2017412 A | A 1R A= 2 ¢ 5 48 % WY

doi:10.6041/j. issn. 1000-1298.2017. S0. 034

ET RGB D YW EBEKERKSMNEFH &

1 L1 2 e | e | 2 . 2
hamA  wWHE FFE K B F E O A
(1A E R M R 2 AR Al AR R G e UM X 05 P 3 A 9630 %5, b 100083 5
2. v [E Al R 2RO FR A AR B ICEOR B R g%, JE3E 100083)

WE: TR R R WIEY K0 EERE bR, T 52 B H (] Sk R BRSO DR I & $R T —FhJE T RGB —
Depth(RGB — D) AHHL#Y KAk i i 4 7 3k o AR 1 6 5K S WL ok &2, 1 S AT RGB — D AR HLAEHR I 1] %K 19 %
IR AR EE MR o X EOR R O MR IEAT I BE AL — B AL A0 2 M Ak L, 2 A 3 155 00 K ) (IR . 1 ek
HER 53 AW 53 F 5800 X K 9 IR 8 RUAGUIEAT 43 0, XoF 43 0 485 SR MR AT R TR 40045 484 L 8 7 F K Y o0 X, 3 oK
B AR R AT B S A Ak B G B 2 Y 32 S FIOR B i, 0 R B B A rPD R R R R B R g Y e O
o X2 AR ERAR I R B HEATOR 22 45 HO AR, B A2 K B B i, IR B R R B B R O R AT B B et 3R
PR TAT A o BT, A A K R e R T A 28 B, SR LR R OR AR R S B B X R OR AR A AT I
B 25 R AR WD BARR FOR bR 5 B I I A IR 22 162 em, B U7 AR R 22 (RMSE) Jy 1. 86 em, I K5 32 19 2 S 2K o
KR AEYRAL; RGB-D AL B BRI &b n

hE4sSES: SI126 XEkFRIRAD: A NEHHS: 1000-1298(2017)S0-0211-09

Measurement of Individual Maize Height Based on RGB — D Camera
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Abstract; Plant height is an essential phenotype parameter for assessing plant vigor and estimating plant
biomass. In order to rapidly measure individual maize plant height, a method based on RGB — D (red,
green, blue-depth) camera was proposed in this paper. Color images and depth images of maize at the
jointing stage were captured using RGB — D camera in field. First, the color image of maize was
processed by graying and binarizing. Then, morphological open operation was conducted within region of
interest, and the largest region of maize image was extracted to remove weed and little leaves. Second,
the optimized watershed algorithm was applied to the maize gray image and the boundary was generated,
then the circle fitting was carried out for the boundary points. After that, the skeletonization operation
was conducted for the maize binary image. There were crossing points at the contact points between
leaves, and ending points at the end of leaves. The crossing points and ending points were searched and
saved, and the distances between the center of the circle and each crossing point were calculated. Only
the crossing point that was nearest to the center of circular was chosen as the maize center. Next, the
Dijkstra algorithm was used to find the nearest paths between the maize center and each ending point.
The color coordinates of the paths were saved and the corresponding point cloud data were generated
based on the mapping relationship between color coordinate, depth coordinate and camera coordinate.
Third, the differences between neighbor points of every path were calculated to determine the potential
measurement points of the target maize and remove the point cloud data belong to non-target maize leaves.

All the paths were compared to find the highest point of maize. The histogram statistic method was
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applied for point cloud data that were around the highest point of maize to extract ground. Finally, the

difference between the highest point of maize and ground was calculated to measure individual maize plant

height. Samples were tested to verify the aforementioned method,

and the results demonstrate that the

method proposed in this paper has a good performance in measuring individual maize plant height. The

mean errors and root mean square error ( RMSE) of measuring plant height were 1. 62 cm and 1. 86 cm

respectively, indicating that the proposed method can be applied to monitoring plant growth.
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Fig.1 Schematic diagram of maize plant height

measurement
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Fig.2  Flow chart of individual maize plant

height measurement
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Tab.2 Comparision between manual measurement

and system measurement in maize height cm
ETRe N L RGN & % 22
1 46.7 44.9 1.8
2 48.9 47.6 1.3
3 54.8 55.5 0.7
4 54.4 51.8 2.6
5 40.1 40.5 0.4
6 48.9 45.9 3.0
7 55.4 55.1 0.3
8 47.5 45.4 2.1
9 42.0 40.3 1.7
10 40. 1 37.9 2.2
11 44.2 42.6 1.6
12 48.2 46.5 1.7
13 57.2 55.7 1.5
14 67.1 65.1 2.0
15 57.5 55.2 2.3
16 37.6 35.3 2.3
17 36.3 35.2 1.1
18 44.6 42.6 2.0
19 40. 6 38.3 2.3
20 57.3 55.7 1.6
SE 48.47 46. 86 1.62
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Fig.21  Linear fitting result of manual measurement

and system measurement in maize height
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