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Abstract

Wheat plays an important role in our daily life and industrial production. Several computer vision approaches 
have been proposed for classifying wheat quality, but there were some methods focusing on the problem of 
cohesive wheats while image processing. In this paper, we designed a single kernel guide groove to separate the 
cohesive wheats, which could simplify the algorithm of image processing and improve the accuracy rate of classi-
fication. For the method followed while recording the data, the image information must be converted into digital 
information, and the results are provided using appropriate image processing algorithms. Image preprocessing 
steps such as binarization, image enhancement, image segmentation, and morphological processing were used 
to reduce noise. For image segmentation, we proposed the following new segmentation methods: (1) extracting 
wheat region by converting image to H channel and (2) watershed algorithm based on Euclidean distance trans-
formation. For the classification model, 22 features of 7 different qualities of wheat were inputted in the Back 
Propagation (BP) neural network and Support Vector Machine (SVM) model, and the overall correct classification 
rates were determined to be 91% and 97% for SVM and BP neural network, respectively. The BP neural network 
was more suitable for wheat appearance quality detection.
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Introduction

Wheat plays an important role in human diet and indus-
trial production. It belongs to the family Gramineae 
(wild grass), native to parts of western Asia (Dhua et al., 
2021). Wheat quality is not only related to its varieties 
and growth conditions, but also to the its storage envi-
ronment. If wheat is not well stored, its quality will alter 
and causes the following changes (1) reduction in pro-
tein content and (2) infections due to fungi, viruses, or 
insect erosion. With the improvement of people's living 
standards, their requirement for better wheat quality is 

increasing. Therefore, it is very important to inspect the 
quality of wheat before it reaches the market. Wheat ker-
nels that were damaged yet worthy of use were defined as 
imperfect grains, including the grains affected by fusarium 
gibberellic disease kernel (FGDK), moldy kernel (MK), 
black germs kernel (BGK), sprouting kernel (SK), insect 
erosion kernel (IEK) and damaged kernel (DK). At pres-
ent, many wheat quality inspection agencies and enter-
prises use manual inspection methods to conduct random 
inspections and quality monitoring. The efficiency of 
manual detection methods is low, and the detection result 
is greatly affected by subjective factors (Wang et al., 2019).
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In recent years, some non-destruction technologies 
such as near-infrared spectroscopy (Femenias et  al., 
2021), hyperspectral imaging (Pandiselvam et  al., 2020; 
Ravikanth et  al., 2015), acoustic, electronic nose (Qian 
et  al., 2021), and fusion of artificial senses (Kiani et  al., 
2016) have been used to inspect the appearance and qual-
ity of wheat. Machine vision replacing manual inspec-
tion methods can improve the efficiency to a certain 
extent, which has positive significance for wheat quality 
classification and grading (Mahanti et  al., 2022; Vithu 
et  al., 2016). Image acquisition can be performed using 
cameras or flat-bed scanners. Cameras may be color or 
monochrome, with charge coupled device (CCD) or 
complementary metal–oxide–semiconductor sensors 
(CMOS), and are selected based on retrieval interphase, 
image format, resolution, and noise-pixel ratio require-
ments (Liu et al., 2022). The quality of the digital image 
is improved prior to image analysis (termed as image 
pre-processing) using methods such as image resizing, 
image enhancement, noise removal, edge detection, and 
filtering (Davies, 2009).

Majumdar et  al. (1999) determined the color or 
color-band combination that gave the highest classifica-
tion accuracies in cereal grains. The shape and size are 
critical to distinguish between wheat and winter wheat 
(Ma et  al., 2020). Seed color of the bean varieties are 
very similar, and a total of 16 features were extracted 
to completed the classification model building (Koklu 
et  al., 2020). The machine vision system detects flawed 
rice kernels, that is, broken, chalky, damaged, or spotted, 
and the inspection accuracy reaches 93% (Chen et  al., 
2019). Automatic inspection machine uses spatial infor-
mation of maize kernels to enhance the accuracy rate, 
which achieves 98.2% (Ni et  al., 2019). Using computer 
vision inspects, changes in the internal color and texture 
of fermented cocoa beans can be detected, which could 
evolve into an industrial application with a proper inte-
gration framework (Oliveira et al., 2021). The CNN-ANN 
classifier was observed to perform the best among the 
support vector machine.. the accuracy rates of k-nearest-
neighbor (KNN) and convolutional neural network 
(CNN) reached 98.2% for detecting the corn (Javanmardi 
et al., 2021), while SVM has the highest accuracy results 
for inspecting beans, which reaches 93.13% (Koklu and 
Ozkan, 2020). The deep learning architectures trained 
with a fine-tuning can lead to higher classification rates 
in comparison to other approaches, which reaches 
93.82% accuracy rate for classifying soybean pest images 
(Tetila et al., 2020). A combination of terahertz spectral 
imaging and convolutional neural network is proposed to 
detect impurities in wheat rapidly and effectively (Shen 
et al., 2021). The artificial neural networks (ANN) clas-
sified foreign materials from wheat kernels using a total 
of 236 morphological, color, wavelet, and gaborlet fea-
tures, and the maximum classification accuracy is 93.46% 

(Kaya et  al., 2019). Although many scholars performed 
research on wheat quality using machine vision, they 
usually focused on classification accuracy but ignored the 
detection equipment. It is significant to design a single 
granulation guide groove for separating cohesive wheat 
before inspecting.

In this study, the objectives and novelty are as follows: 
(1)  Establishing image acquisition system for wheat 
appearance quality, (2) designing a single granulation 
guide groove for separating cohesive wheats, (3) opti-
mizing image processing, and (4) comparing the image 
processing algorithm and choosing the best algorithm for 
wheat appearance quality inspection.

Materials and methods

Samples preparation

Taizhou Grain and Oil Quality Supervision Institute, 
Jiangsu province, China, provided some experience 
samples, including FGDK, MK, BGK, SK, IEK, DK 
and perfect kernels (PK), which belong to Yang Wheat 
No.  23. The samples were randomly taken from the 
supervision institute and stored in a refrigerator at 4°C 
to prevent quality changes. A total of 250 kernels of each 
type of wheat were prepared for image processing, of 
which 150 kernels were used to establish the model and 
100 kernels were used to verify the inspection accuracy 
of the model. Figure 1 shows the characteristics of var-
ious wheat.

Wheat appearance quality detection platform

Figure 2 shows the self-developed machine vision sys-
tem for wheat appearance quality inspection, which is 
composed of an industrial digital camera, a line illu-
minant, a conveyor, and a computer. Line-scan Digital 
CMOS camera (Dalsa, Canada) with resolution of 8192 
× 2 pixels was used to obtain the image data that was in 
the center of the photo box and 22 cm from the height 
of the conveyor belt. Illuminant (Daheng, China) that 
is mounted diagonally below the camera provided light 
for the sample. Computer (2.6 GHz Intel Core i5 CPU, 
with 4 GB RAM, Lenovo, China) connected to the cam-
era received the image information and processed the 
data to complete the classification and inspection of 
wheat.

The single kernel guide groove

The problem of cohesive wheats is a troublesome situ-
ation in image process, which affects the classification 
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accuracy. The computer possibly recognized cohesive 
wheats as one, which caused the image data to be read 
incorrectly. If the image processing algorithm such as 
watershed segment is used to deal with the cohesive 
wheats image processing, it will take more time and 
occupy more computer memory. To solve this problem of 
adhesion between wheat kernel, when wheats fall on the 
conveyor, the single kernel guide groove was designed to 
separate the cohesive wheats.

Figure 3 shows the single kernel guide groove and the 
real separation procedure after passing through the 

single kernel guide groove. The single kernel guide 
groove consists of three sections, which were composed 
of multiple channels. The left-right channels or sections 
were arranged in by dislocation, and the separation of 
the adhesion wheat could be completed by relative fric-
tion between single kernel guide groove and wheat. The 
width of normal wheat is about 5 mm, hence, the channel 
was designed 6 mm to allow only a single wheat to pass 
through and separate the cohesion wheats. If the separa-
tion of cohesive wheats were not completed during the 
first time, then they can be separated in the next two sec-
tions to achieve the separation goal.

Figure 1.  Appearance characteristics of various wheat: (A) fusarium gibberellic disease kernel; (B) black germs kernel; 
(C) moldy kernel; (D) insect erosion kernel; (E) sprouting kernel; (F) damaged kernel; (G) perfect kernel.

(A)

(D)

(B)

Figure 2.  Wheat appearance quality inspection system: (A), design drawing of the wheat appearance quality inspection sys-
tem; (B) real picture of the wheat appearance quality inspection system; 1, hopper; 2, chute; 3, stents; 4, conveyor belt; 5, single 
kernel guide groove; 6, shading box; 7, camera; 8, illuminant; 9, wheat collecting box; 10, image acquisition card; 11, monitor; 
12, computer; 13, rack; 14, governor.

(A) (B)

(E)

(C)

(F) (G)
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Image preprocessing

Images are processed using Halcon software (Mvtec, 
German). Image preprocessing was performed to ensure 
the extracted region was clear and effective before 
extracting the wheat feature information. After the 
wheat appearance quality detection platform acquired 
the image of wheat successfully, the computer obtained 
lots of image data, which contained a lot of miscellaneous 
and redundant information. It was necessary to eliminate 
these noises to obtain more accurate wheat feature infor-
mation by image preprocessing. Image preprocessing 
included binarization, image enhancement, image seg-
mentation, morphological processing (L. Li et al., 2022).

Binarization
The color camera used in this study generated images 
containing the color, brightness, saturation and other 
information of wheat, which was redundant to get the 
wheat region, so binarization was used in image prepro-
cessing. The calculation method of gray value was shown 
in Eq. (1)

gray red green blue� � � � � �0 299 0 587 0 114. . . (1)

where red , green and blue  were the three channels pixel 
value of a color point.

Image enhancement
The process of image enhancement was also the process 
of image filtering. During the transmission process of 
image information data, noise generated due to equip-
ment or environment affects the quality of image gener-
ation (Hamdi et al., 2021). Filtering methods were used 
to remove the noise of the image to enhance its quality 
and subsequently facilitate image processing. There are 
various image enhancement methods such as mean fil-
tering, median filtering, Gaussian filtering, which were 

used in this study and they were compared to select a 
better filtering method for subsequent research.

Mean filtering is a linear filtering method (Yugander 
et al., 2020), where a pixel point overlaps with the filter 
center of a certain size, and the mean value of the pix-
els within the filter range is calculated, then, replace the 
original pixel value of the point with the new pixel value 
that was obtained. The mean filter passed each pixel in 
the image, and the pixels of the original image changed 
after filtering, then the noise in the image were blurred 
and smoothed after filtering. The calculation function of 
mean filtering was as follows:

f x y
N

g i j i j W( , ) ( , ), ( , )� ��1
(2)

Where f x y( , )  is the point pixel value after mean fil-
tering, g i j( , ) is the pixel value of point in the range of 
the mean filter, N is the number of pixels in the range of 
mean filter, W is the size of the mean filter.

Median filtering is a non-linear filtering method (Singh 
et al., 2022), where a pixel point overlaps with the filter 
center of a certain size, and sort the pixels within the 
filter range in the order of largest to smallest, then take 
the median pixel to replace the original pixel value of the 
point. The calculation function of median filtering was as 
follows:

f x y median g x k y l k l W( , ) { ( , ), ( , ) }� � � � (3)

Where f x y( , )  is the point pixel value after median filter-
ing, g x k y l( , )− −  is the pixel value of point in the range 
of the median filter. W is the size of the median filter.

Gaussian filtering is a linear filter (Srinivasa et al., 2021), 
which filters the image data information based on mean 
filtering. The difference between Gaussian filtering and 

Figure 3.  Single kernel guide groove: (A) design drawing of the single kernel guide groove; (B) real picture of the single kernel 
guide groove; (C) picture of wheat before separation; (D) Picture of wheat after separation.

(A) (D)(B) (C)
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mean filtering is that the idea of weighted average was used 
in Gaussian filtering. The weight coefficient nearing the 
filter center increases, while the weight coefficient away 
from the filter center decreases. The calculation formula of 
two-dimensional Gaussian function was as follows:

G x y e
x y

( , ) �
�

�
1

2 2
2

2 2

2

��
� (4)

Where G x y( , ) is the weight value of various position in 
the Gaussian filter. The size of σ determines the width 
of the Gaussian function. The larger σ is, the more effec-
tive the Gaussian filter is.

Image segmentation
After image enhancement, the wheat image could be 
segmented according to the gray value. The wrong date 
generated by image segmentation was used in the mathe-
matical modeling, which increased the difficulty of model 
building and reduced the accuracy of wheat inspection. 
Common image segmentation methods were as follow: 
segmentation based on threshold, segmentation based 
on watershed algorithm, segmentation based on image 
edge, and other methods.

Threshold method was to select an appropriate threshold 
range according to the difference of the gray level of the 
whole image and divide the image into target area and 
background area, which is the simplest image segmenta-
tion method (Lei et al., 2019). The threshold segmenta-
tion function was as follow:

g x y
f i j T

T f i j
f i j T

( , )
( , )

( , )
( , )

�
�

� �
�

�

�
�

�
�

0
255

0

1

1 2

2

T (5)

Where T1 and T2 are thresholds of wheat region gray 
value. After threshold segmentation, the gray value of 
wheat was 255, and the gray value of background was 0.

Usually, threshold segmentation extracts wheat region 
directly from gray image, but in this study, original image 
was converted to three channels for extracting wheat 
region, and chose the best channel to extract wheat 
region by comparing the effect of extraction.

The concept of watershed comes from topography 
(Zhang et  al., 2019). The main drawback of the water-
shed algorithm was the over-segmentation. To avoid 
the over-segmentation, watershed algorithm based on 
Euclidean distance transformation was used in this study.

There was a large difference between the pixels of 
wheat region and the pixels of background region. The 
edge of wheat has the most drastic pixel mutation in 

the image, and the first-order and second-order dif-
ferentials were suitable for processing the pixels with 
these mutations. Common operators are Prewitt oper-
ator, Sobel operator, Canny operator and so on (Mohd 
Ali et al., 2020).

Morphology treatment
After image segmentation, most of the wheat area has 
been extracted successfully, but there was still noise or 
holes. The morphological treatment can retain the orig-
inal information in the image while removing the noise 
points, and wheat skeleton has good continuity and less 
breakpoints after processing.

Features extraction

After segmentation and morphological treatment step, 
images containing separated wheats were obtained. It 
was important to extract features in building a reliable 
model to identify the wheat appearance quality correctly 
(Septiarini et  al., 2021). In this study, the shape, color, 
and texture features were extracted. The size of wheat 
was generally 6 mm × 3 mm, and it was not convenient 
to measure the appearance features of wheat in the phys-
ical coordinate system. Therefore, the pixel coordinate 
system was used to describe the appearance features of 
wheat, and the information was calculated in pixel units. 
It was feasible to use the shape features of wheat as the 
classification and recognition basis of wheat appearance 
quality.

There were differences in the shape feature of wheat. For 
example, the surface of FGDK was dry, and the area of 
damaged kernel was reduced, and the shape of wheat 
sprouts was irregular. In this study, six wheat shape fea-
tures were selected, including area, roundness, rectan-
gularity, perimeter, compactness and eccentricity. The 
formulas for calculating wheat shape parameters were 
given in Eqs. (6)–(11)

Area x y D
D

� ��1 ( , ) (6)

where D is the region where the wheat pixel is located; 
( , )x y  is the specific coordinate in the region where the 
wheat pixel is located

Perimeter N Na d� � 2 (7)

where Na  is the number of four connected domains; Nd  
is the number of eight connected domains

Circularity A
max

�
( )*� 2 (8)
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where max  is the furthest distance from the center of the 
wheat to the contour

Compatness P
A

�
2

4 �
(9)

Rectangularity = A
Arec

(10)

where Arec  is the area of the outer rectangle of wheat 
region

Eccentricity R
R

a

b
= (11)

where Ra  is the short radius distance, Rb  is the long 
radius distance.

RGB color model was the basis of many color models, but 
HSI color model can describe the color features from the 
hue and saturation aspects. The calculation formulas of 
wheat color parameters are in Eqs. (12)–(15).

Hue
B G

B G�
�

� �
�
�
�

��

�
� �2 (12)

� �
� � �

� � � �

�

�
�

�
�

�

�
�

�
�

arccos
R G R B

R G R B G B

1
2

2
1
2

[( ) ( )]

[( ) ( )( )]
(13)

Saturation
R G B

min R G B� �
� �

1 3
( )

[ ( , , )] (14)

Intensity R G B� � �
1
3

( ) (15)

The gray image was used to extract texture features by 
using gray-level co-occurrence matrix (GLCM) method 
(Lin et  al., 2020). If the distance between ( , )x y1 1  and 
( , )x y2 2  is d and the angle between them and the hori-
zontal axis of coordinates is θ , then the GLCM of vari-
ous distances and angles can be expressed as p i j d( , , , ).θ  
Based on GLCM, the texture feature vectors, including 
energy, contrast correlation, and homogeneity can 
comprehensively represent the condition of gray co-
occurrence matrix, were extracted. The calculation 
process was in Eqs. (16)–(23).

Energy p i j d
i j

���[ ( , , )]| � 2
(16)

Contrast k p i j d k i j
k i j

�
�

�

�
�

�

�

�
�

� �� ��2 ( , , ) ,| � (17)

Correlation
ijp i j d u u

i j x y

x y
�

��� ( , , )| �

� �2 2
(18)

u ijp i j dx
i

�� ( , , )| � 2
(19)

u j p i j dy
j i

�� � ( , , )| � 2
(20)

� �x
i

x
j

i u p i j d2 2� �� �( ) ( , , )| (21)

� �y
j

x
i

j u p i j d2 2� �� �( ) ( , , )| (22)

Homogeneity
i j

p i j d
i j

�
� ��� 1

1 2( )
( , , )| � (23)

Principle component analysis (PCA)

PCA is a process of data mining and data dimension 
reduction. After receiving adequate data information, if 
all the data are calculated directly, the whole analysis pro-
cess calculation will be too large, and the accuracy of the 
calculation will decrease (Islabudeen et  al., 2021). PCA 
converts indicators to independent comprehensive index, 
and reduces the number of indicators. After transforma-
tion, each comprehensive index has an eigenvalue. The 
larger the eigenvalue was, the more original data infor-
mation it contained, and there was also a variance con-
tribution rate corresponding to the eigenvalue. Generally, 
when the cumulative variance contribution rate reaches 
95% or more, it was considered that the selected compre-
hensive index covers most of the original data informa-
tion. The remaining comprehensive indexes with small 
variance contribution rate were regarded as jumbled orig-
inal data and have little influence on the analysis results.

Pattern recognition

The color, shape, and texture features of wheat can effec-
tively reflect the appearance feature of wheat, and the 
mathematical model can be built by using the feature 
information to classify the appearance quality of wheat. 
In this study, BP neural network model and SVM model 
were constructed respectively, and the effectiveness and 
stability of the two models were verified through the con-
struction of training set and test set.

BP neural network model is a multi-layer feedforward 
network with error back propagation (Suresh et al., 2020),  
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including input layer, hidden layer and output layer. 
There were two processes in training model: forward 
propagation of training set data and back propagation of 
errors between actual output and expected output. If the 
actual error exceeds the pre-set acceptable error range, 
the error will be sent back to the input layer through the 
network nodes of the hidden layer, and the weight of each 
network node will be adjusted through the back propaga-
tion of the error.

SVM model is a generalized linear classifier based on sta-
tistical learning theory, which is widely used in data clas-
sification and regression analysis (dos Santos et al., 2016). 
SVM adopts the kernel function method to find the opti-
mal hyperplane between the two categories, which maxi-
mize the edge distance between the two categories or the 
maximum blank area on both sides of the hyperplane.

Results and Discussion

Image preprocessing

In theory, each filtering method had its own features: the 
mean filtering had the fastest calculation speed and had 
a significant smoothing effect on the noise points, but it 
was easy to blur the image (Liu et al., 2021); the median 
filtering could remove some isolated noise points in the 
image and retained the edge features of the wheat in the 
image; the Gaussian filtering could not only smoothen 
the noise points, but also alleviated the fuzzy problems 

caused by mean filtering, but the computation was large 
(Li et al., 2021). According to the experiment, the median 
filtering can not only remove the noise but also retain the 
edge information of the image. Therefore, median filter-
ing was selected as the filtering method of wheat image in 
this study, and 3*3 template was selected.

The method of segmentation based on the threshold con-
verted the obtained wheat images to R, G, B, H, S and I 
channels. After the original image was converted to each 
channel, the gray histogram could be used to observe 
the gray distribution of different levels from 0 to 255. It 
could be seen from the figure that the distribution rule of 
gray histogram was different in various channels. In the 
experiment, it was found that when the image was trans-
formed into H channel and the threshold interval was set 
as [80,120], the wheat region in the image had a better 
separation effect from the background region.

Each step of Segmentation based on watershed algorithm 
is shown in Figure 4, It is known that the result of seg-
mentation is effective and the original shape of wheat is 
preserved well.

All the methods of segmentation based on edge could 
find wheat edges, but there differed in processing details 
of wheat edges. After Canny operator processing, there 
were more small protrusions and some holes at the edge 
of wheat. Sobel operator and Prewitt operator made use 
of the first derivative of digital image for edge detection, 
which can reflect the outline of wheat. The wheat image 

Figure 4.  Each step of Segmentation based on watershed algorithm: (A) Euclidean distance transformation; (B) transforma-
tion of date type; (C) inverting pixel value; (D) increasing contrast; (E) Watershed algorithm; (F) wheat image after segmenting.

(A)

(D)

(B)

(E)

(C)

(F)
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processed by Sobel operator contained a lot of informa-
tion on the surface of wheat, but when the image was 
magnified by some times, the edge of the wheat had some 
small protrusions, which belonged to redundant infor-
mation. After comparing the three edge segmentation 
methods, the segmentation effect of Prewitt operator was 
better.

Comparing the three categories of image segmentation 
methods, there were mainly considerations of advantages 
and disadvantages as follows: (1) the processing speed of 
thresholding based on image segmentation was the fast-
est, and the processing effect of wheat image was good by 
converting wheat image to H channel. (2) The watershed 
algorithm based on Euclidean distance transformation 
could effectively segment cohesive wheats and extract 
wheat features more accurately, but it took a long time. 
For example, it took 1562 ms to segment an image with 
watershed algorithm, while it took 94 ms to segment an 
image based on threshold. (3) In the wheat image seg-
mentation method based on edge, the Prewitt operator 
was better than other edge segmentation operators, but 
the wheat region obtained by this method was smaller 
than the actual wheat region. In summary, the method of 
segmentation based on thresholding was used to extract 
wheat regions in this study, which had high extraction 
efficiency, fast speed and completed information.

In the early image processing, wheat region was extracted 
relatively completely, and there were no large holes and 
protrusions, which only needed simple morphology pro-
cessing. The corrosion and dilation operations could eas-
ily change the actual size of the wheat region in the image 
(Li et al., 2020). Therefore, this study combined the open-
ing operation and the closing operation to remove the 
protrusions existing on the edge of the wheat in the image 
and fill the holes in the region, which ensured the original 
shape and size of the wheat as much as possible.

Features extraction

It can be seen from Table 1 that the surface of FGDK was 
a little red, therefore the R and I components were the 
largest. The surface of BGK had black spots, hence the R 
component and I component were the lowest. The sur-
face of MK had white color characteristics, and the val-
ues of each component of RGB were similar. In the RGB 
color model or HSI color model, the color components 
of the IEK and PK were similar, but the quality of insect 
and perfect grains was poor and the color of the surface 
was uneven, so the variance of the color component of 
the IEK was bigger than that of the PK.

It can be seen from Table 2 that the surface of DK had 
defects, hence the area was the smallest. There were Ta
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raised buds on the surface of the SK, so the roundness 
and rectangularity of the SK were the lowest. Therefore, 
it is feasible to use the shape characteristic parameters of 
wheat as the basis of wheat classification and recognition.

It can be seen from Table 3 that FGDK had the lowest 
energy value, the highest contrast and the lowest local 
uniformity; the surface of PK was the most glossy and 
smooth, so its energy value was the largest; the surface 
of the BGK had obvious black spots, and the contrast 
was the highest. Different wheat showed different texture 
characteristics, so it is feasible to apply texture character-
istics to wheat appearance quality detection in this study.

PCA

In early wheat feature extraction, 12 color features, 6 
shape features and 4 texture features were extracted 
from wheat. In this study, PCA was conducted on the 
extracted wheat features, and 22 wheat features were 
converted into 22 principal components. It can be seen 
from Table 4 that former 9 cumulative variance contri-
bution ratio of the principal components can reach more 
than 95%, which could contain most of the wheat appear-
ance characteristics information. The former 9 principle 
component could be taken in the process of mathemati-
cal model building.

The cumulative variance contribution rate of the former 
9 principal components can reach more than 95%. It was 

considered that these 9 principal components contained 
most of the information of wheat appearance features. 
The 22 features of wheat could be replaced by the 9 prin-
cipal components in mathematical model building.

Pattern recognition

It can be seen from Table 5 that the average classification 
accuracy of 7 wheat varieties was 97%, which reached the 
expected result. The recognition accuracy of IEK was the 
highest (99%), and the recognition accuracy of FGKD 
was 92%. Because individual wheat that had both the 

Table 2.  Wheat shape characteristic data.

Area Perimeter Circularity Compactness Rectangularity Eccentricity

FGDK 45352.96 883.5871 0.487079 1.378465 0.801234 1.950658

BGK 71241.46 1285.126 0.426107 1.865448 0.768499 1.959184

MK 101426.8 1767.182 0.394974 2.487556 0.700092 1.82521

IEK 47408.11 893.1668 0.492673 1.345874 0.808019 1.898066

SK 68261.19 1972.926 0.217213 4.846695 0.556162 1.921592

DK 30138.32 704.5436 0.608486 1.322324 0.767624 1.298779

PK 44297.98 854.2184 0.523838 1.317262 0.791349 1.774293

Table 3.  Wheat texture feature data.

Energy Correlation Homogeneity Contrast

FGDK 0.008086 0.997527 0.69957 1.031285

BGK 0.084237 0.99504 0.910503 0.188725

MK 0.024617 0.996747 0.859325 0.311682

IEK 0.012821 0.997921 0.778284 0.561056

SK 0.008074 0.99779 0.720867 0.948948

DK 0.009078 0.997986 0.73522 0.75393

PK 0.019437 0.99732 0.811738 0.54172

Table 4.  PCA feature optimization.

PCA
variance contribution 

rate (%)
Cumulative variance 
contribution rate (%)

1 0.4245 0.4245

2 0.2309 0.6554

3 0.0749 0.7302

4 0.0621 0.7923

5 0.0535 0.8458

6 0.0456 0.8914

7 0.0300 0.9215

8 0.0217 0.9432

9 0.0155 0.9586

10 0.0128 0.9714

11 0.0081 0.9795

12 0.0071 0.9867

13 0.0053 0.9919

14 0.0038 0.9957

15 0.0019 0.9976

16 0.0018 0.9995

17 0.0002 0.9997

18 0.0002 0.9998

19 0.0001 0.9999

20 3.33E-05 0.9999

21 3.67E-06 0.9999

22 5.27E-07 1
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characteristic information of FGDK and the other types 
of wheat, it was easy to cause classification errors when 
using the BP neural network model.

It can be seen from Table 6 that the average classifica-
tion accuracy of 7 wheat varieties was 91%, which was 
lower than the BP neural network model. The classifi-
cation accuracy of IEK was the highest, which was 94%. 
The ranking of wheat category recognition accuracy from 
high to low will be found to be the same as that of BP 
neural network model, because the experimental wheat 
belonged to the same batch. The same result verified that 
the both model pattern recognition models were accu-
rate for the wheat classification.

The recognition model of wheat appearance quality was 
established by using BP neural network model and SVM 
model, and the recognition accuracy of the model was 
tested through the construction of training set and test set.

Conclusion

We proposed a solution that cohesive wheats could be 
separated by using the single kernel guide groove. The 
segmentation method of extracting wheat region by 
converting image to H channel was good, which could 

extract wheat region completely and processing speed 
was fast. After a series of image processing, the features 
of wheats were acquired and inputted to the BP neural 
network and SVM model, and the results showed that the 
recognition rate of BP neural network model was higher 
in the wheat appearance inspection. This shooting sys-
tem can only shoot one side of wheat. We also need to 
improve the mechanical part to complete both sides of 
shooting wheat to improve the accuracy of recognition.
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