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Table 1 Comparison experiments of fusion means

H A 4kt /Mb RGN HEWR/ % A/ SERIREIE/

Model Parameters GFLOPs Precision Recall Average precision
YOLOv5s 7.01 15.8 95.8 96.2 96.4
BiFPN _add 7.16 16.4 95.6 97.5 97.7
BiFPN _concat 7.07 16.0 96.7 97.5 97.8

2.2 YOLOv5s i ahitt 6
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PO R A D AR, AT T — R AT AR 56
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&2 YOLOvSsHRiR I
Table 2 YOLOVv5s ablation experiment

Jr51 ] Z4j /Mb FEBY RN/ Mb B A=/ % SFRIRERE/ HERRF ] /ms
Order number Model Parameters Size Precision Recall Average precision  Reasoning time
0 YOLOV5s 7.01 14.5 95.8 96.2 96.4 14
1 +BIFPN _concat 7.07 14.6 96.7 97.5 97.8 15
2 +EloU 7.01 14.6 97.0 97.1 97.8 14
3 +Focal loss 7.01 14.5 96.6 97.2 97.3 14
4 +1+2+43 7.07 14.6 97.2 98.0 98.8 15

2.3 B| X\ Ghost 1y ghit 16
Bk E IS 1 YOLOV5s B 78 5% F Ghost F e # 4
A[EE & W) ARG T NSRRI, X FEAS [6) 2 80

BB B ITA AR BE S5 SR SR 3 TR,
Baseline iy 283 3% 2 i ¥ 51 1,23 43 3 el itk I 1Y)
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*3 Ghost R ERERILE

Table 3 Comparison of Ghost module replacement results

A SRt/ Mb - BRI/ Mb HEWA/ % Al /7 SERIREIE/ EBEF ] /ms
Model Parameters Size Precision Recall Average precision Reasoning time
YOLOvVS5s 7.01 14.5 95.8 96.2 96.4 14.0
Baseline 7.07 14.6 97.2 98.0 98.8 15.0
4 Backbone Replace Backbone 4.18 8.9 96.3 97.0 96.6 15.2
4 Neck Replace Neck 5.67 114 97.1 97.9 97.8 16.9
AFREA All repalce 3.67 7.9 96.3 97.4 97.3 16.0

2.4 SAREEFEMER L

SR P IA]—H e A5 0 A 7 ) 4 s 7 55 T X Fast-
er R-CNN ., YOLOv4-tiny, YOLOv3 #:47 %) [E it 5 .
i 2 4 AL %0, K H T YOLOVS F1 YOLOv4-ting , XUy
Br5 3k Faster R-CNN 76 #0052 L HEREIE T YO-
LOv3 1 YOLOv4-tiny , {H 55K $fi B s ] 128 02 K T PR

BB 5k YOLO. i 5 19 YOLOv5Ss B B AR 3 T
YOLOV3 F1 YOLOvA-tiny , 5 5 ]S 5 /)N | S 28
T, B AR AR T R IR A PR A AR |
HI T R YOLOVSs, H T2 Th 17 9 286 45 A 12 B
fi ) DA B eeatt T R eR B, (A5 0 JR R TR A 2% L
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Table 4 Comparison of detection results of different models

5% Model AR /N /Mb Size A\frjiiﬁpiéiéon HEFRFA] /ms Reasoning time
YOLOv3 235.00 93.90 35.0
YOLOv4-tiny 246.17 91.54 29.0
Faster R-CNN 460.12 94.56 68.0
YOLOvS5s 14.50 96.40 14.0
Pt YOLOvSs Improved YOLOvV5s 11.40 97.80 16.9

7 HMHERT IS YOLOVSs 76 A Rl 2 RLAL E 5 5
TR U A RO AL L R TA Sy el i R i Ak
S TB O RO . NE TATTLE H Y
T e 5 W AT AR L, A R TR TR A A A A A A )
B, B IS YOLOvSs SRSB4 95 50 F 2500
R 3R R A SR A g T LB Y S R i 2 L, X2
AR ISR AT A
3 3 i

A FE TR H R Re IR ALAE M i R rh i S 4y
L 502 TR 31 DR S ) A, 2 MR T — 3 e
YOLOVS #8255 U0 7 i, il b T 2% 5
S [) RS R A 11 125 23 AL 325 42 1 v R 0E 42 L g
J1 08 BT S RS BE R s 51 Focal loss £

A2 S A0 O bR B DR 1 B RE AR B g9 2 A ), -
K EToU 4 2 R B 1153 T AE ] 051 93 2 418 185 2 o7
K EE e 8546 Ghost BEHUTE LRUERSRURS B 1) [R] B %
BRI T i f et o et JE YRR A R A A
R SRR 971 % B R A AL & T L3N 4
R EE R 97.80%6 , LRI R /MY 11.40 Mb, HLik
HEFRHF )M 16.9 ms. REGLE R B FEAELE =T,
CHE S 18 B R A TS 78 SR/ P[] o (R TE 25 5
KB, R 2% 100N 1 7 40 25 VDR T AR SR AR 6 1Y)
FENAF B o TP A K S BURAS FEHLIC L BT
S8 JHE AR H TR R A s b R 4R | 5 22 7% IR s/ N ) R
FERE N Z AAPLIEAT IO | 0 3 R P A B AR
HIEEG Itk — R B e A& b
AL A T I BT SS.
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Fig.7 Detection effect under different degrees of clutter background
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Sugarcane stem node recognition method based on improved YOLOvV5

ZHAO Wenbo',ZHOU Degiang'*, DENG Ganran®*, HE Fenguang®*,
ZHU Qi', WEI Lijiao™*, NIU Zhaojun**
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Sciences , Zhanjiang 524088, China;
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Tropical Crops, Zhanjiang 524091, China

Abstract As one of the important raw materials for sugar production, sugar cane extracted is not only
a necessity but also belongs to national strategic reserve materials. At present, the sugarcane industry as a
whole is inefficient, especially in terms of machine seeding, and the efficiency of manual seed cutting is low.
The developed methods for sugarcane stem node identification are all based on clean background conditions ,
but the working environment of agricultural machinery is disgusting. A large amount of debris, miscella-
neous leaves and other dirt produced by seed cutting will lead to background pollution in image acquisition
area and reduce the recognition ability of algorithm. Therefore, a sugarcane stem node identification method
is put forward based on improving YOLOVS5 to solve the problems of low recognition accuracy of sugarcane
stem node under complex background. To optimize the neck structure and enhance the information fusion
capability among different levels by using cross-level connection. At the same time, the model loss function
is improved. On the one hand, EIoU loss is introduced to replace original CloU loss to improve the preci-
sion of boundary box regression; on the other hand, Focal loss function is used to replace the cross-entropic
loss function to solve the problem of unbalanced proportion of positive and negative samples. Finally , Ghost
module is introduced to lightweight network model. The experimental results show that compared with the
original model , the average precision value of the model proposed in this study is increased to 97.80% , the
single detection time is 16.9 ms and the memory of the model is only 11.4 Mb, which realizes the identifica-
tion of sugarcane stem joints in different chaotic scenes and reduces the impact of background chaos when
cutting injurious buds.

Keywords sugarcane; stem node identification; cluttered background; YOLOvS; cross-layer
weighted connection; loss function; precise cutting
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