VLI 224R (Jiangsu J.of Agr.Sei.) ,2020,36(4) :930~935

930 http: //www.jsnyxb.com

FRIBE , FREE R IR 25 BT YOLO #5445 (R K RERR I AT 2R I [ 1] T34l 241, 2020,36(4) :930-935.
doi : 10.3969/].issn. 1000-4440.2020.04.017

ET YOLO 5RME MK /KBREITER QN

g, IR, kaER', xiwwm', 4 &%, Kk R', B 45
(LR KT 200, 28 B IE 230036, 2. &80 AV B FBe K FEIF o8 T, 2280 &8 230031)

E. NTHRSHHYIE SRR, -1 T —FEET YOLO H AR 4 M2 K BRI AT 4RI %, o
Sext IR A B AT Y A AP AL BE, Rl 53 T SR A i YOLO W28 I 257 & RSB BT H AR HE 1907 B 15 B
BB AT 8 LA I P T B e NS R IR A R AT 8 AT, B AT a5 A OB PG AT, THEAH &R 8 S A1 4k
BORI R LIRIBATE M . IR R R, YOLO 2% iyl i X 36 U1 BB T Faster R-CNN 1 ResNet101, LB
AL A U 6 28 12 T Hough B4 FIUERISBR L, 2 Bz AL RETR , T DA A N B ¥ 4748, Al AL 58 S A
FA) B AR A T A 09 e AR B

KW RS BT YOLO W%, B T A

hESES: S126 XEkFRIRED . A XEHS: 1000-4440(2020)04-0930-06

Detection of rice seedling row lines based on YOLO convolutional neural
network
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Abstract: In order to improve the positioning accuracy in visual navigation systems of rice transplanter, a detection
method of rice seedling row lines based on YOLO convolutional neural network was proposed in this study. Each original im-
age was firstly divided into sub-images by clipping and stretching preprocessing operations. According to the position infor-
mation of seedling target blobs, the locating points of seedling row in the sub-images were determined. And the seedling row
positioning points for sub-images were jointed to get the seedling row positioning points for the original image. Afterwards,
the positioning points were connected to be the seedling lines, and the slope between two positioning points was calculated
to get the line angle. The experimental results show at that the YOLO network had the advantage of detection performance
and could accurately extract seedling target blobs, compared with Faster R-CNN and ResNet101. In addition, the detection

accuracy of seedling lines was better than that of Hough transform and clustering algorithm. This method has strong generali-

zation performance, can detect accurately seedling lines,
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and can provide reliable location information for the path
planning in visual navigation systems of rice transplanter.
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Fig.2 Preprocessing of rice seedling images
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Fig.3 Schematic diagram of YOLO
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Fig.4 Candidate positioning point of seedling line
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Fig.7 Seedling detection results of different networks
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Table 1 Detection performance comparison of different networks

[ 2% HERIR (%) 16 SRIEBASIITE] (5)
ResNet101 94.2 2.762
Faster R-CNN 94.6 2.908
YOLO 95.1 0.456
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