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Abstract; In order to realize the obstacle avoidance of automatic navigation agricultural machinery and
solve the problem that the panoramic camera mounted on the top of the agricultural machinery needs to
accurately and quickly detect obstacles in real time to obtain the 360° image information around it, an
improved YOLO v3 — tiny target detection model was proposed, which can realize the detection and
identification of pedestrians and other agricultural machinery in the field. In order to improve the
detection effect of small targets in panoramic images, the fast detection speed and lightweight network
model YOLO v3 — tiny was used as the basic framework, and the splicing layer before the second YOLO
prediction layer was used as the third prediction layer by fusing the shallow features with the second
YOLO prediction layer to increase the detection effect of small targets; in order to further increase the
network models ability to extract target features, borrowing the idea of residual network, the residual

module was introduced on the YOLO v3 —tiny backbone network to increase the depth and learning ability
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of the network, so that it can better improve the detection capabilities of the network. In order to verify
the performance of the model, totally 1 100 original data sets of pedestrian and agricultural machinery
obstacles in the farmland environment were established, after data amplification, totally 2 200 images data
sets were obtained, the data sets were divided into training set, verification and test set according to 8:
1:1, and the model was trained under the Pytorch 1.8 deep learning framework. After the model was
trained, totally 220 images of test set were used to test different models. The test results showed that the
farmland obstacle detection model based on improved YOLO v3 — tiny had an average accuracy rate and
recall rate of 95.5% and 93.7% , respectively, which were 5. 6 percentage points and 5.2 percentage
points higher than that of the original network model. Single panoramic image detection took 6.3 ms, the
average frame rate of video stream detection was 84.2 {/s, and the model memory was 64 MB. The

improved model can meet the real-time obstacle detection requirements of agricultural machinery in

motion while ensuring high detection accuracy.
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Tab.1 Technical parameters of panoramic camera
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YOLO v3 — tiny 68.6 76.0 75.2 4.2 105.2 34.7
512 x512 YOLO v3 90. 4 92.2 93.3 12.6 56.9 246. 3
AR SRR 91.5 92.5 94.0 6.2 86.8 64.0
YOLO v3 — tiny 61.9 66. 8 68.2 4.1 108. 6 34.7
416 x 416 YOLO v3 89.5 84.9 90. 7 12.8 57.0 246.3
AR SRR 89.9 88.5 93. 1 6.3 87.5 64.0
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Fig.9 Test results of different models

DUORS BE A o A R A BEAE B (ISR PEER2E S YOLO v3 —tiny \YOLO v3 FI ik YOLO v3 — tiny
[ 50, 55 4 T R T A RARBLA A I K 56 6, O B il B IR 2 R R A SORE Y B A B g ) G K
T AT YOLO v3 — tiny F) H AR R IR AL 52 AR ) 000 A PR 5 A SR R0 7 AS [l g AL RS TR AT

(2) BtxbAe 1 g E 2 s gh sy, §I4E 747 SRAENS ORI B B R DNRS 52, 28 A A SO 7 LAY 45

NG HAA B X W B i W 8 s 46, R 2 BT i E R

[3]

[4]

& % x Wt

i, T IE B IDE, E R AR B IE R [T]. R ML -4 ,2020,51(4) .1 - 18.

ZHANG Man, JI Yuhan, LI Shichao, et al. Research progress of agricultural machinery navigation technology[ J]. Transactions
of the Chinese Society for Agricultural Machinery, 2020, 51(4) :1 —18. (in Chinese)

ARG, W, FRP AR R AL A S BRI R[], Rk T #2274 ,2015,31(10) ;1 - 10.

HU Jingtao, GAO Lei, BAI Xiaoping, et al. Review of research on automatic guidance of agricultural vehicles[ J]. Transactions
of the CSAE,2015,31(10) ;1 = 10. (in Chinese)

X e W, FOEIE SF. B AR ML AL B AR R [ T] . A mg Rl R3S ,2020,41(2) < 117 - 125.

LIU Yufeng, JI Changying, TIAN Guangzhao, et al. Obstacle avoidance path planning for autonomous navigation agricultural
machinery[ J]. Journal of South China Agricultural University,2020,41(2) :117 =125. (in Chinese)

IO XN RIR, R T A AR T O N T35 1 i AR LRk R D7 SRS (] R PLI 2 41,2020 ,41(3) 1152 - 157.
GUO Chengyang, LIU Meichen, GAO Zening, et al. Research on agricultural machinery obstacle avoidance method based on
improved artificial potential field method [ J]. Journal of Chinese Agricultural Mechanization,2020,41(3):152 - 157. (in
Chinese)

XY SEJR . AU Al B 5 W A ) 15 3R 5 7 ERIT ST [ D 1. M « P AL AR BRARHH R 2% ,2018.

LIU Meichen. Research on inspection and obstacle avoidance methods of agro-machinery obstructions| D]. Yangling: Northwest
A&F University, 2018. (in Chinese)

SRV AT ARG, R . BT HILAS DL 91 5 44 (ol B A 55 B A U 5 vk [T ] AR0lk L2 4 ,2011,27(6) <225 - 230.
SONG Huaibo, HE Dongjian, XIN Xiangjun. Unstructured road detection and obstacle recognition algorithm based on machine
vision[ J|. Transactions of the CSAE, 2011, 27(6) :225 —230. (in Chinese)

AR, AR PR, . R T RO R IS TE SRR S AR A A I BRER 5Bk )] HLER A ,2016,38(4) ¢
437 -443.

HUANG Rulin, LIANG Huawei, CHEN Jiajia, et al. LiDAR based dynamic obstacle detection, tracking and recognition method



b 7

B 55 BE T ECE YOLO v3 — tiny A4 5% [R5 F B 654 4G 65

[10]

[11]

[17]

[18]
[19]

[20]

[21]

[22]

[23]

[24]

[25]

for driverless cars[ J]. Robot, 2016,38(4) :437 —443. (in Chinese)
M, RFFAE, BV, % BT 2R P T iR 0 AL DR TC AL e R e o [T ] A% A 5 0 & 48 ,2020,39(6) 73 - 76.
SUN Ke, WU Kaihua, WANG Yatao, et al. Research on obstacle avoidance system of plant protection UAV based on millimeter
wave radar[ J]. Transducer and Microsystem Technologies,2020,39(6) :73 —=76. (in Chinese)
B, A, sk 818 45 B T 2K P IR ML AL 38 15 B Rl G i B g il [0 ] . 06 0 27 41,2017, 1(2) :76 - 83.
ZHAI Guangyao, CHEN Rong, ZHANG Jianfeng, et al. Tramway obstacles detection based on information fusion of MMV radar
and machine vision[ J]. Chinese Journal on Internet of Things,2017,1(2) ;76 —83. (in Chinese)
FRER S AR HE A B A B BE A3 A [T ] I, 2016 (18) 136 - 37.
WANG Zemin, GAO Junchai. Accuracy analysis of monocular vision obstacle ranging[ J]. Electronic Test, 2016 (18) :36 —
37. (in Chinese)
B, M BT XCEH MG BRI EE [J] . 3R S 4R ,2017 (1) 1148 - 151.
HUANG Yugiang, YE Lei. Range-measuring of target based on binovular stereo vision[ J]. Automobile Applied Technology,
2017(1) :148 = 151. (in Chinese)
T IR, RN 2R RE RSN AL B E 56 ,2014,22(6) ;1664 - 1666 ,1679.
WANG Jian, ZHANG Zhenhai, LI Kejie, et al. Development and application of panoramic vision system [ J]. Computer
Measurement and Control, 2014, 22(6) : 1664 — 1666,1679. (in Chinese)
BOCH BAE S Ladybug R 2 H AR BOAR MR HOFFEL)]. HLACS ¥ ,2017,35(12) ;27 - 30.
CAO Wenjun, ZHAO Zuoxi. Study on application of multi-view panoramic vision technology to Ladybug series[ J]. Machinery
and Electronics, 2017, 35(12) : 27 —=30. (in Chinese)
YANG L, NOGUCHI N. Human detection for a robot tractor using omni-directional stereo vision[ J]. Computers & Electronics
in Agriculture, 2012, 89(3) :116 - 125.
XU Hongzhen, LI Shichao, JI Yuhan, et al. Dynamic obstacle detection based on panoramic vision in the moving state of
agricultural machineries[ J]. Computers and Electronics in Agriculture,2021,184(5) .1 - 16.
JE R, RIS, BB A KB R [T S HL% R 2017 ,40(6) 11229 - 1251.
ZHOU Feiyan, JIN Linpeng, DONG Jun. Review of convolutional neural network[ J]. Chinese Journal of Computers, 2017,
40(6) ;1229 —1251. (in Chinese)
GIRSHICK R, DONAHUE J, DARRELL T, et al. Region-based convolutional networks for accurate object detection and
segmentation| J]. IEEE Transactions on Pattern Analysis and Machine Intelligence,2016,38(1) :142 - 158.
GIRSHICK R. Fast R—CNN[ C] /2015 IEEE International Conference on Computer Vision (ICCV), 2015:1440 — 1448.
REN Shaoqing, HE Kaiming, GIRSHICK R, et al. Faster R — CNN. towards real-time object detection with region proposal
networks[ J]. IEEE Transactions on Pattern Analysis and Machine Intelligence,2017,39(6) :1137 - 1149.
LIU W, ANGUELOY D, ERHAN D, et al. SSD: single shot multibox detector[ C] // European Conference on Computer
Vision. Springer, Cham,2016;21 -37.
REDMON J, DIVVALA S, GIRSHICK R, et al. You only look once: unified, real-time object detection[ C] /2016 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR) ,2016:779 - 788.
AEICHE IR BEARAK, . JE T i YOLOV3 — tiny 1 H )47 N5 R ALEE TS Wy A I [T ). 4l MUAR 2 42,2020, 51 (3% 7]
1):1-8,33.
LI Wentao, ZHANG Yan, MO Jinqiu, et al. Detection of pedestrians and agricultural machinery obstacles in field based on
improved YOLOv3 — tiny[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2020,51 ( Supp. 1) :1 -8,33. (in
Chinese)
SRINE , RBE L RBKCR S B T YOLO kst 2 B Se i /il [J]. 3+ 3L TR 5 ¥4t ,2018,39(10) :267 -
272,279.
CAI Chengtao, WU Kejun, LIU Qiufei, et al. Real-time panoramic multi-target detection based on improved YOLO algorithm
[J]. Computer Engineering and Design, 2018, 39(10) :267 —272,279. (in Chinese)
BRAEFF OG0 R, S BT RGH AL YOLOvA (1 2 1] B A 40 552 i e ) vk [0 ] Aol TR 241 ,2021,37(2) 136 - 43.
CAI Shuping, SUN Zhongming, LIU Hui, et al. Real-time detection method of obstacles in orchard based on improved
YOLOv4[ J]. Transactions of the CSAE,2021,37(2) :36 —43. (in Chinese)
EFHE BRI, SR ), 55 B TR AT 4> B A YOLOV3 A7 ARl B vk [T]. 7+ 8 LW 5 k14, 2020,37 (6) -
218 -223.
WANG Danfeng, CHEN Chaobo, MA Tianli, et al. YOLOv3 pedestrian detection algorithm based on deep separable
convolution[ J]. Computer Applications and Software,2020,37(6) :218 —223. (in Chinese)
HE K, ZHANG X, REN S, et al. Deep residual learning for image recognition[ C] /2016 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2016.770 —778.
REDMON J, FARHADI A. YOLO9000: better, faster, stronger[ C] /2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2017.6517 - 6525.
REDMON J, FARHADI A. YOLOv3: an incremental improvement[ J]. arXiv.: 1804.02767v1, 2018.



