure 5.11 The form factor of each 
leaflet 

• The physical length and width of each leaflet 

After testing Algorithm 4.6, the results appeared as in Figure 5.12. 

Figure 5.12 The physical length and 
width of each leaflet 
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" mes ad Results % Aspect ratio of each leaflet 

After testing Algorithm 4.7, the results app ·d . . eare as m Figure 5.13 

Figure 5 .13 Aspect ratio of each leaflet 

• The rectangularity of each leaflet 

After applying Algorithm 4.8, the results appeared as in Figure 5.14. 

Figure 5.14 4j; 

leaflet 
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!' WO"ts ad Results 
4 3 Verifying extracted features exp . 

5.» erunents and results 

First: Matching plant leaves experiments and results 

The first steps to implement this process, were choosin; th . 
. g e suitable thresholds to determine the 

points of matching. 

After number of experiments, we found the best thresholds foll were as o ow: 

• The threshold was used to determine the center matching of leaflets (threshold! m 
Chapter 4) was 20. 

• The threshold was used to determine the angles matching of leaflets (threshold2 in 
Chapter 4) was 3. 

• The threshold was used to determine the form factor, aspect ratio and rectangularity 

matching of leaflets ( threshold3, threshold4 and thresholds in Chapter 4) was 0.10 

After applying these thresholds in Algorithm 4.9 on two similar leaf images to find the matched 

leaflets the system showed a perfect matching between the two leaves. For more illustration see 

Figure 5.15 

: 515 Matching between two Figure ·. 
similar compound leaves 
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Also, after applying these thresholds in Al . gorithm 4 9 on . 
,,tched leaflets the results appeared as in Fi' wo different leaf images to find th 1gure 5.16. o1inc 1e 

Figure 5.16 Matching between two 
different compound leaves 

The ratio of matching between these two leaves was 0.333 this number was resulting by dividing 3 

(number of matched leaflets) on 9 (number ofleaflets in the first leaf). 

These results conform to what we see in eye. 

After testing the matching algorithm on different images, we found that the algorithm gives a 

good results to find the points of matching. These results mean that the features were extracted 

in accurate way. 

Second: Hierarchical clustering experiments and results 

Hi h. · · d I contains 29 tomato leaf from different 
erarclical clustering expenments were one on sample 

types (see Appendix B). The Statistics Toolbox in MATLAB® was used in this process. The 

Hierarchical Clustering was done using the following steps: 
. . • of features was computed using the 

l. First the Euclidean distances between each pallS 

'pdist' Function. • :. using linkage' function. 
2. Creating a tree from the calculated distances 
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3. The output was drawn using the d d · endrogram' func­ ction. 

After applying the Hierarchical Clustering th on t e sampl e, we got the follo: wing result: 

3 

2.5 

2 

1.5 

0.5 

5 22 28 6 11 13 23 18 1 9 14 2 3 12 26 4 10 17 16 24 27 29 20 7 19 8 15 21 25 

Figure 5.17 Dendrogram represents the 
clustering of sampled tomato leaves 

Figure 5.17 shows the result of applying hierarchical clustering on the sample, this figure shows 

there are number of clusters in this sample, this number depending on when we want to cut the 

dendrogram at the proper level. 

The result on this figure is agreed to what we see in eye. Figure 5.18 shows an example of the 

two big clusters (Red and Blue). In this Figure we can see that the leaves in the blue cluster 
belongs to Potato Leaflet(PL) type that contains smooth edges and there are have a thick 

leaflets, belongs to Regular Leaflet(RL) type that contains a tootheed and symmetrical edges 
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Figure 5 .18 Three sample leaves from 
the two main clusters revealed by 

dendrogram 

The result of clustering confirms that the features that have been extracted in this project play an 

important role in the representation of the leafs shape in accurate way, and this result will help 

in the classification of the plant compound leaves. 

5.5 Summary 
This chapter contained the results of testing the algorithms were proposed in Chapter 

4 
, the 

results of pre-processing image, extracting features, matching plants leaf 

Th d th 1h me1hodology was used to extracted 
e results were illustrated in this chapter prove at e fe: nting plant compound leaves. 
atures from compound leaf gave good results in repres©ll 
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,i Overview 
1}tis chapter will state the achievements of the . system and the . 
,%ct. The second part of this chapter is talkir @in problems faced 5 pr mg about the future @ce us in the 

. t e work prop d proj POSed to improve this 

Conclusions and F 'WU®Woks 

(2 Conclusions 
Extracting features from a plant compound leaf i . . . . s a new approach i th 
,racessing. This project will open the way for studying '® he field of image Y g plants that have 
introducing a new way of features extraction d compound leaves by 
future. ' an consequently help in plant classification in the 

6,2.1 Project achievements 

In this point the main achievements of our project are d · d 1scussei and the ways of achieving it. 

• Proposing a methodology to extract features from compound leaf 

The project succeed in introducing a methodology to extract » It fr l 1ea ures om p ants compound 

leaf, both local and global features depending on image processing techniques. These 

features describe the leaf in a good way. 

• Reducing user intervention to extract features 

The main features in the previous researchs that depending on user were the physiological 

length and width. In this project these features are no longer dependent in the user, these 

features were extracted in this project depending on the axes of the ellipse contained the leaf 

• Finding the similarity in groups of plants that have compound leaves 

In this project we used a hierarichial clustering analysis to cluster the plant compound leaves 
· . . . f 1 hers of plant's types to help in 
Into similarity groups, in order to reduce the size of large nu!Tl 

classification. 
• F . , . computer vision to cluster plants with 

or this project we wrote a paper called Using PU 5 . d eometrical features', and we rum at 
compound leaves based on morphological an g 

publishing it in the recent future (See Appendix D) 
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2 project problems 
62. 

Problems faced us during implementing th' . 
fay IS project. Most of th 

d and others have been covered here. 1ese problems have been 
solve 

, Sample of study 

The main problem of this project was there is n ffi . 
. . o sut icient sample identical to conditions 

proposed in Chapter 4. This problem has not been abl 
e us to start in the working of 

classification. 

% Eliminating the rachis of the leaf, matching leaflets 

When elimenating the rachis in this project some small leaflets disapear, this because the 

number of 'dilation' morphological process is used to eleminiate the rachis of the leaf 

depending on the area of the leaf so the number should be dynamic. This project had been 

applied an appropriate thresould of the sample. This problem is similar to thy matching 

problem related to the thresoulds are used to find the points of matching. 

One suitable suggestion is provided here for solving this problem: 

► Making the number of dilation process changes depending on the area of the leaf, by 

dividing the area of the leaflet on the leaf area. 

• Scale of the images 

such as the area, and the perimeter of 
The scale of the images effects on the some features 

the leaflets. 

. . . . h fo vlving this problem: One suitable suggestion is provided 1ere tor so 

h features will be not used directly 
. th features so th ese ► Making features depending on .ese 
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Future work 

6-~. tutor• many changes could help in obtaining better results; by extracting new set of 

lJ1 ch as smooth factor, narrow factor, vein features etc to represent the id 1 f wres su ' ' e compoun lea " and that reflect other characteristics of the plant. cater'_ 
lection techniques can be used to find the important features and the most effected lso the se 

. presenting the plant leaf, such as Fuzzy selection techniques. features m re 

h future these extracted features can be used in the classification of plants that have In t e 
d leaves that represent an important component in human life, by using computer compoun 

machine for example. 
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0 mews«cos 
1 Extracting features function !, 
fu ction was used to extract features from com he I9 1e pound leaf? ill the features of the eaf as an output 18 1 ustrated here this fun . 

atumls ction 

: function take the RGB image ( 1) . 
±1P {age as output, where: as input and return • tlll.S the features of 
,fietArea: the area of the leaflet 
± Lea : • • ·meter: the perimeter of the leaflet 
% pe!l.flet centerX: The x-coordinate of th· 
% 1ea - h . e center of th net centerY: T e y-coordinate of th e leaflet. 
% 1ea - b e center of th 1 

gie· The angle etween the y-axis and th 1 e eaflet. 
% an · f e eaflet , metric: The form iactor of the leaflet.' 

PectRatio: The ratio between the length ad . 
% as . . b n width of th 1 f 
% rectangulari ty: Descri es how the leaflet shape diff e ea let. 
g small :Nmnber of small leaflets in the leaf. ers from the rectangle. 

function [leafletArea, J?erimeter, leaflet_centerx, leaflet_centerY , angle 
,metric ... , aspectRatio , rectangularity, large, small] = Features (I); 

%% 1. convert image from RGB to binary 
Convert the image to black and white in order to prepare for the next 

steps. 

gray Image=rgb2gray (I) ; % Converts the true color image (I) 
to the grayscale intensity image 
(grayimage) . 

threshold = graythresh (grayImage) ; 

BW = im2bw (grayimage, threshold); 

% Computes a global threshold 
(threshold) that can be used to 
convert an intensity image to a 
binary image with IM2BW. 

% Converts the intensity image 
(gray Image) to black and white by 
thresholding (threshold) . 

%% 2 • Remove the noise which do not belong to the 
% Using morphology functions, remove pixels. the objects. 

objects of interest and close the holes in 

se=strel ( 'square ' , 2) ; 

s uare morphological 
% Creates~ q 1 ment whose width is 

structuring e..e 
2 pixels- 

openrmage=imopen (BW, se) ; 

hological opening on 
g performs mor! (BW) with the 
the binary imag°,, se. 

turing elemen struc 
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1mage=imdilate (openImage, se) : 

ate} " ' 

hmplementation Code 

% Dilates the b' 
(open!mag&) 'Pery image 
image (di+_' eturning th 1 aterma ) e dilated ge . 

I
mage::-dilateimage; co % Takes the co 1 

image (dilat~ ement of logical 
O's element, .["®ge)by setting the 
to 0, to do tho 1,and l's element 

e next steps. 

~% 3 .Rotate the leaf image into vertical ori. 
·, Find the connected components in the . ·entation ~ images and . gin order to know the label of the whole 1 give each one 

eaf to rotate it. 

[L, num] = bwlabel(comImage) ; 

label, 

% !~bel connected components in 
1nary image, and return a 

matrix(L) of the same size 
as (comImage), containing labels for 
the connected components in 
(comimage),and returns in NUM the 
number of connected objects found 
in BW. 

% Find the large area that belong to the leaf as a whole 
for i=l:num 

area (i) = bwarea(L==i) ; s, pE: t • t ~ s ima es the area of the objects 
in binary image(comimage), and 
stores the results in (area) 
matrix. 

end 

maxarea = max (area) ; 

x=find (area maxarea); 

% Finds the largest element in 
(area) matrix that belong to the 
leaf component in tha image. 

% Finds indice of the large element 
in (area) matrix, and returns the 
result in (x) . 

Rotate the leaf into vertical oriantation % 
stats= regionprops (L, 'Orientation','Centroid' ); • · the label r 4 f ich labeled region in 

Measures a set of properties or ea f respond to different 
matrix L. % Positive integer elements O L cor 
regions. Where: (. degrees) between the x­ 
% 'Orientation' -- Scalar; the angle ',4at has the same second 

axis and the major axis of the ellipse · · Note that 
moments as the region. 5f mass of the region. 

% 'Centroid'-- vector; the center o h . zontal coordinate (or x­ 
f t id the ori 1 nt is the 

the first element o: Cen.ro.: id the second e. .eme 
ter of mass,an 

coordinate) of the cen a· ate). 
vertical coordinate (or y-coor in 
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ts(X) .orientation co 

[rt sta 

____Im_plementation Code 

¢elmage=imrotate (comImage, 1 (9 rota " 0+(stat 
•croP' l ; 8 

(x) -Orient t • a ion) ) , 
% Rot..t , nearest• a es the . , . 
angle degra, ®"@Se A by 
count es in a 

erclockwise d' 1rection 
lse : vt» ( -otatelmage =imrotate {comlmage, 90- ( 

) 
, - stats (x) O . 

crop' 7 ·9aentation) n, nearest• 
end ' · · · 

; 4.Eliminate the rachis 
% using morphological operation (dilat • ) . · · ion to eli · dilate operation is done 10 times as a mminate the rachis 
roImage= rotate Image; proposed threshold. ' 

for i=0:10 
roIInage =imdilate (roimage, se); 

end 
rotateimage =-roimage; 

the 

%% s.Global features: 
% a.Find the number of leaflet and give each one label 

[L, num] = bwlabel (rotateimage); 

% Find the number of large and small leaflet 
for i=l:num 

area(i) = bwarea(L==i); 
end 
x2 = find{ area> 0.2e+004 *l); % proposed a threshold to determine 

the large and small leaflets. 

large=numel (x2) ; 
small=num-large; 

% b.Find the center of the whole leaf 
center= stats(x) .Centroid; % Where the center(l) is the x coordinate, and center(2)is the y 

coordinate. 

% c F. each leaflet from the center of 
· ind the distance between the center of 
the leaf f leaflets will be used 
% Find the boundry of the leaflets. The boundary 

0 

to extract below features ) Trace exterior . . 
[B,L] = bwboundaries (rotateimage, 'noholes 

1 

; boundaries of objects 1 
a binary image only, boundaries returns Bas 
indicator to the number 
of objects, and returns 
the label matrix J 
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0, J\e:.:-====~=~-------~~~~~:_____ ~ Implementation Code 
ts = regionprops(L, 'Centroid'), 

sta k _ 1: length (B) ' 
fO ,troid = stats(k).Centroid: 

centroid(l) = centroid(l) - ~enter(l); 

centroid(2) = centroid(2) - center(2); 

leaflet_centerX (k) =centroid(1) ; 
1eaflet_centerY(k)=centroid(2); 

end 

Abstracts the x 
center of 1 f -coordinate 

ea from the 
x_coordinate center of h leaflet. eac 

% ~sttracts they-coordinate 
en er of leaf 

% from they-coordinate 
center of each leaflet. 

6 Local features: ::at~= regionprops (L, 'Area', 'Centroid'' 'MajorAxisLength', 'MinorAx.isLength', 
orientation') 7 

% Measures a set of properties for each leaflet. where: 
% 'Area'-- Scalar; the actual number of pixels in the 

leaflet . 
% 'MajorAxisLength'-- Scalar; the length (in pixels) of 

the major axis of the ellipse that has the same 
normalized second central moments as the leaflet. 

% 'MinorAxisLength' - - Scalar; the length (in pixels) of 
the minor axis of the ellipse that has the same 
normalized second central moments as the leaflet. 

% a.Find the Form factor (metric) of leaflets 
for k = 1: length (B) 

boundary = B{k}; 
delta sq= diff(boundary) • 2; . perimeter(k) = sum(sqrt(sum(delta_sq,2))); 
leafletArea(k) = stats(k).Area; 4. t (k)2; 
metric(k) = 4pileafletArea(k) /perimeter , 

end 

b.Find the angles of leaflets . 1 flet and the ea · % The angle between the y_ax1s 
for k = 1: length (B) . . 

angle= stats(k) .Orientation; 

if angle < 0 k) Orientation) ) ; 
angle2=-1 (90+ (stats(} · 

else .orientation); 
angle2= 90-(stats(k) ­ 

end 
angle (k) =angle2; 

end 
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:Ad the Aspect ratio 
i, c,FJ.n i. .• 9 features is extracted ' A Thl Leaflets ,= 1: length (B) for - . aspectRatio(k)=stats(k) .MajorAx,' 

isLength/stats(k) M' 
. inorAxisLength; 

Implementation Code 

depending on 
the leangth ana . 

Width of the 

end 

pectangularity 
% d, % Tnis feature 

g the leaf lets 
for k = 1:length (B) 

is extracted d · epending on the length, s 
r width and area of 

rectangularity(k)=(stats(k) .MajorAx.isL th 
/stats (k) .Area; eng *Stats (k) .MinorAxisLengt) 

end 

A.2 Clustering Code 
The clustering code was used to implement a hierarichical clustering on the sample (29 image) 
illustrates here: 

%% Read the leaf image (RGB model) and extracts features: 
fid = fopen('C:\Data.txt'); % Open the Data file that 

stores the paths of the leaf 
image. 

rawFeatures = fopen ( 'C: \ test\rowData .xls', 

% Extract features from 2 9 leaf. 
for P=1:29 

name= f scanf ( f id, '%s' , 1) 

'w' ); 

I=imread (name) ; 

% Read 1 rows each time from 
the Data file, convert it to 
string and stores it 1 
(name) variable. 

s. ead image and return the 
'ii' R · the array (I) · 
image data in 

le metric.-­ 
l flet centerY ,ang , 

lleafletA l fl t centerX, ea - ( ) rea, perimeter, ea e _ = Features I i e function, to 
@spectRatio , rectangularity, large, small] 0, call Featur f m the ~ f atures ro extract e . the image data, 

1eat. send_]" ;atures for 
and takes t e 
this leaf. 
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, st® 

ts (P) =k; afl° 
& Number of 

leaflets 
% Stores th 

e number of 1 
each leaf and eaflets for 
(leaflets) n stores it in 

array. 

the features in feature array st 4.jeafiets (P) 
for re (P,k, 1) =leafletArea (k) ; 

:::ture (P, k, 2) =perimeter (k) ; 
feature (P,k, 3) =leaflet_centerX (k) ; 
feature (P,k, 4) =leaflet_centerY (k) ; 
feature (P, k, 5)=angle(k) ; 
feature (P,k, 6) =metric(k) ; 

feature (P, k, 7) = aspectRatio (k) ; e . 
feature (P, k, 8) =rectangularity (k) ; 
feature (P,k, 9) =large; 
feature (P, k, 10) =small; 

fprintf(rowData, '%*d\t %d\t %~\t %f\t %f\t %f\t %f\t %f\t %f\t %f\t%f\t 
%f\n,, 2, p, k, leafletArea (k) , perimeter (k) , leaflet_centerx (k), leaflet centerY (k), 
angle (k), metric (k) , aspectRatio (k) , rectangularity (k) , large, small); - 

end 

% Clear the variables to prevent the error in data. 
clear perimeter 
clear leaf letArea 
clear metric 
clear aspectRatio 
clear rectangularity 
clear leaflet_centerX 
clear leaflet_centerY 
clear large 
clear small 
end 

fclose ( fid) ; 

% Finishing the read and extract 
the features from 29 leaf 
image. . ) the open file(Data, , 

% Closes fid argument is a file 
where . d with an 
identifier associate 
open file (Data). 

fclose (rowData) ; 

pp 
repare data to cluster: 

Fesult=fopen ( 1 c: \test\newFile.xls', 'w' )7 
. e to store the 

open the newFik ,¢ features 
% distnce Euclidean jeaflet. ach two 
% between e 
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1t2=fopen ('C:\ test \newFile2 ref ·xls', 

, Normalized data 
q-10ad ('C:\test\ rowData.xls'); 
ror z=3 :12 
normalizedFeatures (:, z) =M (:, z) / 

end 

) ;% 

Implementation Code 

Open th . e newi] minimum d; -e2 to st 
& each l istance bet ore the 

eaflet ween 
and other 1 eaves. 

max (M ( : , z) ) ; 

:0; 
for i=1:P 

for j::l:leaflets(i) 
for g:3:12 

newFeature(i j g-2) r r =normal end izedFeatures(j+v,g); 

end 
v=v+j; 

end 

% Compare each leaflet in 1 f · for n=l: P ea with other leaflet from other leaves. 

for z=l:leaflets(n) 
for x=l:P 

for k=l:leaflets(x) 
% Compute the Euclidean distance between features of each 

two leaflet, 
% and stores the result in (newFile). 
MSEl=(newFeature(n,z,l)-newFeature(x,k,l))A2; 
MSE2=(newFeature(n,z,2)-newFeature(x,k,2))A2; 
MSE3=(newFeature(n,z,3)-newFeature(x,k,3))A2; 
MSE4=(newFeature(n,z,4)-newFeature(x,k,4))A2; 
MSES:(newFeature(n,z,S)-newFeature(x,k,S))A2; 
MSE6=(newFeature(n,z,6)-newFeature(x,k,6))A2; 
MSE7= (newFeature (n, z,7) -newFeature(x,k,7)) 2; 
MSE8= (newFeature(n, z,8) -newFeature (x,k,8)) ?7 
MSE9=(newFeature(n,z,9)-newFeature(x,k,9))A2;A 
MSElO=(newFeature(n,z,10)-newFeature(x,k,lO)) 2; 

AYg=sqrt(MSEl+MSE2+MSE3+MSE4+MSES+MSE6+MSE7+MSE8+MSE
9
+MSElO); 

[printrt 4rt sf\t sf\t sf\t sf\t %ft 
, n (result, '%*d\t %d\t %d\t %d\t %d\t "' "' MSE7 MSES, :~t %f\t %f\ t% f\n', 2, n, z,x, k,MSE1,MSE2,MSE3,MSE

4
,MSES,MSEG, ' 

9,MSElO, Avg); 

MSE(k):Avg; 
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end 

% Find the minimum dist ance other leaves. 
minAvg (x) =min (MSE) ; 
clear MSE; 

between the leaflet ±, 
leaf and 

end 
end 

end 

% Store the results in newF'l 
trintf(result2, ·sat sail l,, 

%f\n•,2,n,z,x, minAvg(x)); 

g Close the opened files 
f close (result) ; 
fclose ( resul t2) ; 

% To Find the minimum distance betwwn each leaves, and stores the results 
% in (newFile3) 
Arr:load ('C:\test\newFile2.xls '); % Load the newFile2 into (Arr) 

matrix 
result3 = fop en ('C:\ test\newFile3.xls', 'w' ) ; 

c=l;e=c;d=0; 
for x=1:P 

for j=1:P 
for i=l:leaflets(x) 

A2(i)= Arr(c,4); 
C=c+P; 

end 
v=min(A2) ; 
fprintf(result3, 
clear A2; 
c=e+j; 

'%d\t d\t %f\n',2,x,j,v) ; 

end 
d=d+ leaflets(x); c=dP; c=c+l;e=c; 

end 
fclose (result3) ; 

and stars Prepare a matrix for cluster procesS, 
8==load ('C·\test\newFile3.xlS'); •w' ); 

· p'le4 xls', resu1t4 = fop en ( 'C:\ test\newl'1 
c2-1. 
for ±-1:P 

for j=1:P 
B2 ( i, j ) =B ( c2, 3 ) i 
c2=c2+1; B2(i,j)); 
fprintf(result4, •%f\t', 

it in newFile4. 
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,dis _implementation csa, " end. tf (result4, '\n') ; fprin 

end (:result4); {close 

h cluster analysis and draw a dendogram. DO t e ' l ) 
g T0 ( •c:\test\newF1.le4 .x s' 7 % Load the newFile4 to c array. cul0ad 

'i :: pdist ( C) ; 

Z = linkage (Y, •average'); 

% computes the Euclidean distance between 
pairs of objects in n-by-p data matrix C. 

% Creates a hierarchical cluster tree 
from the distances in y using UPGMA 
method. 

(z o •colorthreshold', 'default'); H= dendrogram , , % generates a dendrogram 
plot of the hierarchical, 
binary cluster tree 
represented by Z, and 
assigns a unique color to 
each group of nodes. 
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cl" A 

01 A~~--=~------------~~~~~:._ ~ Implementation Code 

3 Matching Code ~. 
varargout = Matching_interface( · on v - varar · ) functJ. ING INTERFACE M-file for Matching . gin 

,TV;JGvc_ITERFAcE, y itseis, %;'5®rface.tty 
r= • • a es a new MAT 

% the existing 'CHING_INTERFACE 
raises singleton*. or 
¥ 

% H= MATCHING_INTERFACE returns 
% h handle to 
or t e the existing singleton*. 
% 

¥ 

the handle to 
a new MATCHING_INTERFACE 

MATCHING_INTERFACE {'CALLBACK', hObj ect eventn t 
, a a,handles, ... ) calls the ¥ 

ocal . d C C . function name ALLBA Kin MATCHING INTERFACE M . . 
% • with the given input 
arguments. 

: MATCHING_INTERFACE('Property', 'Value•, ... ) creates a new 
TCHING INTERFACE or raises the 

MA - • • 
% existing singleton. Starting from the left, property value pairs are 
% applied to the GUI before Matching_interface_OpeningFcn gets called. 

unrecognized property name or invalid value makes property application 
stop. All inputs are passed to Matching_interface_OpeningFcn via 

varargin • 
% 

*See GUI Options on GUIDE' s Tools menu. Choose "GUI allows only one 
instance to run (singleton)". 

% 
% See also: GUIDE, GUIDATA, GUIHANDLES 

t t modi. fy the response to help Matching_interface % Edit the above tex o 

% Last Modified by GUIDE v2.5 08-May-2010 23:31:04 

% Begin initialization code - DO NOT EDIT 
gui_Singleton = 1; 
gui_State = struct { 'gui_Name', mfilename, 

, gui Singleton, · · · . , gui_Singleton , - . . t rface openingFcn, 
: + @Matching in.e: ­ 

'gui_OpeningFcn, @Matching=interface_OutputFqn, 
'gui_OutputFcn', 
'gui_LayoutFcn', [l , •· 
'gu±_callback', [)7 
if nargin && ischar{varargin{l}) 'n{l}) · 

2f c {varargi ' gui_State.gui Callback = str un 
end - 

if nargout 
[varargout{l :nargout} l 

else 
gui_mainfcn (gui State, varargin{:}) ; 

Ch] ­ 

End initialization code - DO NOT EDIT 

varargin { : } l ; = gui_mainfcn(gui_state, 
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0~=-ix_A --- 
xecutes just before Matchin . 

-- D • • t f: Sinterf + 3%n Matching_interface Opening, ·@ce is mad 
fgction has no outpit ars, '®hoject, ,,°° isisne. 
\Th?_, handle to figure '< @ee Output,,"data, handles 0bje° ' Varargin) 
% tdata reserved - to be defi d. ve! cs ne in a f ,ales structure with handles d 'uture ver, : ±ha id l7 an user d, 91on of MA argin comman .1ne arguments t ata (see G TLAB ; var o Matching : UIDATA) _interface ( 

lt 
see VARARGIN) 

cboose defau command line output for M 
!andles.output = hObject; atching_interface 

hnplementation Code 

update handles structure 
~idata (hObj ect, handles) ; 

% urWAIT makes Mat<;=hing_interface wait for user response 
% uiwait (handles.figurel) ; (see UIRESUME) 

s--- Outputs from this function are returned t th · t M t h · · 0 e command 1 i function varargou = a c ing_interface OutputFcn (ho . ne. 
g varargout cell array for returning o~tput ar ( bJect, eventdata, handles) 
% h0bject handle to figure gs see VARARGOUT) ; 
% eventdata reserved - to be defined in a future version of MATLAB 
% handles structure with handles and user data (see GUIDATA) 

% Get default command line output from handles structure 
varargout{l} = handles. output; 

% --- Executes on button press in imagel axes. 
function imagel_Callback (hObj ect, eventdata, handles) 
% h0bject handle to imagel_axes (see GCBO) 
% eventdata reserved - to be defined in a future version of MATLAB 
% handles structure with handles and user data (see GUIDATA) 

image_file = get(handles.editl, •string'); 
global I; 
I=imread (char (image file)) ; 
set (handles. imagel axes/ I HandleVisibili ty I/ I ON I) ; 
axes (handles. imagel _axes) ; 
image (I) ; 
axis equal; 
axis tight; 
axis off; 

funct; :date handles) c ion editl Callback (hObject, event a a, 
hObject handle to edit1 (see GCBOl_ gture version of MATLAB 
eventdata reserved - to be defined in d ta (see GUIDATA) 
% h nd user a andles structure with handles a 

% li' ,Bnts: ~ 
foul1% 

editl as text 
Contents of t of editl as a 

) turns conten s get(hObject, •string' re . •)) returns 
str2double(get(hObject, •string 
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g~ecutes during object creatio 
',on eait1_creater=cnhowject, e,,,,/fF ·steins a11 
,jct handle to edit1 (see Gco) ®· hand1as) 
ih tdata reserved - to be defined . 
. even t h d. an • dleS emp y - an les not creat d 
±ha ·e 

lmnplementation Code 

Properties. 

a future v . 
until ersion of MATLAB after all CreatePcns 

, t. edit controls usually have a whin Called 
g Hi see ISPC and COMPUTER. te background on Windows. 
\ ispc && ise41:1a1 (get (hObject, 'BackgroundColor' ,, defaultUicontrolBackgroundColor')) '), 
get s~t (hObj ect, 'BackgroundColor 1 , , white, ) ; 

end 

fllnction edit2_Callback (h~bject, eventdata, handles) 
% h0bj ect handle to edi t2 ( see GCBO) 
eventdata reserved - to be defined in a futur . 
, handles structure with handles and user date v(ersion of MATLAB .a see GUIDATA) 

s Hints: get (hObject, 'String') returns contents of edit2 as text 
% str2double.get hObJ ect, 'String') ) returns contents of edit2 as a 
double 

%--- Executes during object creation, after setting all properties. 
function edit2_CreateFcn (hObj ect, eventdata, handles) 
% h0bject handle to edit2 (see GCBO) 
% eventdata reserved - to be defined in a future version of MATLAB 
handles empty - handles not created until after all CreateFcns called 

% Hint: edit controls usually have a white background on Windows. 
% See ISPC and COMPUTER. 
if ispc && isequal (get (hObj ect, 'BackgroundColor') , 
get(O, 'defaultUicontrolBackgroundColor')) 

set (hObj ect, 'BackgroundColor ' , 'white' ) ; 
end 

--- Executes on button press in image2 · 
function image2 Callback (hObj ect, eventdata, handles) 
% h0bject ha~dle to image2 (see GCBO) sion of MATLAB 
eventdata reserved - to be defined in a future ~er e GUIDATA) 
handles structure with handles and user data se 
age_file = get (handles.edit2, 'String') ; 
global 12: 
imread(char(image_file)); , .% +o'); 
et(handles.image2 aies, 1HandleVisibility ' ' 

~ltes (handles. image2 axes) ; 
age(I2): 
ax· ' 3s equal; 
®«is tight; 
Xis off­ , 
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o~-A _ 
xecutes on button press in matc] + 

% --- matching Callback(hObject hing. -tio eventdat 
flJ!l ·ect handle to matching (see cc. " a, handles) 
% nObJ tdata reserved - to be defined . O) 
"]% structure with handles 4,, ® @ture vers± 
±ha User data (, On of MATLAB 

see GUIDATA) 

_ __ Im_.P- .lementation Code 

r first image 
±g FO a1obal I; 

grayrmage=rgb2gray(I); 
threshold= graythresh(grayimage). 
BW = im2bw(grayImage, threshold), 

% Make open operation to eliminate n , o1Se 
se=strel ( ' square ' , 2) ; 
openlmage=imopen (BW, se) ; 
dilatelmage=imdilate(openlmage,se); 
comimage=-dilateimage; 

% Find the connected componenet in the images 
[L, num] = bwlabel (comimage) ; 

% Find the large area 
for i=l:num 

area(i) = bwarea(L==i); 
end 
maxarea=max (area) ; 
x=find( area == maxarea); 

% Rotate the leaf into vertical oriantation 
stats= regionprops(L, •orientation', •centroid' ); 

if stats (x) .Orientation < 0 
. ) ) 'nearest' , 'crop') ; 

rormage=imrotate (comimage, l* ( 90+ (stats (x) .orientation ' 

else 
, roImage=imrotate(comImage,90 
stats (x) .Orientation) , 'nearest' , 'crop') ; 

end 

2-- p· h le leaf 
0 ind the center of the w 0 

center= stats(x) .Centroid; 

90 

7 



d. A pl 0" 
% Eliminate the rachis 
roImage2=-rolmage ; 
for i=0:10 

roImage2=imdilate (roImage2 , se) ; 

Implementation Code 

end 
roImage=-roImage? ; 

g Find the number of leaflet and give e h [L, num] = bwlabel (roimage) ; ac one label 

% Find the number of large and small leaflet 
for i=l:num 

area(i) = bwarea(L==i); 
end 
x2 = find( area > 0.2e+004 *1); 

large=numel (x2) ; 
small=num-large; 

%set(handles.uipanel2 , 'Visible', 'ON'); 
%set(handles.f2 , 'Visible', 'ON') ; 
%set(handles.f3 , 'Visible', 'ON'); 
%set(handles.edit3, 'String', small, 'Visible', 'ON'); 
%set (handles. edi t4, 'String' , large , 'Visible' , 'ON') ; 

% Find the boundry of the leaflets 
[B,L] = bwboundaries (roimage, •noholes '); 
fork= l:length(B) 

boundary = B{k}; 
end 

stats= • ~~isLength', •orientati ' 4Length' 'Minor!x 
regionprops (L, 'Area', 'Centroid', 'MajorAxis.e , 
on'), 

% Find the center of each leaflet 
fork= 1:length(B) +d 

centroid = stats(k).Centro1'i 
center(l) ; 

= centroid(l) center(2); 
= centroid(2) - 

centroid(l) 
centroid(2) 
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,,pend? 
0" Implementation Code 

centerx (k) =centroid(l) ; 
centery(k)=centroid(2); 

end 

Angles of leaflets 
fork= 1:length(B) 

angle= stats(k) .Orientation· 
if angle < 0 ' 

angle2=-1*(90+(stats(k) 0• · rrientation)) ; 

else 
angle2= 90-(stats(k) .Orient t· 

d 
a.ion) : 

en ' 
angle(k)=angle2; 

end 

% Find the Form factor of leaflets 
fork= 1:length(B) 

boundary = B{k}; 

end 

% loop over the boundaries 
fork= l:length(B) 

boundary = B{k}; 
delta_sq = diff(boundary) .2; 
perimeter(k) = sum(sqrt(sum(delta_sq,2))); 
area2(k) = stats(k) .Area; 
metric(k) = 4piarea2(k)/perimeter(k) 2; 
rnetric_string = sprintf ( '%2. 2f', metric (k)); 

end 

% Find the Aspect ratio 
fork= 1:length(B) .MinorAxislength; 

Aspect (k) =stats(k) .MajorAxisLength/stats(h)· 
end 

Rectangularity 
for k = 1: length (B) . th) /stats (kl 

) M' orAXJ.sLeng 
Rect, .4. +th#stats(k).ll 
,,""@larity (k) =(stats (k) .MajorAxisLeng 

I 

end 

92 



d. A pell 
0" 

g Store the features 
fork= 1:length(B) 

ltnplementation Code 

,,1) =area2 (k) 7A(1,k,2) =perimeter(k), 
''f, s)=angle() 7A(1,k, 6)=metric),7±»3)=centerx ) , 
, (Jc) ;A (1, k, 8) =Rectangularity (k) . ( 'k, 7) == ,A (l, k, 4) =centery (k 
spe' id ' en 

second image g# For 
1 !2; cloba 

grayimage2=rgb2gray(I2); 
threshold? = graythresh(grayImage2) : 
BW2 = im2bw(grayimage2,threshold2);

1 

se=strel( 'square ' , 2) ; 
openimage2=imopen(BW2,se); 
dilateimage2=imdilate(openima.ge2,se); 
dilateimage3=- dilateimage2; 

% Find the connected componenet in the images 
[12, num2] = bwlabel( dilateimage3); 

% Find the large area 
for i=l:num2 

area3(i) = bwarea(L2==i); 
end 
maxarea2=max (area3) ; 
x2=find( area3 == maxarea2); 

% Rotate the leaf into vertical oriantation 
• , 1 Centroid' ) ; 

stats2 = regionprops(L2, 'Orientation, 

if stats2(x2) .Orientation< 0 
roimage2=imrotate( dilateimage3,- )· 

1* (9o+ (stats2 (x2) . Orientation) ), 'nearest','crop' ' 

else 90­ 
roimage2=imrotate( dilate1mage3, 

1stats2 (x.2) .Orientation), 'nearest', 'crop'); 

end 

1 leaf 
% Find the center of the who e 
center2= stats2(x2) .Centroid; 
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g Eliminate the rachis 
roImage3=-rolmage2 ; 

for i=0:10 
roImage3=imdilate (roIma ge3,se) ; 

end 

roImage2=-roImage3 ; 

g Find the number of leaflet and 
2] -- b 1 give [12, num' wlabel (roimage2) ; each one label 

Find the number of large and 
for i=l:num2 small leaflet 

area2(i) = bwarea(l2==i); 
end 
x3 = find( area2 > 0.2e+004 *l); 
large2=numel(x3); 
small2=num2-large2; 

% Find the boundry of the leaflets 
[B2,L2] = bwboundaries (rolmage2, 'noholes') ; 

for k2 = l:length(B2) 
boundary2 = B2{k2}; 

end 

global stats2; 
stats2 = 

regionprops (12, 'Area ' , ' Centroid' , 'Maj orAxisLength' , 'MinorAxisLength' , 'Orienta t 
ion') ; 

% Find the center of each leaf let 

for k2 = l:length(B2) 
centroid2 = stats2(k2) .Centroid; 

centroid2(1) = centroid2(1) - center2(l); 
centroid2(2) = centroid2(2) - center??)7 

centerx2 (k2) =centroid2(1) ; 
centery2(k2)=centroid2(2); 

end 
Angles of leaflets 
for k2 = 1: length (B2) . . 

angle3= stats2(k2) .Orientation'i 

__Implementation Code 
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0" 

if angle3 < 0 
angle4=-1*(90+(stats2(k2) . ·Orientat: 1on) ) ; 

else 
angle4= 90-(stats2(k2) 0. end · r1.entation); 

plementation Code 

angle3 (k2) =angle4; 

end 

% Find the Form factor of leaflets 

for k2 = 1: length (B2) 
boundary2 = B2{k2}; 

end 
for k2 = 1:length(B2) 

boundary2 = B2{k2}; 
delta_sq2 = diff (boundary2) .2; 
perimeter2(k2) = sum(sqrt(sum(delta_sq2,2)}); 
area3(k2) = stats2(k2) .Area; 
metric2(k2) = 4piarea3 (k2) /perimeter2(k2)2; 

end 

% Find the Aspect ratio 
for k2 = 1: length (B2) 

Aspect2(k2)=stats2(k2) .MajorAxisLength/stats2(k2) .MinorAxisLength; 
end 

% Rectangularity 
for k2 = 1:length(B2) 

· t 2(k2) MinorAxisLength)/st 
Rectangularity2 (k2) = (stats?(k2) .MajorAxisLengthstats: ' 
ats2 (k2) .Area; 

end 

% Store the features 
for k2 = 1: length (B2) 

(2,k2,3) =centerx2(k2) ;A2(2,k? 
®®xa, 1) =areas (a) ;a2 (a, 2,2) =perimeter? 6?]',,_,iez a) 3a3 (2, 2,70= 
·U=centery2 (k2) ;A2(2,k2,5) =angle3 (k2) ;A2(2,- 
~Sp ' ' ' • (k2) · ect2 (k2) ; A2 (2, k2, 8) =Rectangularity? ' 

end ¥ p: 
c::o. ina matching ) i imshow(roImage 
®bp1- -hiag_image), ot (1,2,1, 'Parent', handles .Mate in - 
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0" Implementation Code 

'm', - • • Color 
I 

old on 1: length (B) 
for Jc3, == = stats (k3) . Centroid• centroid 

interString = sprintf{'%d• 
text(centroid(l) 'k3); r centroid(2), 

interstring 
'FontSize',14, 'Fontw. h 

e1g' t ' , 'bold' ) ; 

end 

old off 

subplot(l,2,2, 'Parent' ,handles.Matching_image) ,imshow(roimage2) 
hold on 
for k3 == 1: length (B) 

for k2 = 1 : length (B2) 
if A2(2,k2,3)- A(l,k3,3) < 40 && A2{2,k2,3)- A(1,k3,3) > -40 && 

A2(2,k2,4)- A(l,k3,4) < 40 && A2(2,k2,4)- A(1,k3,4) > -40 
if A2 ( 2 , k2 , 5) - A ( 1, k3 , 5) < 3 && A2 { 2 , k2, 5) - A { 1, k3 , 5) > -3 
if A2(2,k2,6)- A(1,k3,6) < 0.1 && A2(2,k2,6)- A(1,k3,6) > -0.1 

if A2 ( 2 , k2 ,7)- A ( 1, k3 , 7) < 0 . 1 && A2 ( 2 , k2 , 7) - A ( 1, k3 , 7) > ­ 

if A2 ( 2 , k2 , 8 )- A { 1, k3 , 8 ) < 0 .1 && A2 ( 2, k2 , 8) - A ( 1, k3 , 8) 
0.1 

> -0.1 

, 
1 Color' , 'm' , .•. 

A3 (k3)=k2; 
C=C+l; 
centroid2 = stats2{k2) .Centroid; 
interString = sprintf ( '%d' ' k3) ; . . 
text (centroid2(1),centroid2(2), interstring 

ts. , 14 'FontWeight', 'bold'); 'Fon 1ze , , 

end 
end 

end 

end 

end 

end 
end 

if k2 < 
k3 '):y set(h · 'ble' '0 ' , •ON'; andles.ratio1 ,'Visa»'/2 'Visible , 

set (handles. ratio2, 'string', c/ 
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0" Implementation Code 

id 

3 c:::: k2 f ,nales.ratio1 ,'Visible','o'), 
et a '2 'St . ' , s ndleS .ratio , ring , c/k3 'vi . b at(ha! ' ·Siple','ON'), 

eO 

----- '±o Open_Callback (hObject, eventdat. func - dl a, handles) ~ hObject han e to Open ( see GCBO) 
entdata reserved - to be defined in f 
% ev . a uture ve : 
handles structure with handles and user d, Tersion of MATLAB 

% • tf · 1 ( '* f ig') lata (see GUIDATA) rile = uiget :i..e • .14 ; 
if Hisequal(file, 0) 

open (file) ; 

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

end 

% -- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - 
function Print_ Callback (hObj ect, event data, handles) - - - - - - 
% hObject handle to Print (see GCBO) 
% eventdata reserved - to be defined in a future version of MATLAB 
% handles structure with handles and user data (see GUIDATA) 
printdlg (handles. figurel) 

% -------------------------------------------------------------------- 

function File_Callback (hObject, eventdata, handles) 
% hObject handle to File ( see GCBO) 
% eventdata reserved - to be defined in a future version of MATLAB 
% handles structure with handles and user data (see GUIDATA) 

% -------------------------------------------------------------------- 

function Close Callback (hObject, eventdata, handles) 
hObject handle to Close (see GCBO) : +f MATLAB , . • f ture version o 
t eventdata reserved - to be defined in a u TA) 
% handles structure with handles and user data (see GUIDA 

delete (handles . f igurel) 
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PendixB e" 
tal
ked about an on line database that contains ( J lJ) compound leaf images b t 4,we aka,,- s,bu 

chapter ' ly 29 images were ta en to apply this project, this related to many reasons some ~ . roject on , 
,4isP ,ps are: 
"" reaso 
fthese . 

o . es in the onhne database have heavy leaflets, so some leaflets are overlapping, 
, Some ,mag Id not determine the correct moment of inertia to rotate the image. d 

we cou all a1· . th . . 
an . es have a very large or sm sc 10g 1n e area, so 1t causes problems in Some 1mag • • applying, 

Sample of Study 

. fr m this database as a sample of study, these images are identical to I 29 images 
O 

· : tabl 

used on Y d • Chapter 4. These images are illustrated m 1he belowt e. So we assume m 
d·u· ons were cod! 

Image 1 : Aunt 
Ruby's German 

Image 2: Banana 
Lege 

Image 3: Black 
Brandywine 

Image 4: Black 
Etniopian 

Image 5:Northem 
Deugnt 

Green 

Image 6: Yellow 
Orange Globe 

Image 7: Black 
Krim 

9· Boxcar d Image > 8: Blizz° yf Image · 
10· Blonde Image · 

Kuphchen 
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(nlage 11: Mister 
Sipe) 

Image 12: Brown 
Berry 

Image 13: Mini 
Toms 

Image 14: Image 15: Lutchrist 
Bulgarian Triumph Zurich 

Image 16: Light Image 17: Image 18: Image 19:Cherokee Image 20: 

Pink Oxheart Chadwick Cherry Chebella Chocolate Cherokee Purple 

Marzano 
~-- ........ 

ggu 
mo, 

a titre S:ut.lftC'lt c. 
or 

.... - 

'«gee 21: Cr C hi · nmson Image 22: Sub 
US on Arctic Plenty 

Image 23: 
summer Cider 

Image 24: Lemon 

Boy 

Image 25: Garden 

Peach 
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Sample of Study 

6. Gigante 
jag" ' 

Liscio 

Image 27: 
Harbinger 

Image 28: Red 
Satin Image 29: Goliath 
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' 

N>Pend_ix:_c _ 

~ 

below tables contains a sample of fe t The! 3a ures Were . extracted in th. . 
· I8project, 

ftet 1eaflet_Area Perimeter leaflet_Xcenter leaflet y · i,11 i.ea _ center angle f 
, 

1 1 
4360 393.5219 -72.872726 32,41956 _85 °rm factor aspecr rat' 

2 
1778 232.7107 -76.578163 ' ·4548 0,353801 

10 
rectangularity large leflets 134.50902 -85.4706 2.7993991 1_388834 small leflets 

3316 311,9239 50 136582 0 412581 • ' -39,472215 I . • 3,661701, 5
1 

s604 441.5219 -11.468878 91.4792 .42829 1.339472 5 
-130,41503 -7.13742 2.785594 1.428018 

60.757733 8103 - - - - . _ 0,425709 1.8787261 - - - 5
1 

- ' - 1989 39,9716_2' 0,418945 - - 1--- 1.353039 5 
26.811303 -19.741771 -51.2426 0 2,1_:'i9fi!B__ _ 1.420626 
79 827697' - - - ·461014 2 779 - · - 5 3' · 41.963531 62.6891 0

_
389493 

- :___! __ 1.5443iJ - 51 -- 

54.005015 191.1~3272, -83.32511 0.412924 2.2m35: 1.411798 - -5,--} 
2713 270.0244 -100,496383 116.633424 79.63456 2.146333 1.565024 
3635 317.4386 88.14689'- 9467578 2.453912 - ·) 

5 
- · -37.68_6944, -86.25221 045-- ,-- 1414842 s 

655 106 7696 53 7886 - ,- --- - 1- - ' 
3309I 2,6n691 -- _5 J 55./ 58.96152 80.24923 .7g'-' 1367262 5 

516 100 7696 - -- - ' __ : 321 1.782675 - - - - - __ 5 
' -31.975836 - ::_101.~~4863' -62.5153 0 638551 ---- -- _!.~_9395 5 5' 

1B 2a0.242s4 ·26.491114 ·sa.sssn -sa.ans k,,' '®®@5 ismm s - - - __ ._ --- - :__ _ 4.614925 1- 5 
5197 367.7229· 21.353318 -178.258084 8.776018 O - --- ·--- ~ --- 2.20~9~4 _ 5 5 
113 44,38478 tigr - 9482971 1.98452 1.335658 

29,762896 _-7~±50795 -73.9047, 0,720809· 155673 - ' 
2767 286.5097 70.924312 12 499-- - -- ' ----' --- 1,337816, 5 "7" 1249864 -<71.31 0.42sas 3.0ssss 1as S 
408 83,69849 40.102823, 44.96759 84 65 l - -- -- - - --- - -- ' 5 s 
2970 273.8234 

-- --- --- - - _.:_ 8-~ _ __'!_:7~~!7_! 1.17486 1.357334 100,968757 125 8480911 - - ---, -- - - •
1 5. 5_ 

= 56.6593 0.497766 2.522561 1.374246 -- --~-- 5 

3 
4 
5 
6 

3995 346.1665 
183 70,62742 

' 1 7 5124 406.5929 

8 1670 225.4386 

TheRe 1 · su ting Tables 

3, 
3 

3, 

2 

4 
5 
6 
7 

5 

8 
2 9 
2 10 

The below table contains a sample of distance matrix of this project 

'-._Leaf 
Leaf"'-. 
' 

2 3 4 5 6 7 8 9 
0 0.334705 0.319235 0.410713 0.863281 0.814043 0.416498 0.527452 0.144423 

2 0.334705 O 0.247389 0.328777 0.761005 0.798266 0.441503 0.37305 0.26672 - - - - - - - - - ' --· - 
3 0.319235 0.247389: 01 0.416879 0.783869 0.828639

1 

0.312718' 0.473554, 0.246168 
- - - • I 

4 o.410713 o.328777 o.4168791 O 1.02184 1.037944 0.45753 0.422177 0.431012 
5 0.863281 0.761005 :- (). 783869r 1.02184 I - - Q 

1 0.236609 0.819047 0. 767886 0.836784 
6 0.814043 0.798266 0.828639 1.037944 0.236609 O 0.730457 0.800643 0.806316 
7 0.416498 0.441so3 0.312718 0.4szs3 o.81so4z 0.704s7 o 0.a1s263 0.356743 
8 0.527452 0.37305 0.473554 0.422177 0.767886 0.800643 0.316263 O 0.51808 
9 0.144423 0.26672 0.246168 0.431012 0.836784 0.806316 0.356743 0.518085 

I - 

1 
1 
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V ·ng computer vision to cluster pl t s! ants with co 
on morphological and g . mpound leaves bas d 

cometrical features se 

Paper 

. .1" H T- 1 puaa Abu Mruzer , aneen artory', Asma ldais1 .. D R . 
. , r. anu Arafeh2 and Dr. Hashem T · ·2 

'Information Technology Department Palestine p 1 · amum 
P ' olytechnic U · · 
.0.198,Hebron, Palestine. ruvers1ty, Jabal Abu Roman, 

2 Biotechnology Training and Research Unit, Palestine Polyte hn. . . 
P.O.198,Hebron, Pales5,, ' " "® University, Jabal Abu Roman, 

Abstract. Extraction features from plant leaf represents a chall · bl . . enging pro em m Image 
processing. Many researchers extracted features from plant leaf to help in plant 

classification and also in early diagnosis of certain plant diseases. Many previous 

researches emphasized on extracting features from simple leaf using image processing 

techniques. This paper aims at proposing a methodology to extract features from a 

compound leaf using image processing, which is used for clustering plants have 

compound leaves into similarity groups, this will help to know the plants that have 

similarity features. The experiment results show that the proposed methodology of 

extracting features from a compound leaf can be used to cluster the plant compound leaf 

into similarity groups. 

Index Terms - Extraction features, clustering, compound leaf. 

I. Introduction 
. . ent advances in computer technology open 

Plants represent an important component in human life. Rec . . f lant types 
. . . 1 (Botany). Computerrecogrution o p 

new avenues in many life sciences mcludmg plant biology' : ag 
: gaining more attention amon 

a d di · · ter feature extraction are n iscrimination between plants by comput r e 
scientists. 

b¢ extracted from different 
. s features of plant can e e . . 

Many plants carry significant information for human ' . ld have many implications for 
1 t leaves and it cou 

Parts of the plant such as fruits, flowers, roots or p an . Gant diseases. 
©xamp[%- rl diagnosis of certain p "Ple in plant taxonomy or in the early 1a 

qually contribution 
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tly some studies focused on extracting cert . 
pecc'. {amn features from 

dered as an obvious feature using image ; 'he plant dependir 7 
gco5Processing techni- 'g on its leaves which 1ques. uc 

Nevertheless, the previous work in literature showed 
. h that there are m 

different plant species, sue as [l ], [2] and [3]; on the other h any works on a simple leaf of 
h. h . .d aud, few stud. h 

O
und leaf, whicl is considered to be more com 1. tes ave focused on u . 

comP Plicated. Ising a 

Paper 

This paper aims at proposing a methodology to extr t l.'; 
· · fact features from compo ·5 

«cessing techniques. In this paper, the main features f P und leaves using image 
p . o a compound leaf are ro 
study, tomato leaf is suggested because it appears in many types d . P posed, and as a case 

· 1upending on the variety of fruit shape 
and size. 

These extracted features are used in this paper to cluster 1 ts tha . . p an t have compound leaves into 
similarity groups based on features; this will help the interested h . . . researc ers in the plant field to know the 
similarity plants that have the similar features, also the clustering ca b d . , . . n e use to reduce the size of large 
numbers of plants types to help in classification. 

The proposed methodology uses digital images of a compound leaf, then using image processing to 

pre-process the images of the leaf to isolate the main leaf of tomato from other parts ofleaf, and then to 

extract the proposed morphological and geometrical features from a plant compound leaf image. After 

that the hierarchal clustering is used to do the cluster process. 

This paper implements the extracting features methodology with minimum user intervention, and gets 

benefits for the geometrical and morphological features from the previous works, such as the features have 

been proposed by Wu, et al. 2006 [1]. Our main improvements are on feature extraction from plants 

have compound leaf and clustering them into similarity groups. 

T II d. image pre-processing. Sec. Ill 
he rest of this paper is organized as follows. Sec. liscusses 

. . h 1 lustering of plant compound leaf is 
introduces how the proposed features are extracted. Hierarcha c u . 
di · . · S v Sec VI concludes this paper. 
scussed m Sec. IV. Experimental results are given m ec. · · 

ll. Image Pre-processing 
A. Converting RGB image to Binary 800x 600 resolution, there 
Tuel af' di . tal amera. All leaf images are ID 1 fl ts e nnage is acquired by scanner or 1gIt C · 1 af of plant and not ea e ' 
~ . hould be a complete e 
no restriction on the direction of leaves, the image s 0 
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~ Paper 
nets of compound leaf should not be overlap th . 

elca. '> °mage should : 
h uld be isolated from any background be m the RGB 1eaves s o · ormat, and the 

GB unage is firstly converted into a grayscale im R @ge, 

to convert the grayscale images into binary imag . Then, . . es, a given threshold sh 
te an object in the image from the background. 1ould be used in order to 

para " 

Reducing the noise in the image. 

Th 
pen morphological operation is performed on the bina • 

e o . ry image of the leaf: to remove the . 
ich do not belong to the leaf of interest, and to close the hole . th 1 · ·pixels w . . . s Ill e leaf image. The square 

roo!J)hological structunng element whose width is two pixels is used. 

c. Rotating the leaf into vertical orientation. 

Rotating the leaf into vertical orientation is done in this paper by finding the center of the gravity, and 
then moment of inertia of the leaf is determined. 

Determination of the Center of Gravity: For a leaf surface is described by function f(m, n), 

consisting ofN pixels, the Center of Gravity coordinates (m, n) can be calculated as Fonnula 

(1) 

(D) 

. . . . defir d with respect to the center of 
Moments of Inertia: the moments of inertia for bmary image e: ne 

gravity of the leaf as Formula (2) 

,- 2E« or a3 
1 J 

Wherep, q = 0,1,2. 
. . in the following functions: 

Then, the leaf oriented which is determined by us g 

(m ms)sin (0)]2 o»-2,Ero-boas» 

(2) 

(3) 
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ufe the I is array of0. Resulting in foll . Wh J0wing ang] g e0: 

·-3»·[,=w ] 
H2,0 Fo,2 

(4) 

p Eliminate the rachis of the compound leaf 
re dilation morphological operation is used many ti y .1mes on binary . 
eoropound lea£ The nwnber of dilation process dependin image to eliminate the rachis of the g on constant numb . . . er in this paper. 
An example of nnage pre-processing is illustrated · p· in 1gure 1, 

RGB to 
a grayscale 

b 

Grayscale 
to binary 

Eliminating 
the noise 

b 

Figure 1 A pre-processing example 

Rotating 
the leaf 

Eliminating 
the rachis 

4 
Ill. Features Extraction 
In this paper, several morphological and geometrical features are extracted from the compound leaf as a 
whole, and from each leaflet in the compound leaf using image processing! These features are very 
important for the compound leaf and these provide significant information about its visual representation. 

In th' IS paper, we have defined two types of features: 

A. Global Features 
Global features which are extracted from the compound leaf as a whole and they have two components: 

!he number ofleaflets and the general structure of the plant. 

1· The number of small and large leaflets: 
T t technique will be used, because 

O find the number of leaflets in an image, the connected componeDl 
alter a 

1 
. ted component. 

Pplying the technique each leaflet will be a connec 
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" ake 0 rnore distincti.ve feature, we can count th 
fo Ill . e number of s 

ted components. This feature should be extr mall and large leaf} ts c.. 
{acted by know- 'l from the 

od tbfeshold that helps to determine the area f mg the area of each 1 fl 
a go o small and large leaflets. ea et, and by using 

The general strncture of the plant leaf 

Paper 

er the leafis rotated into the vertical orientation th 
A" ' J© general structure of th 
:tly, tho center of each leaflet should be detected The € plant leaf can be achie red 

FUS , . . en, the structure of leaf is . ev . 
aph of the leaflets. In Figure 2 each node represents the dis 'built by establishing a 
~rs center. Jf] @\Stance between 1he leaflet's center and the 

AN 

►

Figure 2 extracting the structure of the leaf by 
establishing a graph ofleaflets 

B. Local Features 
The local features are extracted from each leaflet. From Figure 2 we can establish a vector of features for 

each node. Figure 3 illustrates the graph. 

Xcenter Ycenter 

Feature extracts 
from leaflet 

f poundleaf Figure 3 Graph for features O com 

The vector contains some features are: 1 
f b · ary value on 

ber of pixels o in 
1 L : . ted b counting the num eaflet Area (A): leaflet area is calculat 2¥ 

smoothed leaf image. 
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Leaflet Perimeter (P): leaflet perimete . 1 . r ts calculated b 
leaf margtn. y counting the number of . 

· th t · · xels con · . 
, Aspect ratio:he aspect ratio is defined.,,, ®®sting . . as the ratio of . 

width (W;), which are calculated dependi Physiological length (L Ing on the ·)to phy-+] 
defined as Fonnula (2) [l] e axes of ellipse cont . d ys10 ogical 

aune the leaflets, it is 

Aspect ratio = Lp 
W, 

4 Form factor: the form factor is used to de +ibe (2) · tescrilue how the sh 
circle, it is defined as Formula (3) [l] ape of the leaflet is different from a 

47A 
Form factor = -- p2 

larity: ctaagularvt ie (3) 
5, Rectangular : rec an anity is used to describ h es ow the shape of the leafl . 

rectangle, it is defined as Formula ( 4) [ l] e et is different from a 

L» W» Rectangularity = -­ 
A (4) 

6. Angle between leaflet and Y-axis: is calculated using th th d e same me O to find the rotation angle of 

the leaf. 

IV. Hierarchal Clustering of Plant Compound Leaf 
Clustering plant is an important process in the plant taxonomy; it is used to reduce the large number of 

plant's types of specific plant compound leaf to help in classification, and it can be used to find the 

similarity in the groups of plants that have compound leaves [5]. In this paper a hierarchal clustering is 
used to achieve the clustering process because it may correspond to meaningful taxonomies, and do not 

have to assume any particular number of clusters, any desired number of clusters can be obtained by 

cutting the dendogram at the proper level [6]. 
In th. • · d to cluster the plant leaves. 

Is paper an agglomerative approach of hierarchal clustenng 15 use 

The Hierarchical Clustering is done using the following steps [6]: 
. . es is computed, as Formula 5 [7]. 

4. First the Euclidean distances between each pairs of featur ----- (5) 
) _ ~(a· - bD2 

Euclidean distance (4a,». 7 L" 
i 

5 C sin average linkage. 
· reating a tree from the calculated distances u g 110 
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aped' 0" 
z The output is drawn using the dendrogram. 

B fore doing cluster process, the matrix of plant': f 
aut e s eatures should b 
er of rows equals the number of leaves in the sampl e prepared . This matrix co t . 

nUJll p e, each row cont . n ams 
leaf (global and local features). ams the main features of the 

Paper 

,1.; paper this phase is considered a difficult phase b 
[thS]. 3> 2€cause each leaf contains 

h leaflet has number of features, in addition to this each I af . . number of leaflets and 
ea! et contains different n b 

dimensionality of matnx will be variety and this is a m um er of leaflets. So 
he amn problem, 

All these reasons make the process of clustering in plant com O d 1 . 
p un teaf more difficult than simple leaf. 

To overcome these problems, the distance matrix is prepared as follows: 

1 Each leaflet belongs to leaf in the sample is compared with othe l afl ts · th . · r e e m o er leaves usmg 
Euclidean distance of leaflet's features. 

2. Then the minimum distance between each leaflet in the leaf and other leaves is taken and stored. 

3. The minimum of distances between each leaflet in the leaf and other leaves are prepared for each 

leaflet. 
4. Finally, the minimum distances between each leaf and others are stored. 

These steps enabled us to find the matrix of leave' s features; this squared matrix contains the following 

data as in Table 1. Rows and columns of matrix correspond to objects (leaves). 

Table 1 the squared matrix of the features of the plant leaves 

[e el [g It [ 
Min distance 

Min distance Min distance ················ Between leaf 1 
Between leaf I Between leaf 1 andn 
and I (always 0) and2 

Min distance 
Min distance ················· Between leaf 2 Min distance 

Between leaf 2 Between leaf 2 and n 

and I and 2 ( always 0) ········ 
··········· ····· ····· ......... ····· 

Min distance 
······ A » » 4 # Between leaf n Min distance lll Min distance Between leaf n and n (always 0) 

Between leaf n 
and 1 and 2 
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,IPP'ndil< D Paper 0" 
. ents and Results Experim 
• Features Experiments and Results ytracting 

A, 1raction features methodology on 29 tomato leaf from different typ . th. 
red an ex . es ID IS paper from 

we apP 
1 

[S] by using images processing toolbox in MALAB All features we tr ted . d tabase , · re ex ac ID an line Id 

on c.. m this sample . ,rate way ITO 
gCUU® 

l lustering Experiments and Results Hierarcha c . . . 

B. .ed Hierarchical clustermg expenments on sample contains 29 tomato leaf from different capplie 
IV• bav b using statistical toolbox in MATLAB, The output shows the dendrogram' for two in this paper, y . 
ys zed and Blue). Figure 4 shows this result. main clusters ~ 

· on h · al Clustering 
1 ing Hierarc IC revealed by . 4 The result of apply main clusters Figure from the two 

Three sample lea 3-pdrogram 
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d. D pp 
0" 

4 shows the result of applying hierarchical 1 . 
pgu' ©lustering on th 

of clusters in this sample, this number dependi- "°Sample, this figure sho th 
mb' Ing on when we >Ws ere are 

I vel and shows an example of the two main I want to cut the dendrog; 
op' ·©lusters(Red and By.± '@m at the 

th leaves in the blue cluster belongs to Potato L fl ue). In this Figure we that e catlet(PL) type th . can see 
re have a thick leaflets [9], but that the leaves in th e at contains smooth edges and 

there a e red cluster belon 
iype that contains a too theed and symmetrical edges [9]. gs to Regular Leaflet(RL) 

Paper 

VJ. Conclusion 

This paper introduces a methodology to extract morphological and . 
geometrical features from a plant 

pound leaf. 10 features are extracted from input a compound lead · th. . 
co • . image, 1s methodology is not 

d Pending on the user. Hierarchal Clustenng of plant compound leaf is ay lied th e ppti on e sample to reduce 
the large number of plant's types of specific plant compound leaf to help in classification, and it can be 

used to find the similarity in the groups of plants that have compound leaves. Experimental results of the 
clustering process shows that our methodology can be used to classification in the feature. 

Jn the future these extracted features can be used in the classification of plants that have compound 

leaves that represent an important component in human life, by using Computer Machine for example. 
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