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Identification and Height Localization of Sugarcane Tip Bifurcation Points in
Complex Environments Based on Improved YOLO vSs

LI Shangping BIAN Junxi LI Kaihua REN Hongyu
(School of Electronic Information, Guangxi Minzu University, Nanning 530006, China)

Abstract; The precise identification and height positioning of the bifurcation points of sugarcane tips is
one of the key technologies for achieving real-time control of sugarcane harvester cutters, and is also an
important way to improve the mechanization level of sugarcane harvesting and reduce sugarcane impurity
content. In response to the complex environment of sugarcane fields, significant changes in lighting, and
mutual obstruction of sugarcane bifurcation points, the field investigations, on-site testing and analysis of
the characteristics of sugarcane growth points, sugarcane bifurcation points, and their interrelationships
were firstly conducted, statistical analysis of sugarcane bifurcation points in images was collected, and
combined with on-site measurement and statistical analysis of the height of sugarcane bifurcation points, it
was found that they all had obvious normal statistical characteristics. Secondly, a sugarcane tip
bifurcation point recognition method was proposed based on improved YOLO v5s. In this method,
monocular and binocular cameras were used to collect sugarcane image data in Fusui Agricultural Science
Base of Guangxi University, and data preprocessing and labeling were carried out to build a data set of
sugarcane tip bifurcation points. Then BiFPN feature fusion structure and CA attention mechanism were
introduced into the backbone network of YOLO v5s to enhance the interaction and expression ability of

different levels of features, and using GSConv convolution, Slim — Neck normal form design, and the
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Ghost module was introduced into the original model backbone network to replace the original ordinary
convolution in Neck, in order to reduce the computational and parameter complexity of the model and
improve its operational efficiency. Finally, the effectiveness and superiority of this method were verified
through training and testing on on-site collected datasets. The experimental results showed that this
method achieved an average accuracy of 92.3% , a recall rate of 89.3% , and a detection time of
19. 3 ms on the sugarcane tip bifurcation point dataset. Compared with the original YOLO v5s network,
the average accuracy was improved by 5 percentage points, the recall rate was improved by 4 percentage
points, the parameter quantity was reduced by 43% , the model size was reduced by 5.5 MB, and the
detection time was reduced by 0. 7 ms. Finally, based on the obvious normal statistical characteristics of
sugarcane bifurcation points, this feature can be combined with binocular vision positioning algorithms to
lay a theoretical and technical foundation for conducting research on feature recognition of sugarcane
harvester cuttings, height positioning of cuttings, and real-time control.
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Tab.3 Comparison of network performance of different models

. HER,  HREFE, SFEER . TFMIEE IR BRI S
% % /% /€4 i) / ms JHH/MB
YOLO v5s 83.0 85.3 87.3 7012822 1.58 x10'" 20.0 14.0
YOLO v5s_BiFPN 88. 4 86.2 92.0 7078367 1.60 x10" 22.6 14.5
YOLO v5s_CA 88.2 82. 1 89. 4 7038470 1.58 x10'" 18.6 14.1
YOLO v5s_GSConv + Slim — Neck 88.2 88. 1 91.0 5835702 1.27 x10' 17.3 11.8
YOLO v5s_BiFPN + CA 89. 1 88. 4 92.3 6663055 1.55x10" 20.6 14.3
YOLO v5s_BiFPN + CA + GSConv + Slim — Neck 85. 1 89.6 92. 1 5975007 1.29 x10'" 18.8 12.1
YOLO v5s_BiFPN + CA + GSConv + Slim — Neck + Ghost 85.6 89.3 92.3 4041159  7.70 x 10° 19.3 8.5
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Tab.4 Comparison of detection results of different

mainstream models

. e/ H CEHRE R Ie RER YA
% /% W/ % A)/ms 5 HE/MB
SSD 89.6 80.6 88.3 50.2 90. 6
Faster R — CNN 85.2 79.5 84.1 100. 3 324.0
YOLO v7 86.9 84.3 89.1 30. 1 74.8
YOLO v3 88.0 84.3 88.3 38.9 48.1
Bk YOLO v5s 85.6 89.3 92.3 19.3 8.5
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Fig. 17 Comparison of detection examples for different networks
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Tab.5 Effect of binocular ranging and positioning

under smooth light condition

APLEE  BERT 2>

B IR 2/ .y xR, TR A X
cm % R/ %
S/ em J¥/cm cm
310 309 1 0.32
280 278 2 0.71
320 319 1 0.31
290 290 0 0
315 313 2 0. 63
20 316 315 1 0.31 0- 429
298 297 1 0.33
296 296 0 0
298 296 2 0. 67
305 303 2 1.01
310 304 6 1.93
280 276 4 1.42
320 313 7 2.18
290 285 5 1.72
315 310 5 1.58
100 316 312 4 1.26 1247
298 293 5 1.68
296 294 4 1.35
298 294 4 1.34
305 303 2 1.01
310 295 15 4.84
280 269 11 3.93
320 302 18 5.63
290 279 11 3.79
315 301 14 4.44
150 316 300 16 5.06 4.976
298 280 18 6. 04
296 279 17 5.74
298 281 17 5.70
305 291 14 4.59
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