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Classification of Wheat Seeds Based on Morphology and Color Features 

Using Image Processing Techniques 

 

ABSTRACT  

 

Wheat is one of the most important food sources in the world. Classification of wheat grains 

is essential for controlling the quality of wheat for flour industry, wheat traders and wheat 

researchers. The main focus of this study is on the classification bread and durum wheat 

grain varieties grown in similar and different agro meteorological conditions. Images of 

twelve wheat varieties (six wheat varieties from AARC and the remaining six wheat varieties 

from Haramaya University, College of Agriculture and Environmental Science) of durum 

wheat and bread wheat classes were captured using camera and stored for processing. 

Important morphological and color features were extracted for classification. Artificial 

neural network was used to classify the images into two categories. The classification results 

were organized using morphological features, color features and combinations of color and 

morphological features. Six morphological features and twelve color features were extracted 

from each wheat grain samples. The same classification organizations were used for seed 

samples grown in the similar or different agro meteorological conditions. Of the total 600 

images, 15% of total images (90 images) were used for testing, 70% (420 images) for training 

and 15% (90 images) for validation. The overall accuracy of classification using only 

morphological feature was 96.0%, color features were 92.5% and combination of 

morphological and color feature was 100% for seeds grown under the same agro metrology. 

The accuracy of classification using morphology was 87.5%; color feature was 85.7% and 

combinations of color and morphology 90.5% grown under different environmental condition. 

This seems like the agro meteorological variability has affected either morphological or color 

features of wheat varieties.         

 

Key Words:  Artificial neural network, Bread wheat and Durum wheat, Image analysis
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1. INTRODUCTION 

1.1. Background of the Study 

 

Wheat is the most important and widely grown cereal crop in the world and it occupies about 

17% of the world cultivated land (Abiot et al., 2015). Ethiopia is the second largest producer 

of wheat in sub-Saharan Africa (White et al., 2010) and  wheat is classified as bread wheat, 

durum and emmer wheat types (Belayneh et al., 2014).  

 

Wheat is mainly grown in the highlands of Ethiopia, which lie between 6 and 16° N and 35 

and 42° E, at altitudes ranging from 1500 to 2800 meters above sea level and with mean 

minimum temperatures between 6
o
C  and 11

o
C (Hailu, 1991; MOA, 2012). 

 

This crop is considered as the main staple food of Ethiopian population particularly in 

highlands of the country where it has produced in a large volume though 95% of the total 

production is produced by small scale farmers. Wheat accounts for 17.5% of major crops 

produced in Ethiopia (ECX, 2009). Currently it ranks second both in terms of volume of 

production and productivity after maize and third in terms of area coverage after maize and 

Teff (CSA, 2007). Crop varieties provide the necessary options to growers, processors and 

consumers. In the case of crops such as wheat, where consumer are dependent on use of a 

specific variety, thus the identification of this variety is crucial. Variety identification is also 

important for plant breeders and geneticists. 

 

In wheat processing industry, rapid varieties identification is the prerequisite for the 

determination of the quality of their product. Usually visual assessments are being used to 

identify varieties based on grain morphology, though it requires skill for proficiency (Shouche 

et al., 2001).  

 

Cereal quality requirements differ with respect to the end users in the sense that different 

varieties could be used for bread, cakes, cookies and pasta products. The current visual 

classification procedure is involving, even for trained inspectors because of the wide variation 
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in visual characteristics caused by contrasting class, varietal and environmental effects. Zayas 

et al., (1996) suggested that the physical characteristics of wheat could be used for the 

development of an objective wheat classification method. 

 

Morphological features are the major determinants of seed weight and have a direct effect on 

grain yield. In conventional breeding applications, kernel morphology traits are usually 

evaluated by kernel weight, which may be correlated with several characters including kernel 

shape, size and thickness. Good kernel size, shape and uniformity are important criteria in 

determining market value or commercial success of improved wheat cultivars. Thus, 

understanding the genetic basis of kernel morphology traits is extremely important for wheat 

breeding programs (Adhiena, 2015).  

 

Size and shape are important characteristics of biological objects. This is determined 

genetically, however often the environment has an influence on the expression of the size and 

shape and therefore the resultant form is an outcome of both genetics and environment. 

Despite the variability in the expressed potential of size and shape, there is adequate 

consistency among the individuals of population that allows the use of size and shape 

characteristics for grouping or classification.  

 

Machine vision is widely used in the field of agriculture for identifying the varieties of 

various food crops and their quality as well. A machine vision system (MVS) provides an 

alternative to the manual inspection of biological products. It requires the usage of digital 

images. These images could be captured with the help of digital camera and are then stored in 

the computer for future work.  

 

Classification can be defined simply as an arrangement of objects in groups according to their 

similarities. In this study, the classification process is achieved using ANNs. Classification of 

wheat type is realized according to seeds data (Ali et al., 2016). 

 

In some cases, it is vital to differentiate categories of varieties for either to get better yield or 

to remove the effect of foreign matters. Thus sorting and grading of agricultural products is 
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highly influenced by a computerized system. In almost all agriculture oriented economically 

backward country sorting or grading is done manually by people. Thus, this task is tedious 

and repetitive. In manual grading process, humans are involved, and to maintain the 

consistency and uniformity in grading depends on their mental and physical fitness. In order 

to solve above problems, a computer mediated system that can mimic the human grading and 

sorting process may adequately expedite the process as well it may sort agriculture entities 

into uniform and consistent quality groups. For this purpose, intensive research works are 

being conducted to design and build intelligent, reliable, flexible and effective systems that 

can quickly sort a variety of wheat and other agriculture products (Mayur and Swaminarayan, 

2015). 

 

Several works for classifying various agricultural products have been studied in the literature. 

Zayas et al., (1985) classify using few shape features for the recognition of six samples of 

American durum wheat variety. (Meesha and Nidhi, 2013) classify individual kernels of 

Canada Western Red Spring wheat variety by using different features.    

 

In this study, artificial neural network learning algorithm was designed to classify wheat 

grains grown in Ethiopia into bread or durum according to their color and morphological 

features with high accuracy. The ANN is built on feed forward propagation using MatLab 

software. 

 

There are three class of wheat: i.e. bread (Triticum aestivum), durum (Triticum durum Desf), 

and emmer (T. dicoccum). Although the classes are suitable for specific end uses, different 

varieties belonging to the same class may differ significantly in their characteristics. This 

necessitates the correct class and variety identification with respect to end use. Correct 

identification of wheat variety is also important in research where a specific variety may be 

chosen as starting material for experimentation or as a part for crossing program. 

 

 

There are two dominant varieties of wheat grown in Ethiopia: durum wheat, accounting for 

60% of production, and bread wheat, accounting for the remaining 40% (Gashaw et al., 

2014). Generally this research is dealing with the development of image-based computer 
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routine algorithm for classification of the two dominant wheat seeds varieties into two classes 

(bread wheat and durum wheat) by considering the influence of environment of growing area. 

1.2. Statement of Problem 

 

Classification of agricultural products is very important for economic reasons. Wheat grains 

of different quality are used in making bread, pasta and cakes as end product. The quality of 

wheat grain is related to the amount of protein it possesses. Durum wheat has more protein 

than the bread wheat. The bread wheat grains mixing into durum grains lead to a reduction in 

its protein content. Therefore, classification of wheat grains and subsequent determination of 

the level of adulteration helps to monitor the quality and thus the cost. Image processing 

techniques can be employed to classify the products through the visual features. Furthermore, 

artificial intelligence techniques are integrated in the classification applications.  

 

The natural variability of wheat seed products makes the task of identification and 

classification extremely challenging and computationally intensive because of the need to 

have a large number of classification features. The implementation of artificial neural network 

as automation decision algorithm in computer vision has evident advantage in classification. 

 

This thesis work was initiated to develop an appropriate computer routine algorithm for the 

classification of two wheat seed classes grown in Ethiopia by exploring the techniques of 

image processing and analysis. 

 

1.3. Objective of the Study 
 

The general objective of this research was to develop image-based computer algorithm for 

classification of wheat seeds varieties using color and morphology attributes. The research 

was guided using the following specific objectives: 

 

 To pre-process and segment wheat samples collected from farmers grown under 

different agronomic management using image analysis.  

 To classify and validate wheat seed variety samples that grown under the same 

and different agronomic management from research centers.  
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1.4. Significance of the Study 

 

Several wheat varieties are growing in different parts of Ethiopia. These varieties of wheat 

seed can be sorted into different classes. They are sorted in order to maintain uniformity. 

Wheat seeds classification is very useful in encouraging good quality flour production, 

ensuring dependable and competent food complex factory in the production of bread, 

macaroni and pasta as well as source of information to wheat breeder. In light of this, it is 

important to explore the possibilities of adopting fast system which saves time and is more 

accurate in classification of wheat by reducing observer biases. One of such methods is image 

analysis and computer vision system.  

 

The purpose of this research work is to implement image analysis and classification 

algorithms for features extraction and classification of wheat varieties. The development of an 

appropriate computer routine algorithm was based on both color and morphological feature of 

wheat samples. Such system might be used by the millers, distributors and researchers to sort 

and grade wheat and its products are through traditional quality inspection and handpicking 

which is time-consuming, laborious and less efficient. Manual sorting and grading were based 

on traditional visual quality inspection performed by human operators, which is tedious, time-

consuming, slow and non-consistent. 

 

A human operator takes 50-100g of grain randomly from each quintals and use visual 

observation to define their classes. Comparatively, the physical characteristics of durum 

wheat is relatively larger than bread wheat up to 20% and amber color of seeds used to judge 

the classes of wheat.  

 

This research was aiming to develop an algorithm that may reduce time and human 

involvement in classification of wheat varieties.   
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2. LITERATURE REVIEW 

2.1. Image Processing 

 

Image processing involves treating a two-dimensional image as the input of a system and 

producing a modified image or a set of defining parameters related to the image. Modern 

image processing tends to refer to the digital domain where the color of each pixel is specified 

by digits (Mayur and Swaminarayan, 2015). 

 

Image processing and analysis are recognized as being the core of computer vision (Krasula et 

al., 2011). It involves a series of image operations that enhance the quality of an image in 

order to remove defects such as geometric distortion, improper focus, repetitive noise, non-

uniform lighting and camera motion. 

 

 Image analysis is the process of distinguishing the objects (regions of interest) from the 

background and producing quantitative information, which is used in the subsequent control 

systems for decision making. 

2.2. Feature Extraction 

 

 Image feature extraction involves the extraction of image features at various levels of 

complexity from the image data (Davies, 2005). Statistical procedures from basic image 

statistics such as mean, standard deviation, and variance to more complex measurement such 

as component analysis can be used to extract the features from digital images (Arivazhagan et 

al., 2010). According to the diverse information stored in pixels, image features obtained can 

be categorized into four types - color, size, shape, and texture (Du and Sun, 2004). 

 

 In feature extraction, we generally seek invariance properties so that the extraction process 

does not vary according to chosen (or specified) conditions. That is, techniques should find 

shapes reliably and robustly whatever the value of any parameter that can control the 

appearance of a shape. In principle, as long as there is contrast between a shape and its 

background, the shape can be said to exist, and can then be detected. Selecting features deals 
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with choosing relevant subset of features large set of features to carry the task of 

classification. While classification of wheat, identification, extraction and selection of 

appropriate features is great importance. Because selecting wrong features can deviate the 

classification process from its correct path. The features can be used in combination with 

other features in order to obtain the better accuracy of the machine learning algorithms. 

Employment of large number of features offers better results. Employing more features can 

deteriorate the performance of the machine algorithm and increase computational cost. 

Selection of correct number of features leads to computational accuracy of machine 

algorithm. 

2.2.1. Color feature  

 

Color is an important and the most straight-forward feature that humans perceive when 

viewing an image. It is an important descriptor for identification of the variety and class of 

wheat. Wheat grain shows a color variation from light yellow to red brown depending up on 

the presence of pigment on the surface of cell layer (Bhagwat et al., 2001).   

 

When humans view a color object, we tend to describe it by its hue, saturation, and 

brightness. Hue is a color attribute that describes a pure color, whereas saturation gives a 

measure of the degree to which a pure color is diluted by white light. Brightness is a 

subjective descriptor that is practically impossible to measure. It embodies the achromatic 

notion of intensity and is one of the key factors in describing color sensation. We do know 

that intensity (gray level) is a most useful descriptor of monochromatic images. This quantity 

definitely is measurable and easily interpretable (Gonzalez et al. 2009). 

 

  Color features of kernels included mean, variance, and ranges of the red (R), green (G), and 

blue (B) color primaries and the derived hue (H), saturation (S), and intensity (I) values. 

 

  
 

 
                                                                                     (2.1) 

 

    
 

       
                                                                              (2.2) 
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The mean   , variance    and range of HSV image samples can be calculated as: 

 

                                                                                           (2.4) 

                                                                                                                          (2.5) 

                                                                            (2.6) 

Where P(x,y) is gray level intensity value of image   

2.2.2. Morphological feature  

 

Morphology in the context of image processing means description of shape and structure of 

the object in an image. Morphological operations work on the basis of set theory and rely 

more on relative ordering of the pixel instead on their numerical value. This characteristic 

makes them more useful for image processing (Ravi and Kahan, 2015). 

 

Mathematical morphology is a broad set of image processing operations that process images 

based on shapes. Morphological operations apply a structuring element to an input image, 

creating an output image of the same size. In a morphological operation, the value of each 

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

image with its neighbors. By choosing the size and shape of the neighborhood, it is possible to 

construct a morphological operation that is sensitive to specific shapes in the input image. 

 

The geometric properties such as size and shape are one of most important physical properties 

considered during cereal grains processing, due to its morphology can be associated with 

quality parameters. Grains are considered like spheres or ellipse because of their irregular 

shapes. Wheat shape can be described as round (approaching spheroid). Morphologically, 

Millar describe that wheat kernel presented a marked crease, a re-entrant region on the ventral 

side, extending along the grain’s entire length and deepest in the middle; however, variation 
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occurs in the thickness, large and width of the grain. The shape of the groove is a 

characteristic feature of some species and cultivars (Gürsoy, 2010). 

Neuman et al., (1987) studied the objective classification of Canadian wheat cultivars based 

on kernel morphology using digital image analysis (DIA). Classification accuracy among 

cereal grains have been reported using morphological and reflectance feature. The 

classification accuracy might change if tested from commercial sample that collected from 

different growing region. 

 

The following morphological features were extracted from the labeled image; 

 

Major axis length: - it is the distance between end points of the longest line that could be 

drawn through the image. The major axis end point is found by computing the pixel distance 

between every combination of border pixel in the image boundary and finding the pair with 

maximum length. The length of major axis is the maximum distance in the object between 

two end points 

 

                          
         

                                                (2.7) 

 

Where         and         are the coordinates of the two end points of the major axis. Once 

the end points of the major and minor axis are found, their length is given by the same 

equation. 

 

Minor axis length: - it is the distance between end points of the longest line that could be 

drawn through the object line maintaining perpendicularity with the major axis. 

 

                                                                             (2.8) 

 

Where        and        are the coordinates of the two end points of minor axis. 

 

Thinness ratio: - it measures the roundness of image 
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                                                                  (2.9) 

Equivalent diameter (Eq):- It is the diameter of a circle with the same area as the wheat 

grain region. 

 

                     
      

 
                                                                        (2.10) 

 

 

Area (A): The area of a region is defined as the number of pixels contained within its 

boundary; 

                                                                                                (2.11) 

Where A is area and O (i, j) is object’s pixel 

 

Perimeter (P): the perimeter is the length of its boundary or the count of the number of pixel 

sides around the boundary of the object starting at an arbitrary initial boundary pixel and 

returning to the initial pixel. The object perimeter can be defined as: 

 

         
                                                                                         (2.12) 

Where P is perimeter and  

           di is the Euclidian distance between successive pair of pixel. 

 

Aspect ratio (K):- is the ratio of the length of major axis to the length of minor axis  

 

                 
                    

                    
                                                         (2.13) 

 

2.3. Pattern Classification   

 

 Classification is a data mining (machine learning) technique used to predict group 

membership for data instances. To simplify the problems of prediction or classification, 

neural networks are being introduced. It is a massively parallel distributed processing system 



11 

 

made up of highly interconnected neural computing elements that have the ability to learn and 

thereby acquire knowledge and make it available for use. 

 

 ANN is a system which is modeled as an inspiration of biological neural network but with a 

simpler structure. The main feature of these systems is that they have fully parallel, adaptive, 

learning and parallel distributed memories. Generally, it consists of three layers this are an 

input layer, one or more hidden layers and an output layer. Each layer has a certain number of 

components attached to one another called neurons or nodes (Zapotoczny et al., 2011).  

 

The number of nodes is used to train the network. The trained neural network was tested with 

the testing samples to find how well the network will do when applied to data from the real 

world. One measure to find how well the neural network has fit the data, the confusion matrix 

was plotted across all samples. Given an input, which constitutes the features of a seed, the 

neural network is expected to identify the type of the seed which is achieved by neural 

network training. The ANN topology is shown in Figure 2.1. 

 

            Figure 2.1 Artificial Neural Network Topology  

 

Artificial neural network consists of artificial neural network cells as shown in Figure 2.1, 

each circle represents a cell. For each property, a cell must be placed in the input layer. The 

number of neurons in the input layer must be equal to the number of each different input 

sample available, and the input data are applied directly to the input layer. These data are then 
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passed to the output layer through operations such as addition, multiplication and activation 

functions. Finally, these data are given directly to the output layer. 

2.4. Different Wheat Varieties Grown in Ethiopia 

 

Ethiopia is the second largest wheat producer in Sub-Saharan Africa. Wheat is one of the 

major cereal crops grown in the Ethiopian highlands. At present, wheat is produced solely 

under rain fed conditions. The major wheat producing areas in Ethiopia are located in Arsi, 

Bale, Shewa, Ilubabor, Western Harerghe, Sidama, Tigray, Northern Gonder and Gojam 

Zones (Birhanu, 2010). The farmers sampled a total of 13 different wheat varieties during 

1998. Different survey results revealed that 91.5 % of the farmers adopted improved bread 

wheat varieties. Kubsa (39% of growers) and Pavon (25 % of growers) were the two most 

widely adopted varieties in the region (Setotaw et al., 1999).  

 

According to Ethiopian agricultural transformation agencies Durum wheat cultivars, Gerardo, 

Cocorit-71, Foka, Boohai, and DZ-04-118, were studied from 1993-94 to 1999-00 at Debre 

Zeit to determine the stability of their resistance to stem rust. Durum wheat is increasingly 

becoming more important to meet pasta & macaroni demand and is best adapted for dry 

climates with hot days and cool nights. 

 

In Ethiopia there are two wheat classes with different shape and color. These are Durum 

wheat and Bread wheat. Durum wheat is sub classified into MEGENAGNA, METTAYA, 

RARE 35, META 37, MANGUDO and SELAM.  Bread wheat type is also sub classified into 

LEMU, WANE, OGOLCHO, JALELE and GRASSY.   

 

2.5. Related Works 

 

The first application of digital image analysis for recognition of wheat variety was describe by 

Zayas et al. (1985). They provided discriminate analysis of few shape features for the 

recognition of six samples of American durum wheat variety. The same authors used 

successive morphological feature of kernel for discrimination of various other American 
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wheat (Zayas et al., 1986) and reach discrimination accuracy of 77% and 85% for varieties 

and class respectively. Using the same method Sapirstein et al., (1987) tried to differentiate 

between durum wheat, barley, oat, and rye.  Classification of individual kernels of Canada 

Western Red Spring wheat variety by combining two or three features sets (morphological, 

color, textural) presented in (Meesha and Nidhi, 2013).       

 

Naveen et al., (2013) illustrated an algorithm for recognition and classification of similar 

grain images using artificial neural networks. It shows that accuracy of 78-84% is achieved by 

using either individual color or texture feature, and accuracy of 85-90% is seen when both the 

features are combined.  

 

Luo et al., (1999) determined sixty eight geometric attributes of shape, which were used to 

correctly identify diseases or damage with 90–100% accuracy and Shouche et al., (2000) 

described the use of shape indexes to characterize wheat varieties. Measurement of geometric 

attributes can be useful in automatic cultivar classification. Various grading systems using 

different morphological features for the classification of different cereal grains and varieties 

have been reported in literature.  
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3. MATERIALS AND METHODS 

 

3.1. Samples Location  

  

The study was conducted in Adet Agricultural Research Centre (AARC) including the similar 

agro ecological areas in North Western Ethiopia. The Adet is found in Amhara Region with 

the geographical reference of 11°16’N latitude and 37°29’E longitude at an altitude of 2216 m 

above mean sea level. The mean annual rainfall is 1250 mm, and the average annual 

maximum temperature is 25.5°C and minimum temperature is 9.2°C (Abera et al., 2019). 

 

Another set of samples were obtained from is Haramaya University research station. The 

research station is at an average altitude of 2043 meter above sea label and is located at a 

latitude of 9
0
 0’N and longitude of 42

0
 0’E. The place has a mean maximum temperature of 

28.5
0
C and mean minimum temperature of 12.6

0
C. It is situated in the semi-arid tropical belt 

of eastern Ethiopia and is characterized by a sub-humid type of climate with an average 

annual rainfall of about 790 mm (Wondafrash et al., 2015). 

3.2. Study Design  

Computer vision-based approach to characterize wheat variety samples involves defining and 

quantifying some specific visual features such as color descriptor like mean and variance of 

each RGB channel and measure geometric (morphological) parameters like perimeter, grain 

area, major axis, minor axis, equivalent diameter and roundness of seed. This was achieved by 

using digital Nikon DXM 1200 camera with 16MP resolution and analyzed by MatLab 

(2013a) software. A personal computer (Toshiba core i5, 4 GB RAM, with 64 bit operating 

system) was used for image analysis. To this end iterative (optimal) thresholding and color 

image processing algorithms were employed to extract and classify descriptors of two wheat 

varieties commonly grown in Ethiopia. By taking samples of bread and durum wheat classes 

from AARC, classification was conducted after the extraction of appropriate features. In this 

case, color and morphological feature were extracted and fed to the neural network to classify 

wheat varieties into their respective classes (bread and durum wheat) grown in similar agro 
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climatic condition. Similarly, the samples were collected for both bread and durum wheat 

from Haramaya University College of Agriculture and Environmental Science in order to 

observe the effects of environment. Finally the result of classification accuracy was compared 

and discussion was made on the effect of environment on seed morphology and color.  

 

Figure 3.1 depicted the flow chart showing the steps for the grain samples image processing, 

feature extraction and classification. 

 

 

  

 

 

 

 

 

 

 

 

 

                 Figure2    3.2 The flow chart showing image processing, analysis and classification 

 

3.3. Sampling  

 

Appropriate sampling is essential for correct classification. A known grain sample was 

collected from Adet agricultural research center (AARC) which is located in Amhara regional 

state, West Gojjam Administrative Zone. Improved bread wheat varieties such as LEMU, 

WANE and GRASSY and durum wheat varieties as SELAM, METTAYA and MEGENAGA 

were obtained from AARC.  In total six wheat varieties initially collected from the two wheat 

types (bread wheat and durum wheat varieties) that were harvested in the research center were 

prepared. For each sample wheat variety, 50g per variety was taken for capturing image and 

Image 

acquisition  

 

Classification  

Pre- 

processing  

 

Feature 

extraction 

Training 
Testing  
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analysis. Fifty images were taken for each variety and totally 300 images were captured for 

this thesis work.  

 

In order to observe the effect of environment on seed features, images of the wheat varieties 

(OGOLCHO, LEMU and JALELE for bread wheat, and RARE35, META37 and 

MANGUDO for durum wheat classes) from Haramaya University College of Agriculture and 

Environmental Science. 50g per variety was taken for image capturing and analysis. Similarly 

fifty images for each variety, totally 300 images, were taken for thesis work.    

3.4. Image Acquisition 

The first step in using a machine vision system is acquiring a digital image. While acquiring 

image proper illumination plays a vital role in order to obtain a good quality image with 

minimal noise. Otherwise it may lead to distortion of object features in the image.  In this 

work the images were captured under natural light avoiding direct sunlight for proper 

illumination and also maintained uniform background as shown in Figure 3.2. A fixed 

distance was maintained between the camera and the grain samples, by using a stand which 

provides vertical movement. The grains were spread on a sheet of paper randomly. 

Morphological watersheds were used for segmenting grains that were touching each other. 

The images were captured and stored in JPEG format automatically. The images were then 

uploaded to a computer via a USB installed provided with image acquisition and processing 

toolboxes of MatLab (2013a) software toolbox  to visualize, acquire and process the image 

directly from the computer. 
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Figure 3.2 Image acquisitions of wheat samples 

3.5. Image Preprocessing  

 

Sometimes the captured images need to be processed to improve its quality. In our case, first 

RGB images were converted into intensity images for morphological features segmentation 

and extraction. Then the captured images were resized to a fixed resolution (256×256) to 

optimally utilize the storage capacity and reduce the computational time. Then after, the 

images were enhanced by using contrast adjustment techniques. In this research enhancing the 

contrast of the image and removing noise from the image were performed as a part of image 

preprocessing. 

3.6. Image Segmentation  

 

Image segmentation separates regions of interest from the background. These regions (objects 

and background) are the focus for further wheat variety identification and classification. 

 

Image segmentation helps to extract essential objects information such as color, texture, shape 

and size (Barakbah and Kiyoki, 2010). It was used to separate the desired objects from the 

background. Image segmentation refers to the process of partitioning of the digital image into 
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multiple segments to change the image into something that is more meaningful and easier to 

further analyze and classify. 

 

Image thresholding, binarized grayscale images into binary images by turning all pixels 

whose intensity value less than or equal to a particular threshold values are assigned to zero 

and all pixels above to one. In this research, automatic selection of threshold value, which is 

automatically selected without human intervention, was used. The technique is usually used to 

select a thresholding value that separates an object from its background and from each other. 

This suggests that the objects (wheat seed) have a different range of intensity value with 

respect to the background.  

 

Iterative threshold selection steps 

1. Select an initial estimate of threshold T. a good initial value is the average intensity of 

the image. 

2. Partition the image into two groups R1 and R2 using the T. 

3. Calculate the mean gray value  
  
     

 
 of the partitions R1 and R2. 

4. Select the new threshold:  

  
 

 
  

 
  

 
                                                                           (3.1) 

5. Repeat steps 2-4 until the mean values  
  
     

 
 in successive iteration do not change. 

The wheat grains were detected by subtracting the background from the original image, which 

was done using thresholding of image.  

3.7. Feature Extraction and Classification 

3.7.1. Color feature 

 

Recognition of wheat varieties was carried out based on the color and morphology 

parameters. To distinguish wheat varieties based on color, the RGB (red, green, blue) and HSI 

(Hue, Saturation and Intensity) color spaces were used. 

Algorithms were developed in windows environment using MatLab (2013a) programming 

language to extract color features of individual wheat seed samples. Twelve color features 
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were extracted in this research work. Mean value of RGB, HIS and variances were extracted.  

MatLab codes’ that separated the objects and calculated the mean values of each color space 

and recorded for later use. To separate wheat seeds from background, the images of 

background (without grain) and images (with grain) were independently captured and then 

image was subtracted from the background. 

3.7.2. Morphological features classification  

 

Morphology is the geometric property of an object in the images. It expresses shape and size 

of wheat samples in an image.  Algorithms were developed to extract the morphological data of 

area, perimeter, equivalent diameter, major axis length, minor axis length and roundness. 

These six morphological features of each samples of wheat variety were extracted from binary 

image and their average values were taken for each sample of wheat variety. The extracted 

morphological features were further analyzed and classified. 

3.8. Artificial Neural Network Classifier  

 

In order to train the neural network, a set of wheat seeds morphological and color features and 

predefined classes for training were required. During training, the connection weights of the 

neural network were initialized with some random values. The set of training samples were 

used as input to the neural network classifier in random order and the connection weights 

were adjusted according to the error. This process was repeated until the mean squares error 

(MSE) fell below a predefined tolerance level or the maximum number of iterations was 

achieved. When the network training was finished, the network was tested and the 

classification accuracies were calculated. 

 

A data set of three hundred sample images of wheat the following processes was performed in 

order to determine the classes of wheat. 

 

a. Forty five images (15%) of the data were randomly selected as test data. 

b. Forty five images (15%) of the data were randomly selected as validation data.  
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c. The remaining two hundred ten images (70%) of the data were randomly selected as 

training data. 

 

 In this study, a feed forward network structure that contains an input layer, a hidden layer 

and an output layer was used. Different transfer functions (Purelin, Tansig, Logsig etc.) were 

evaluated in the neurons in the hidden and output layers.  However Tansig was selected as the 

transfer function due to the fact it yielded the best classification accuracy. 

3.9. Data Analysis Procedure 

 

In this study, images of wheat samples were captured for classification into two classes. Each 

wheat class contains sub classes (six varieties from bread wheat and six from durum wheat).  

Totally twelve varieties of wheat samples were used for classification. For each variety fifty 

images were taken for image analysis. The image segmentation algorithm, feature extraction, 

and ANN classification model of wheat were implemented by using MatLab software. 

 

A total of six hundred wheat samples images were fed into a computer and the necessary 

features of the images were extracted using different techniques of image processing. Features 

that were extracted from the images were used to develop and train the artificial neural 

network algorithms. The images of wheat samples with unknown classes were fed to the ANN 

to classify the wheat samples based on their phenotypic characteristics to identify their classes 

using MatLab platform. 

 

In this study the result of classification was displayed by confusion matrix (confusion table). 

Confusion matrix is an output tool of artificial neural network classifier. It displays correct 

classification results along the diagonal which highlighted with green color, misclassifications 

below and above the diagonal in boxes which are highlighted with red color and the 

cumulative result at the right bottom (end of the diagonal) box is highlighted with blue color. 
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4. RESULTS AND DISCUSSIONS 

 

This chapter presents the segmentation and extraction result of wheat seed features. 

Depending on these features the wheat samples were categorized into their respective class as 

bread wheat and durum wheat. Efforts were also made to obtain the classification results of 

wheat seeds by considering the effect of environment on seed color and morphology. The 

classifications were undertaken using three experimental setups in terms of color, morphology 

and combination of color and morphology features. 

 

4.1. Image Pre Processing  

 

Pre-processing is one of the important steps for the enhancement of quality of the captured 

image. It uses small neighborhood of pixel of an image to get new brightness value in the 

output image. The result of preprocessing was shown in Figure 4.1. 

 

        

                                          A                                                    B 

             Figure 4.1 A) Original image and B) Enhanced image 

 

Image enhancement is basically improving the interpretability or perception of information in 

images for human viewers and providing better input for other automated image processing 

techniques. Therefore   enhanced image of wheat grains (Figure 4.1 B) were more visualize 

than original image.  
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 4.2. Result of Segmented Image 

 

Before segmentation the gray level image should be converted to binary image using level = 

graythresh (g) and bw = im2bw (g, level); then L= bwlabel (bw, 8); label each seeds so we can 

make measurements of it; Mat Lab toolbox functions. In order to segment image from 

background automatic thresholding technique was used. The resulting segmented images were 

shown in Figure 4.2.  Image segmentation and labeling MatLab code shown in Appendix A 

were used. 

 

 

                           A                                                                        B 

                           

                Figure54 .2.  A) Gray image and B) Segmented and labeled image 

On segmented image shown Figure 4.2 B; the black color indicates background image where 

as colored image indicates ROI which is wheat grain. The different colors on region of 

interest show that there are different separated seeds on the back ground. Each wheat grains 

are shown on different color.     
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4.3. Results of Morphological Features  

 

The average morphological features of grain images that were captured for known samples 

drawn from Adet Agricultural Research Center and Haramaya University College Agriculture 

and Environmental Science were calculated using MatLab code in Appendix A. The 

morphological parameters were area, perimeter, major axis length, minor axis length, 

equivalent diameter and seed roundness. Then morphological features were calculated from 

binary images. The mean values of features were computed for both bread and durum wheat 

classes taken from Adet Agricultural Research Center are shown in Table 4.1 and Table 4.2, 

while the mean value of wheat feature drawn from Haramaya University is tabulated on Table 

4.3 and Table 4.4. 

 

Table 4.1 Mean value of morphological features calculated (in pixel) for bread wheat seed 

varieties drawn from AARC 

 

 

Varieties 

 

Average 

Area 

Average 

Perimeter 

Average 

Major axis 

length 

Average  

Minor 

axis 

Equivalent 

Diameter 

Roundne

ss 

 

LEMU 200.26 52.27 21.34 11.94 15.77 0.57 

WANE 212.76 54.23 22.09 12.15 16.14 0.55 

GASSAY 215.34 53.98 21.90 12.58 16.56 0.57 

   
     

Table 4.2  Mean value of morphological features calculated (in pixel) for durum wheat seed 

varieties drawn from AARC 

      Varieties 

Average 

Area 

Average 

Perimeter 

Average  

Major axis 

Average 

Minor 

axis 

Equivalen

t 

Diameter 

Roundne

ss 

  
  
  
  
  
 

MEGENAGA 271.27 63.48 26.38 13.15 18.62 0.51 

0.52 METTAYA 234.79 58.75 24.49 12.58 17.72 

SELAM 244.60 59.05 24.12 12.98 17.59 0.53 
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When we compare bread wheat and durum wheat taken from AARC, durum is relatively 

larger than bread wheat so that it covers large number of pixels in the image. From the data on 

the table bread wheat is a little round as compared to durum wheat.  

 

Table 4.3 Mean value of morphological features calculated (in pixel) for bread wheat seed 

varieties drawn from Haramaya University 

 Varieties  

  Average 

Area 

Average 

Perimeter 

Average  

Major axis 

Average 

Minor axis 

Equivalen

t 

Diameter 

Roundne

ss 

 

OGOLCHO  212.28 53.54 21.51 12.47 16.25 0.59 

LEMU  229.12 56.68 23.21 12.85 16.92 0.55 

JELELE  217.91 54.35 21.91 12.58 16.49 0.58 

 

 

Table 4.4 Mean value of morphological features calculate (in pixel) for durum wheat seed 

varieties drawn from Haramaya University 

 

Varieties    Average 

Area 

Average 

Perimeter 

Average  

Major axis 

Average 

Minor axis 

Equivalen

t 

Diameter 

Roundne

ss 

  

RARE 32 220.77 57.03 23.58 12.25 16.84 0.53 

META 37 281.98 63.48 25.63 14.16 17.16 0.55 

MANGUDO 251.01 59.57 24.14 13.31 17.80 0.55 

 

When we compare bread wheat and durum wheat taken from Haramaya University College of 

Agriculture and Environmental science, durum is relatively larger than bread wheat so that it 

covers large number of pixels in the image. From the data on the table bread wheat is a little 

round as compared to durum wheat. Generally in both research centers durum wheat are 

larger and elliptical as compared to bread wheat. This indicates that visual observer can able 

identify the classes of wheat even though the environment was changed.  
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4.4. Results of Color Feature Extraction  

 

The Image processing algorithms were conducted on Mat Lab platform to acquire the feature 

data. First, the RGB levels of the each pixel in the images were determined. These images 

were then converted to grayscale format.  Secondly, the grayscale images were converted to 

binary images using iterative (optimal) thresholding. Thirdly, the images were converted into 

HSI model for color features extraction as shown in Figure 4.3.  

        

 

 

                 Figure6  4.3. RGB and HSI images of wheat samples 

 

The mean value of RGB and HSI are shown in Table 4.5 and 4.6.   

RGB HUE

SATURATION INTENSITY
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Table 4. 5 Color feature characteristics of bread wheat and durum wheat seed varieties drawn 

from AARC. 

 

 

 Bread wheat  Durum Wheat    

              color  

L
E

M
U

 

G
A

S
S

A
Y

  

W
A

N
E

  

M
E

G
E

N
A

G
N

A
 

M
E

T
T

A
Y

A
 

S
E

L
A

M
  

 

 Red 176.781  178.086  174.191  181.473  182.863  199.180 

  

 

Green 150.816 108.136 123.184 146.617 140.898 180.371 

mean Blue 125.152 86.578 96.418 109.160 99.578 145.781 

Hue 0.003 0.095  0.052 0.086  0.099  0.063  

Saturation 0.045 0.333 0.264 0.317 0.457 0.247 

Intensity   0.014 0.693 0.502 0.573 0.712 0.443 

       

Hue 0.002 0.003  0.002 0.003  0.003  0.002  

Variance Saturation 0.004 0.004 0.005 0.007 0.005 0.006 

Intensity  0.005 0.002 0.001 0.001 0.002 0.001 

       

Range Hue 0.119  0.136  0.132  0.115  0.120  0.114  

Saturation 0.592 0.644 0.841 0.745 0.629 0.610 

 Intensity  0.765 0.769 0.910 0.773 0.722 0.757  
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Table 4.6 Color feature characteristics of bread wheat and durum wheat seed varieties drawn 

from Haramaya University. 

 Bread wheat Durum Wheat    

                Color 

O
G

O
L

C
H

O
 

L
E

M
U

 

JE
L

E
L

E
 

R
A

R
E

 3
5

 

M
E

T
A

 3
7
 

M
A

N
H

U
D

O
 

 Red 137.477  146.078  154.922  188.191  180.648  245.402  

Green 114.738 124.418 130.273 158.469 149.344 198.731 

mean Blue 89.762 99.762 99.945 125.762 114.309 147.473 

Hue 0.004 0.078   0.085  0.093 0.107 0.107 

Saturation 0.062 0.305  0.298 0.352 0.402 0.427 

Intensity   0.017 0.539 0.572 0.607 0.738 0.708 

Hue 0.002 0.002  0.002 0.003  0.004  0.004   

Variance Saturation 0.004 0.004 0.005 0.006 0.006 0.008 

Intensity  0.006 0.001 0.001 0.001 0.002 0.002 

       

Range Hue 0.122  0.125  0.142  0.124  0.139  0.129  

Saturation 0.639 0.641 0.629 0.629 0.639 0.675 

Intensity  0.761 0.776 0.749 0.773 0.804 0.773 

 

From the table the RGB value of wheat samples taken from both research centers bread wheat 

was light yellow but durum wheat were dark yellow (amber color). Therefore the data shows 

the RGB channel for durum wheat is relatively larger than the RGB channel for bread wheat. 

This difference makes the human observer to identify the classes of seed grain.   

 

4.5. Classification by Artificial Neural Network 

 

The features used as an input to the classifier were organized so that six geometrical and 

twelve color features for each wheat samples variety were considered. The geometrical 

features were area, perimeter, major axis length, minor axis length, equivalent diameter and 
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roundness of kernels, while color feature were mean red, mean, range and variance of HSI of 

kernels.  

 

For training and test data eighteen (six morphological and twelve color) features were used as 

input. Generally, 70% of the total wheat images samples were used for training and the 

remaining 30% images were used for testing and validation. 

 

The variety of each wheat class belongs to bread wheat and durum wheat was used as the 

target. More than one hidden layer can be used in ANN depending on transaction complexity. 

One hidden layer was used in our work. In ANN, there were parameters directly affecting the 

performance of the system. By changing these parameters, system was created systems with 

least faults. These parameters considered were the number of hidden layer neuron and epoch. 

In our study, the range of these values was entered in the GUI interface and the best accuracy 

values were calculated. Parameter values providing the best accuracy value were recorded. 

Accuracy values were calculated according to these parameter values. Averages of these 

accuracy values were calculated and average accuracy values were obtained. The same 

process was repeated for the training and validating data. The results of classification were 

first observed independently and finally combined morphology and color. MatLab code for 

ANN classifier is attached in Appendix C. 

4.5.1 Classification result based on morphological features  

 

Morphological features like seed area, perimeter, major axis length, minor axis length, 

equivalent diameter and surface roundness were used as an input to layer for the neural 

network.  Therefore, the numbers of input layers were six. While the output neurons were two 

corresponds to the two predefined wheat classes (Bread wheat and Durum wheat). The 

number of hidden layers in this experiment was 40 while maximum numbers of iterations 

were determined by trial and error.  

 

The overall confusion matrix is shown in Table 4.7. It indicates the accuracy of classification 

using morphological features. The matrix shows the test confusion matrix which indicates the 

correct classification and misclassification of total three hundred images of which 70% (210 
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images) for training, 15% (45 images) for validation and the remaining 15% (45 images) for 

testing. The classification results based on morphology are shown on Table 4.7 using 

confusion matrixes. 

 

Table 4.7 All confusion matrix result of ANN classification using morphology drawn from 

AARC 

 Bread  Durum  Total (%) 

Bread 

 

144 6 96.0 

Durum 

 

6 144 96.0 

Total  96.0 96.0 96.0 

 

The summary result of artificial neural network classifier using morphological features, from 

the total 300 instances 96.0% were correctly classified and 4.0% of samples were 

misclassified. This means from two classes of samples 4.0% (12 images) were incorrectly 

classify due to morphological similarity.  From Table 4.7 one can deduce that, the classification 

result using morphological features of the wheat samples which are grown in the similar 

environmental and agronomical management were not hundred percent correctly classified into 

their respective classes. The overall confusion matrixes are 97.1%, 95.6%, 91.1%, 96.0% for   

training, validating, testing and all confusion matrixes respectively. The plots of confusion 

matrixes are attached in Appendix D. 

4.5.2. Classification result based on color feature 

 

The wheat samples were classified using the extracted twelve color features (mean red, mean 

blue, mean green, mean saturation, mean intensity, mean hue, variance hue, variance 

saturation,  variance intensity and range of Hue, Saturation and Intensity) as inputs and two 

target outputs (Bread wheat and Durum wheat). Accordingly the classification, set-up was 

adjusted to twelve inputs, twenty hidden layers of neuron and two output layers. MatLab code 

of color feature extraction is attaches in Appendix B. 
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 The classification result based on color features are shown in Table 4.8. The confusion matrix 

indicates the correct classification and misclassification of a total of 300 (70% for training, 

30% for validation and testing) images for six samples drawn from AARC.  

 

Table 4.8 Confusion matrixes showing the classification results of seed varieties by using 

color feature drawn from AARC 

 

 

Bread   Durum  Total (%) 

Bread 

 

142 15 94.7 

Durum 

 

8 135 90.5 

Total (%) 90 95 92.5 

 

The summary result of ANN classifier indicates that out of the total of three hundred images, 

277 images (92.5%) were correctly classified and 23 images (7.5%) were misclassified.  The 

confusion matrix result indicates 92.9%, 100%, 83.3%, and 92.5% for training, testing, and 

overall confusion matrixes respectively. Inspecting the classification result using color 

features eight images of bread wheat were misclassified as durum wheat and other fifteen 

images of durum wheat were misclassified as bread wheat. 

4.5.3 Classification result based on combination of color and morphological feature  

 

 In this combination, eighteen features were used as input to the network. These are six 

features of morphology and twelve from color. Hence, the neuron numbers of the input layer 

were eighteen. The output neurons were two which corresponds to the two predefined wheat 

class (Bread wheat and Durum wheat) considered in this study. Totally fourteen hidden layers 

were used for classification.  

 

ANN was trained using three hundred samples image and validated by forty five sample 

images. Table 4.9 shows the overall confusion matrixes for ANN classification. 
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Table 4.9 Confusion matrixes showing the classification results of seed varieties by using 

color and morphology features taken from AARC 

 

 

Bread   Durum  Total (%) 

    

Bread 

 

150 0 100 

Durum 

 

0 150 100 

Total (%) 100 100 100 

 

The combination of morphology and color can correctly identify wheat seed classless. 

Morphological features were fairly better than color features in recognizing wheat classes. But 

using only morphological features for classification of wheat varieties could not provide good 

results; therefore, it was required to use the combination of color and morphology features for 

recognizing wheat varieties. The overall confusion matrixes are shown in Appendix E, 100% 

for training, testing, validating and all confusion matrixes.  

4.5.4. Effect of environment on morphological based classification  

 

The mean morphological parameters like seed area, perimeter, major axis length, minor axis 

length, diameter and roundness of six wheat sample (three from bread wheat and three from 

durum wheat) in pixel for the samples taken from Haramaya University College of 

Agriculture and Environmental Science are shown in Table 4.3 and  Table 4.4. 

 

Six morphological features were used to classify samples of wheat varieties to investigate the 

effect of environment on morphological attributes. Accordingly six neurons were used as 

input and two neurons for output. The output neurons predicted whether the input samples’ 

features correspond to durum or bread wheat classes. Forty neurons in the hidden layers were 

employed in the designing the classifier. The overall confusion matrix of the classification 

result is depicted in Table 4.10. 
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Table 4.10 The overall confusion matrixes showing the classification results of seed varieties 

by using morphological feature for the sample drawn from Haramaya University 

 

 

Bread   Durum  Total (%) 

    

Bread 

 

131 16 85.7 

Durum 

 

19 134 89.5 

Total (%)  90 85 87.5 

 

As shown in Table 4.10, the summary result of artificial neural network classifier using 

morphological features, from the total test three hundred instances 35 images were 

misclassified but the other 265 images were correctly classified. 

 

The accuracy of classification using morphological features were 85.7%, 83.3%, 86.1% and 

87.5% for training, testing, validation and overall (all confusion matrix) respectively. The 

effects of environment are important on wheat grain for physical property (Benzigar et al., 

1992).  As a result of the environment the accuracy of classification of morphological features 

was lessen to 87.5%.  

4.5.5. Effect of environment on result of color based classification  

 

Twelve color features were used as input while the target outputs were two (bread wheat class 

and durum wheat class). The classifier architecture was set so that it has twelve inputs 

corresponding to the color features, twenty hidden layers and two output layers of neuron. 

From three hundred sample images, color features were extracted. 

 

The overall confusion matrix of the classification of wheat samples drawn from Haramaya 

University College of Agriculture and Environmental Science, based on color features are 

shown in Table 4.11. The table shows the classification result of three hundred images of 

which 70% (210 images) used for the training, 15% (45 images) for validation and 15% (45 

images) data used for testing. 
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Table 4.11 The overall confusion matrixes showing the classification result of seed varieties 

by using color features for samples drawn from Haramay University  

 

 

 

 

 

 

As shown in Table 4.11 the summary result of neural classifier of all confusion matrixes using 

color feature of the total three hundred input images, 258 images (85.7%) were correctly 

classified and 42 images (13.7%) were misclassified. From this table one can deduce that the 

result of classification only color feature has lower accuracy as compared to morphology.    

92.3% for training and 87.5% for validating, testing and all confusion matrixes correctly 

classified. The result of classification is different from Table 4.8. These are due to the effect 

of environment on wheat plant during growth.  The influence of environment also observed in 

color of wheat class too. Numerically 92.5% of durum wheat was correctly classified but as 

the environment changes 85.7% were correctly classified. This indicates environment also an 

effect on the color of wheat seed.  

 

Comparing with the effect of environment on wheat seed color and morphology, the effect is 

highly observed on color features.   

4.5.6. Effect of environment on classification result of combination of color and        

morphology  

 

In this setup, eighteen features which correspond to six shape and size features and twelve 

color features of wheat seed were used as input to the neural network. This set up has two 

output classes corresponding to the predefined wheat classes (bread and durum wheat) while 

the number of neurons in the hidden layers were twenty obtained by trial and error.  

 

The confusion matrix of the classification result based on all features is shown in Table 4.12. 

The table shows the correct classification and misclassification of three hundred images used 

 Bread   Durum  Tota1(% ) 
    

Bread 129 21 85.7 

Durum 21 129 85.7 

Total (%) 85.7 85.7 85.7 
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for training (70% (210 images)), validation (15% (45 images)) and testing (15% (45 images)) 

data. 

 

Table 4.12 The overall confusion matrixes showing the classification results of seed varieties 

by using color and morphological features for the sample drawn from different agro climatic 

environment  

 

 

Bread   Durum  Total (%)  

    

Bread 

 

135 0 100 

Durum 

 

15 150 90.9 

Total (%) 90 100 90.5 

        

The classification by using color and morphology features had also shown better accuracy as 

compare with the result using the individual features for the sample drawn from different 

environment. The difference in agro metrological environment has little effect on morphology 

and color of wheat seed. The summary of ANN indicates, 96.4%, 100%, 83.3% and 90.5% for 

training, testing, validation and all confusion matrixes. 

4.5.7. Classification result with combination of color and morphology, samples taken 

from farmers   

 

Known samples were purchased from wheat flour processing industry store house and photos 

were taken for analysis. Color and morphological features of each sample were extracted. 

Samples were prepared by taking fifty gram of wheat grain randomly from sack. The number 

of samples was thirty for both wheat classes (fifteen samples for bread wheat and fifteen 

samples for durum wheat). The extracted features fed to artificial neural network as shown in 

Table 4.13. The testing data including six morphological and twelve color features of thirty 

samples (fifteen from bread wheat sample and fifteen from durum wheat sample) and their 

testing results are tabulated in Table 4.12. As illustrated in number “1” is assigned to specify 

bread wheat, while “2” durum wheat as targets of the ANN model. The first fifteen images 
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were assigned as bread wheat and the second fifteen images were durum wheat   by the 

technicians.  

 

Table 4.13 The testing results of classifying the wheat grains with the artificial neural network 

 

Sample number Bread wheat Durum wheat  Error Class  

1 1.0000 0.0000 0.000 Bread  

2 1.0000 0.0000 0.000 Bread  

3 1.0000 0.0001 0.000 Bread  

4 1.0000 0.0001 0.000 Bread  

5 1.0000 0.0001 0.0001 Bread  

6 0.9999 0.0001 0.0001 Bread  

7 0.9999 0.0001 0.0001 Bread  

8 0.9967 0.0017 0.0033 Bread  

9 0.0508 1.7767 0.2223 Durum  

10 0.9999 0.0000 0.0001 Bread  

11 0.9999 0.0001 0.0001 Bread  

12 1.0000 0.0000 0.0000 Bread  

13 1.0000 0.0000 0.0000 Bread  

14 1.0000 0.0000 0.0000 Bread  

15 1.0000 0.0000 0.0000 Bread  

16 0.0000 2.0000 0.0000 Durum  

17 0.0001 2.0001 0.0001 Durum  

18 0.0000 2.0000 0.0000 Durum  

19 0.0000 2.000 0.0000 Durum  

20 0.0005 0.9975 0.0025 Bread  

21 0.0000 2.0000 0.0000 Durum  

22 0.0021 1.9644 0.0356 Durum  

23 0.0001 1.9999 0.0001 Durum  

24 0.0000 1.9999 0.0001 Durum  

25 0.0000 2.0000 0.0000 Durum  

26 0.0000 2.0000 0.0000 Durum  

27 0.0000 2.0000 0.0000 Durum  

28 0.0000 2.0000 0.0000 Durum  

29 0.0001 2.0000 0.0000 Durum  

30 0.0020 1.9994 0.0006 Durum  

 

Accuracy 

 

93.4% 
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From table 4.13 we can see that sample number nine and twenty was incorrectly classified 

and sample number 22 were relatively large error value. Generally, 6.4% of the total input 

values were incorrectly classified. The remaining 93.4% were correctly classified. From this 

table we can deduce that even though, wheat was collected from different environment with 

different agro climatic condition; image processing is an important technology to classify 

wheat to their respective classes.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



37 

 

5. SUMMARY, CONCLUSION AND RECOMMENDATION  

5.1. Summary  

 

Wheat is the most important food source worldwide. It is a basic nutrient used in the 

production of flour and fodder. It is one of the most basic foodstuffs for people to feed and it 

is the raw material of bread and macaroni product. And hence, wheat variety has critical 

importance to the wheat flour industries, wheat breeders and for researchers. 

 

The overall objective of this research work was to extract color and morphological features of 

wheat samples and classify them based on morphology (shape and size) and color features 

into the two predefined classes(bread wheat and durum wheat) using artificial neural network 

classifier. 

 

In this study, classification of two different types of wheat, bread and durum wheat were 

carried out. The features obtained from image processing were used for classification. The 

classification process was performed with a program prepared in the Mat Lab software. The 

wheat grain dataset consist of two groups as bread and durum and each group has three 

hundred images. With the help of image processing techniques, six properties were obtained 

from each wheat; area, perimeter, roundness, major axis length, minor axis length and 

equivalence diameter.  For training and testing data, these six features for morphology and 

twelve color features were used as input. Classification was performed using ANN. The 

summary result of ANN classifier confusion matrix on the color feature alone showed that 

from the total of 300 images, 276 (92.5%) images were correctly classified and 24 (14.3%) 

images were misclassified.  Similarly, morphological feature alone, of 300 images of wheat 

samples 288 (96.0%) images were correctly classified and 12 (4.0%) images were 

misclassified grown under similar environment.  

 

As the environment changes summary result of ANN classifier confusion matrix on the 

morphological feature alone shows that from the total of 300 images of wheat samples, 262 
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(87.5%) images were correctly classified and 38 (12.5%) images were misclassified and 

classification using only color feature 85.7% were correctly classified. 

 

In general even though environment was changed, most of the wheat classes are categorized 

with their respective variety. In fact the change in environment has little effect on the 

morphology and color of the wheat samples. It is therefore the morphology and color could 

reliable be used to classify the wheat seed per their variety.     

 

5.2. Conclusion  

 

Image processing techniques have been proved effective machine vision system for wheat 

variety classification. Thus one can conclude that image processing is promising and effective 

tool that can be applied for the classification wheat class. The proposed approach can 

significantly support in feature extraction and classification of wheat variety into their 

growing environment and its effect on seed. 

 

Based on the finding of the study, it is possible to conclude that: wheat variety growing in 

different parts of the country can be classified based on features of seed by using image 

analysis. The classification was done by artificial neural network of MatLab image processing 

toolbox. The accuracy of classification wheat seed varies from 87.5 to 100% based on 

morphological and 85.7 to 92.5% based on color features. Results of experimentation showed 

that the classification of wheat variety has performed best results by combination of 

morphology and color features and lower classification result observed on color feature grown 

under similar environment.  

 

5.3. Recommendation  

 

This work can be carried forward by using machine algorithms, which have better accuracy 

and has less computational cost, other than used in this research work. Moreover, research can 

be done on different variety of wheat and different feature set can be used. 
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Since this work specifically focused only twelve improved wheat varieties taken from two 

research centers, with the same work should be extended for other research centers with more 

number of improved wheat varieties.  
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7.  APPENDIXES 
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Appendix A  Mat Lab Code Morphological Feature Extraction 

clc 

x= imread('image.jpg'); 

x1= imresize(x,[500,500]); 

A=rgb2gray(x1); 

level=graythresh(A); 

bw=im2bw(A,level); 

bw1=im2bw(A,level); 

L=bwlabel(bw1,8); 

se=strel('disk',5); 

opbw=imopen(L,se); 

cc=bwconncomp(bw,8); 

cc.NumObjects; 

labeled=labelmatrix(cc); 

bw = imfill(opbw,'holes'); % fill holes 

figure,imshow(bw); title ('the final image') %Display resulting binary image 

L = bwlabel(bw, 8); % Label each seeds  so we can make measurements of it 

C = label2rgb (L, 'hsv', 'k', 'shuffle'); 

figure; imagesc(C); 

s = regionprops(L, 'Centroid'); 

hold on 

boundaries = bwboundaries(bw); 

numberOfBoundaries = size(boundaries); 

for k = 1 : numberOfBoundaries 

thisBoundary = boundaries{k}; 

plot(thisBoundary(:,2), thisBoundary(:,1), 'w', 'LineWidth', 0.5); 

end 

for k = 1:numel(s) 

c = s(k).Centroid; 

text(c(1), c(2), sprintf('%d', k), ... 

'HorizontalAlignment', 'center', ... 
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'VerticalAlignment', 'middle'); 

end 

hold off 

fprintf(1,'seed         Area          Perimeter          MajorAL     MinorAL     Diameter     

S.Roundness\n'); 

s = regionprops(L, 'all'); 

 

for k = 1 : numel(s) 

seedArea = s(k).Area; % area of each objects. 

seedPerimeter =s(k).Perimeter; % perimeter of each objects. 

seedmajor=s(k).MajorAxisLength; %major axis length of each seed. 

seedminor=s(k).MinorAxisLength;%minor axis length of each wheat seed. 

seedED(k) = sqrt(4 * seedArea / pi); % Equivalent Circular Diameter of each object 

seedSR(k)=seedArea/(pi*(seedmajor/2)^2); 

fprintf(1,'seed%d %8.1f %8.1f %8.1f %8.1f %8.1f % 8.1f \n', k, seedArea,... 

seedPerimeter,seedmajor, seedminor, seedED(k), seedSR(k)); 

end 

% the mean value of morphological parameter for each wheat sample  

GrainData(1,1)=mean(Area); 

GrainData(2,1)=mean(Perimeter); 

GrainData(3,1)=mean(MajorAxisLength); 

GrainData(4,1)=mean(MinorAxisLength); 

GrainData(5,1)=mean(ED); 

GrainData(6,1)=mean(SD); 

%Creating binary image containing two touching seeds. 

center1=-40; 

center2=-center1; 

dist=sqrt(2*(2*center1)^2); 

radius=dist/2*1.4; 

lims=[floor(center1-1.2*radius)ceil(center2+1.2*radius)]; 

[x,y]=meshgrid(lims(1):lims(2)); 
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bw1=sqrt((x-center1).^2+(y-center1).^2)<=radius; 

bw2=sqrt((x-center2).^2+(y-center2).^2)<=radius; 

bw=bw1|bw2; 

% Calculate the distance transform of the complement of the binary image 

D=bwdist(~bw); 

%Take the complement of the distance transformed image so that light pixels represent high 

% elevations and dark pixels represent low elevations for the watershed transform 

D=-D; 

 % Calculate the watershed transform. Set pixels that are outside the region of interest zero 

L=watershed(D); 

L(~bw)=0; 

Imshow (L) 

 

Appendix B:-  Mat Lab Code for Color Feature Extraction 

 

% color detection in RGB color space 

clc; 

close all ; 

% Read standard MATLAB demo image. 

rgbImage = imread( 'ddselam4.jpg'); 

rgbImage =imresize(rgbImage,[256,256]); 

% Display the original image. 

subplot(3, 4, 1); 

imshow(rgbImage); 

title( 'Original RGB Image' ); 

% Maximize figure. 

set(gcf, 'Position' , get(0, 'ScreenSize' )); 

% Split the original image into color bands. 

redBand = rgbImage(:,:, 1); 

greenBand = rgbImage(:,:, 2); 

blueBand = rgbImage(:,:, 3); 
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% Display them. 

subplot(3, 4, 2); 

imshow(redBand); 

title( 'Red band' ); 

subplot(3, 4, 3); 

imshow(greenBand); 

title( 'Green band' ); 

subplot(3, 4, 4); 

imshow(blueBand); 

title( 'Blue Band' ); 

% Threshold each color band. 

redthreshold = 140; 

greenThreshold = 140; 

blueThreshold = 130; 

redMask = (redBand > redthreshold); 

greenMask = (greenBand < greenThreshold); 

blueMask = (blueBand < blueThreshold); 

% Display them. 

subplot(3, 4, 6); 

imshow(redMask, []); 

title( 'Red Mask' ); 

subplot(3, 4, 7); 

imshow(greenMask, []); 

title( 'Green Mask' ); 

subplot(3, 4, 8); 

imshow(blueMask, []); 

title( 'Blue Mask' ); 

% Combine the masks to find where all 3 are "true." 

redObjectsMask = uint8(redMask & greenMask & blueMask); 

subplot(3, 4, 9); 

imshow(redObjectsMask, []); 
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title( 'Red Objects Mask' ); 

maskedrgbImage = uint8(zeros(size(redObjectsMask))); % Initialize 

maskedrgbImage(:,:,1) = rgbImage(:,:,1) .* redObjectsMask; 

maskedrgbImage(:,:,2) = rgbImage(:,:,2) .* redObjectsMask; 

maskedrgbImage(:,:,3) = rgbImage(:,:,3) .* redObjectsMask; 

subplot(3, 4, 10); 

imshow(maskedrgbImage); 

title( 'Masked Original Image'); 

R=maskedrgbImage(:,:,1); 

G=maskedrgbImage(:,:,2); 

B=maskedrgbImage(:,:,3); 

hsiimage=rgb2hsv(maskedrgbImage); 

H=hsiimage(:,:,1); 

S=hsiimage(:,:,2); 

I=hsiimage(:,:,3); 

disp('color of wheat') 

fprintf('MEAN value of \fRed \fGreen \tBlue \n'); 

fprintf(' \t%g \t%g \t%g \n', mean2(R).*256, mean2(G).*256 ,mean2(B).*256); 

fprintf('MEAN value of \fHUE \fSATURATION \fINTENSITY \n'); 

fprintf(' \t%g \t%g \t%g \n', mean2(H).*256, mean2(S).*256 ,mean2(I).*256); 

%Variance of each channel var(u(:)) 

fprintf('VARIANCE of \fHUE \fSATURATION \fINTENSITY \n'); 

fprintf(' \t%g \t%g \t%g \n',      var(H(:))     ,    var(S(:))    ,   var(I(:))); 

% Range of each channel 

fprintf('RANGE of \fHUE \fSATURATION \fINTENSITY \n'); 

fprintf(' \f%3.3g \f%3.3g \f%3.3g \n',   range (H(:)),  range (S(:)),  range (I(:))); 
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Appendix (D):- Result of Confusion Matrix Using Morphological Feature 

Extraction  

 

  

Figure 7A.  Result of confusion matrix using morphological feature 
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Appendix E: - Confusion Matrix for Combination of Color and  

    Morphology 

 

 

  

Figure 8B.  Confusion matrix for combination of color and morphology 

 


