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Fig.2 Bivariate histogram of a and b elements for garlic image
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b. Binary image after morphological
operation
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a. Binary image after threshold
segmentation using maximum entropy
method
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Fig.3 Extraction effect image of garlic seedling
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a. A strip from binary image
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b. Vertical projection of the strip from binary image
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¢. Vertical projection curve and its mean value of the strip from binary image
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d. Region of Interest (ROI) and clustering window bandwidth
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Note: /4 is the height of the strip from binary image, pixel; H is the total height of the image, pixel; # is the total width of the image, pixel; S(y) is vertical projection of
the strip from binary image;  is the mean value of the vertical projection S(y); d is the clustering window bandwidth; In Fig.4a, the green rectangular area is a strip from
binary image; In Fig. 4b and Fig. 4c, the red curve is the vertical projection S(y) of the strip from binary image; In Fig.4c, the yellow straight line is the mean value x of
the vertical projection S(v) of the strip from binary image; In Fig. 4d, the region within red lines are crop row areas determined by the mean value x.
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Fig.4 Acquisition process of clustering window bandwidth
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BIRAT (LABELTE REHX) BAE SR 4, VEVIH BEGEE 5 T 20+ 40+ 40+ 40 F1 30, RIS
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PIATHI B KRS . Kad. B2K. TWsE. KFEM/NZE 5 Fh AL PR BT 4 6 8 MATLAB R2018b.

MMM M

a. JRIGEIE b. WHEEOMRGEME c. —IRERJFRKE OLLEM d. ZREFRFERFEDAEM
a. Original image b. Initial position of clustering window S fetl & Y= bR E A
c. Position of clustering window after one  d. Position of clustering window after
clustering step and marked pixels multiple clustering steps and marked pixels
E: BROXIEONEREERCHEIRKIR, AGKBOVRREKIE, BOTHONRRE .
Note: Dark grey area is the crop area that has been clustered and marked, white area is the area that has not been clustered, black box is the clustering window.
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Fig.5 Clustering process of single crop row

. ZAEMAT BRI 450

c. Fitting results of straight lines of multi crop rows

b. ZAEMAT IR SR

b. Clustering point sets of multi crop rows

a. ZAEMT RIE N S E R LR
a. Clustering windows and clustering
center points of multi crop rows

e Blearh, JTHE A NIKN 2d MEIEE D FTHE B PR ITTAE K 2d MEREE 1, SIaTHEAREE D% 4 97K 1 IREIEREE M, SMUTTHE
NEERE DHGE d §K 2 WORIIEREE O B ARE L. B 6b th, RIEGEO-O72 3R 6a PHRIZEMITO~0. & 6c 1, HEAMAEKIZIEY
ITHZ.

Note: In Fig. 6a, box A is a clustering window with side length of 2d; In boxes B, the inner box is a clustering window with side length of 2d, the middle box is a
clustering window after increasing clustering window bandwidth d for one time, the outer box is a clustering window after increasing clustering window bandwidth d for
two times; green stars are clustering center points. In Fig. 6b, the clustering point sets from @ to correspond to the multi crop rows from @ to in Fig. 6a,
respectively. In Fig. 6c¢, the straight lines are the fitted multi crop rows.

B6 SMMiITRELSAKNISLER

Fig.6 Fitting results of clustering and straight lines of multi crop rows
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%194 EREE:
v i %lzy:klx+b1
L] L=k,
5 ~ X

H: KOXIBCA—1TEW, L NSHEWATELZ, L AEWAT RT3
FIFEVATELR, ki ko 539008 Lis Ly IRV, by by 439008 L Ly WIAE,
O SHEMATEHLARZEME °) .

Note: The grey area is a row of crops, L; is the reference straight line of a crop
row, L, is the straight line of a crop row obtained by a crop row extraction
method, k; and k» are the slopes of L, and L, respectively, b; and b, are the
y-intercepts of L, and L, respectively, and € is the error angle of crop row
straight lines (°).

B 7 AEAT AR E AR

Fig.7 Definition of the error angle of crop row straight lines
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a. Original image b. Binary image
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¢. Method proposed
in this study
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d. HoughZ8 i
d. Hough transform

o. BB-SME 5 S ik
e. Projection-proximity
classification fitting method

v B 8b H, TEMEMGEE RO E S FIERA . B 8c~8e Y, HEHAN N TEIIAEYATIRE TR RKEYAT S L, REHELS
NABEFEHTHIHER RINVEYIAT EZ. Hough Z2H 5 A BIEMIAT B MR- AL 7 S S 5 B B E AT B 28

Note: In Fig. 8b, binary images are segmented by the maximum entropy method; In Fig. 8c-8e, the white straight lines are the reference straight lines of crop
rows obtained manually by the method in reference, while the dark straight lines are the straight lines of crop rows obtained by the method proposed in this
study, the Hough transform, and the projection-proximity classification fitting method.

B8 5AFEd o) (A EBAEMATRIRE R

Fig.8 Binary images and extraction results of crop rows for five crops
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Table 1 Comparison of three detection methods of crop rows
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1E¥ R 77 12 T Fiil: s Mean
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Crops  Detection methods o Mean error ~ processing
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M i
% 52-%0 X
g 27.20 2.33 0.08
&I
RSB T % 100.00 0.65 0.87
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&I
PREREAR AW FC 5 i 98.18 1.21 0.48
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Seedling crop row extraction method based on regional growth and mean
shift clustering

Wang Aichen'?, Zhang Min'?, Liu Qingshan?, Wang Lili®, Wei Xinhua®**
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Machine System Technology, Chinese Academy of Agricultural Mechanization Sciences, Beijing 100083, China)

Abstract: Automatic navigation can be used to significantly improve the operation accuracy and efficiency of agricultural
machinery. Particularly, machine vision-based automatic navigation can greatly contribute to crop row detection. In this study,
a novel crop row extraction was proposed using regional growth and mean-shift clustering, especially for higher accuracy of
crop row extraction under different crop types, the number of crop rows, and growing backgrounds. Firstly, the a and b
components of an image were obtained in the Lab color space, and then the maximum entropy values of a and b components
were calculated for the optimal segmentation threshold, after which the image was segmented by the threshold for the
binarization image. Secondly, the vertical projection operation was performed on the top strip of the binary image, where the
mean value of the vertical projection curve was calculated to distinguish crop and non-crop areas. The minimum distance
between crop areas was selected as the bandwidth of the crop clustering window. The top center pixel of the whole image was
selected as the initial center point of the clustering window. The clustering center point moved from the center to both sides of
the top of the image with the iteration of crop row clustering, where the shift vector was calculated in the clustering window.
The clustering center point moved along the shift vector in single row clustering, where the edge of the clustering window was
used as the seed point for regional growth. As such, all crop rows were obtained by the movement of clustering window and
regional growth, while, the clustering center points of each crop row were grouped into a cluster. Lastly, least-squares fitting
was performed on these clustering center points to obtain crop row lines. A total of 170 seedling images of five crop varieties
were obtained to verify the feasibility of the method, including garlic, corn, oilseed rape, rice, and wheat. Hough transform and
projection-proximity classification were also used to extract crop rows for comparison. Experimental results showed that more
satisfactory performance of segmentation was achieved for the images with less significant color difference between crops and
growing background using the maximum entropy of a and b components in the Lab color space, compared with the
conventional segmentation using an excess green index. Furthermore, the crop row extraction for tested five crops performed
better than that of Hough transform and projection-proximity classification fitting, in terms of row recognition rate, mean error
angle, and mean processing time. The mean row recognition rate for the 170 tested images was 98.18%, the mean error angle
of extracted straight lines of all crop rows was 1.21°, and the mean processing time for each image was 0.48 s. This finding can
provide a more robust for crop row extraction under the influence of multi factors in the field using machine vision,
particularly on real-time embedded platforms in practical applications.

Keywords: algorithm; image processing; machine vision; regional growth; mean shift; least square method



