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Stem Node Feature Recognition and Positioning Technology for Transverse
Cutting of Sugarcane Based on Improved YOLO vS5s
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Abstract; In order to achieve accurate and efficient automated seed cutting in sugarcane intelligent
transverse seed cutting workstation, a method based on improved YOLO vSs for identifying and locating
the edge end of sugarcane stem node features was proposed for the characteristics of factory seed cutting
tasks. Firstly, the camera was corrected for distortion by using the ZHANG Zhengyou camera calibration
method, then the sugarcane stem node dataset was enhanced and the original YOLO v5s model was used
for training and testing, and the results showed that the data enhancement can improve the detection
accuracy to some extent. Then, to address the problems of low accuracy and high model complexity
caused by small stem node feature targets, the backbone network of YOLO v5s was improved by
introducing the coordinate attention module and Ghost lightweight structure before the SPPF module, and
removing the P5 large target detection head in the Head network to obtain the improved sugarcane stem
node detection model YOLO v5s — CA — BackboneGhost — p34. The test results showed that the model
outperformed other mainstream algorithms and the original model with high accuracy and small size.
Among them, mAP@ 0.5 and mAP@ 0.5:0.95 were improved by 5.2 and 16.5 percentage points,
respectively, and the model computation and size were reduced by 42% and 51% , respectively. Finally,
in order to improve the detection speed and real-time performance, the model was deployed at the edge
end, and the detection speed was accelerated by using TensorRT technology, and the model was

completed on a sugarcane with transmission speed of 0.15 m/s. The actual seed cutting test were
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completed on the smart transverse seed cutting workstation with transmission speed of 0. 15 m/s. The test

results showed that the accelerated stem node detection speed reached 95 {/s, the average error of real-

time detection and positioning was about 2. 4 mm, the seed cutting qualification rate was 100% , and the

leakage rate was 0.4% , which indicated that the model proposed was highly reliable and practical, and

can provide effective technical support for the industrialization, intelligence and standardization of

sugarcane transverse seed cutting workstation.

Key words: intelligent transverse sugarcane cutting workstation; stem node identification and

positioning; YOLO v5s; edge-end deployment
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Fig.8 Performance evaluation results of validation set before and after data enhancement for dataset training process
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Fd4 HERUZHMXEERETEHER
Tab.4 Performance evaluation results of algorithm optimization experiment test set
B it B PENTIR: 4 -2 kG - B KG E 7 R R A 5
% % YH 1/% ¥l 2/ % JaRCA T JAE/MB
YOLO v5s 92.5 91.0 92.7 53.2 1.58 x 10" 13.7
YOLO v5s— CA 97.6 96. 6 97.9 67.6 1.58 x 10" 13.7
YOLO v5s— p34 97.1 97.0 98.0 72.2 1.43 x 10" 10.2
YOLO v5s— CA — p34 97.3 97. 1 98.3 72.6 1.44 x10" 10.3
YOLO v5s— CA — Ghost — p34 97. 1 96. 8 97.8 67.0 7. 40 x 10’ 5.8
YOLO v5s— CA — NeckGhost — p34 97.4 97.2 98. 1 70.7 1.26 x 10" 9.4
YOLO v5s— CA — BackboneGhost — p34 97. 1 96.9 97.9 69.7 9.20 x 10’ 6.7
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detection after algorithm optimization
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6 %

-l
o3

(1) 285 50 0 3, 250 40 398 5 m] A 28 4 v A AR
K 2Rz AL RE 1, BEAR T 105 i XURS o L okG B2 A
(0] A% RS BE SR 1 LA RSP MR BE 344 2 53 5
B53.8.5.2.5.4854MHMNE,

x6 PWMERS

Tab.6 Statistics of seed cutting results

sy HEE SR RWZET  WRET O WRR AREENR(EIEN  REEN/  GiEEN/  WRaK
- BEOR O ORE/A RE/A R B =B /B B B /%
BE 20 230 229 1 109 0 0 100

(2)7E YOLO v5s (W 5L il [, 76 & T M 4% iR
I CA FE & S HLHI LA S 5] A Ghost 25 #4, 7] DL
P TH AR X R 25 40 0 R AE B HRURE ), B A
T4 A A I 25 43X 28 H AR, JF AT DLFE 6 R
K B2 (15 0 T B AICASE 8 52 % B, Ok 3 28 A i A X
WA b BE 5 JL il 7E Head W) 25 5] B K H A 6 Il
Sk, AR F 2R /N B BRI AL AR BRI BTG A
Ji A BB B 25 A R (TR T L v T R
FH I RRAE 8020 X 28 77 S 80T 3 i RS 80, ik
R A S B o B RORG BE, 50 R P [R] A i
FI CA JE R Iy 85 He DL K 50 9 R H A A6 D0 5 s Xof A5
R B TR SR AT, I HAUKE 5 T M 25 51 A Ghost 45
AT A S Jost AR 7RO B R RN T AT A 0 S o A

BN 7% Ko 2 52 5% i, YOLO v5s — CA —
BackboneGhost — p34 %5 JF A5 AU S Y 8E BE 4 {0 1 42
THS 2 A Ay PR E 2 271 16.5 A
O3 R, T RUEOTE BT R AR AL N A o5 TR G ) R AR
42% F1 51 % ,AH L H A 00 B AR AT 7 vk H A
A 5w ARG DR E A EE N R AR R

(3)# YOLO v5s — CA — BackboneGhost — p34 #&
IR B AE Jetson Orin NX16GB i % % 7% |, 3@ i
TensorRT fll 0 J , 5 Wi &1 14 46z P i 1] AL 75 10. 5 ms,
LoRlBEY S/ W A

(4) 28 52 br U0 Fh ik 56 30 0, 75 4% 26 R
0.15 m/s BYREALT , DIH) 20 RIS Ly 1.8 m Ay T
BELIFR S A X B R R 22 2.4 mm, Y]



£ 10 3]

ZE WO A5 BTl YOLO vSs By H THEST Ah 2835 R AE 9 E A B R

245

5 Hs 5 h 100%
(5) B 75 1 T LAAT 208 e HBE R R 1) 71 4)
Foft A il ) D) RPN JBE RN 8 T B A7 IR R

X HREZE AT HEATRG E e AR R T A S
DI 5 5K, S H e 1 DDA AR ) T e R RE
P LA R A AR 7 P 3 (A A0 A B SR

IEEE Access, 2021, 9.

Wuxi .

IEEE Transactions on Pattern Analysis and Machine

Nanning: Guangxi

2 £ X B

(U] RARH, Wl BUAH BRI E R EIM]. U0 bR 2 HoR h hR AL, 2021,

(2] ZEmF, B, BEE, % BREH BTN TSR SIS EE /0T [T ], o E AR BG4 ,2020,41 (10) .74 - 82.

LI Shangping, XIANG Rui, LIAO Yikui, et al. Structural design and seed cutting accuracy analysis on intelligent sugarcane
seed pre-cutting workstation[ J]. Journal of Chinese Agricultural Mechanization,2020,41(10) :74 —=82. (in Chinese)

[3] CHEN]J, WU J, QIANG H, et al. Sugarcane nodes identification algorithm based on sum of local pixel of minimum points of
vertical projection function[ J]. Computers and Electronics in Agriculture, 2021, 182, 105994.

[4] ZHOU D, FAN Y, DENG G, et al. A new design of sugarcane seed cutting systems based on machine vision[ J]. Computers
and Electronics in Agriculture, 2020, 175; 105611.

(5] SRIBEE ATk, EERTR, 5. 206 2 8] B RAL SR E AR ZE RE IR g R [T, RHLAEIF 5 ,2020,42(1) 231 - 236.
ZHANG Yuanyuan, HE Yongling, WANG Yuefei, et al. Application of color space image processing technology in sugarcane
node recognition[ J]. Journal of Agricultural Mechanization Research,2020, 42(1) :231 —236. (in Chinese)

[6] CHEN M, XU Q, CHENG Q, et al. Sugarcane stem node detection based on wavelet analysis[ J].

147933 - 147946.

[7] MENG Y, YEC, YUS, et al. Sugarcane node recognition technology based on wavelet analysis[ J]. Computers and Electronics
in Agriculture, 2019, 158 68 —78.

(8] BRIEHE. BT HLARILSE M H L I Ui e & it S5 [ D]. B8 1L K% ,2022.

CHEN Yanxiang. Design and research on sugarcane multi-cutter cutting equipment based on machine vision [ D ].
Jiangnan University, 2022. (in Chinese)

(9]  MXSChE, A fas , XET48 4%, JET ot YOLO v5 @ H e 2R U0 O i [T]. Aol K222 41,2023 ,42(1) 1268 - 276.
ZHAO Wenbo, ZHOU Deqiang, DENG Ganran, et al. Sugarcane stem node recognition method based on improved YOLO v5
[J]. Journal of Huazhong Agricultural University,2023, 42(1) :268 —276. (in Chinese)

[10] B SCZE R, SO T, — P T R BE 2% 20 1 1 6 8 20 R IE R 3 %% 18 - CN108875789B[ P . 2021 — 04 —27.

[11] 2= 2R, 5K T, 45, 2t YOLO v3 W25 3 i 1 R 253 e sh AR TR RCR [ T] . Aol TR 24k ,2019,35(23) : 185 - 191.

LI Shangping, LI Xianghui, ZHANG Ke, et al. Increasing the real-time dynamic identification rate of sugarcane nodes by
improved YOLO v3 network[ J]. Transactions of the CSAE, 2019, 35(23): 185 —191. (in Chinese)

[12] ZHANG Z. A flexible new technique for camera calibration [ J].

Intelligence , 2000, 22(11) ; 1330 - 1334.

[13] E&FH. TOHBE™ L EEMEHFID]. BT P K%,2022.

DONG Shulei. Research on the development countermeasures of Guangxi sugarcane industry [ D ].
University, 2022. (in Chinese)

[14]  XBF=oh, X bele B 52, 5. T VUG 25 B8 IX 2022 ARk RE AR 7= R A [T ], " E Follk ,2022(10) 148 - 51.

[15] sk, B4R, S8, 55 26 Tl YOLO v5 19 AR BB R BB SR SR Or i [T ] Al HLAK 3% 4 , 2022, 53 (38 TH)
1):232 -240.

ZHANG Zhiyuan, LUO Mingyi, GUO Shuxin, et al. Cherry fruit detection method in natural scene based on improved YOLO v5
[J]. Transactions of the Chinese Society for Agricultural Machinery, 2022, 53 ( Supp. 1) :232 —240. (in Chinese)

[16] E5,Ef4l, £RME,5F. ETHH YOLO v4 1y HARFRE R gl 77 (], FOl AL #41 ,2022,53(8) ;294 - 302.
WANG Zhuo, WANG Jian, WANG Xiaoxiong, et al. Lightweight real-time apple detection method based on improved YOLO
v4[J]. Transactions of the Chinese Society for Agricultural Machinery, 2022, 53(8) :294 —=302. (in Chinese)

[17] BHFWINVRA. 2T HE YOLO v4 W28 19 4% 2 [ 3 & i 2R A U 7 ek [T ], Rl MLk 2 41 ,2022,53 (6) 1265 - 273.
XIU Chunbo, SUN Lele. Potato leaf bud detection method based on improved YOLO v4 network [ J]. Transactions of the
Chinese Society for Agricultural Machinery, 2022, 53(6) :265 -273. (in Chinese)

(18] RWW¥, EH, R K, 5. T YOLO v5s iy H ARG S 2 1B 5 : [ T]. Rl WLB 2= 41 ,2022,53(7) 1234 - 242.
SONG Huaibo, WANG Yanan, WANG Yunfei, et al. Camellia oleifera fruit detection in natural scene based on YOLO v5s
[J]. Transactions of the Chinese Society for Agricultural Machinery, 2022, 53(7) :234 - 242. (in Chinese)

[19] HOU Q, ZHOU D, FENG J. Coordinate attention for efficient mobile network design[ C] // Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2021 13713 - 13722.

[20] R, FEHED XK. EEIRAZE B AR g e T[], e R 5% ,2023,18(3) :506 - 516.

WU Jun, DONG Jiaming, LIU Xin, et al. Lightweight object detection network and its application based on the attention
optimization[ J]. CAAT Transactions on Intelligent Systems, 2023, 18(3) :506 —516. (in Chinese)

[21] HAN K, WANG Y, TIAN Q, et al. Ghostnet: more features from cheap operations [ C] // Proceedings of the IEEE/CVF

Conference on Computer Vision and Pattern Recognition, 2020: 1580 — 1589.
(#5293 )



510 M XU S5 T AR B AR ZE 1 [ AR B A B E AR BRI O s 293

[8]

[9]

[10]

(11]

(12]

[(13]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

LUCA B, JACK V, JOAO F H, et al. Fully-convolutional siamese networks for object tracking[ C] // European Conference on
Computer Vision. Amsterdam ; Springer, 2016 850 — 865.
LUCA B, JACK V, JOAO F H, et al. Learning feed-forward one-shot learners[ C] // Advances in Neural Information Processing
Systems, 2016.
LUCA B, JACK V, JOAO F H, et al. Staple: complementary learners for real-time tracking[ C] // Conference on Computer
Vision and Pattern Recognition ( CVPR) , 2016.
LI B, YANJJ, WU W, et al. High performance visual tracking with siamese region proposal network[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2018 8971 —8980.
LI B, WEI W, WANG Q, et al. Siamrpn + + : evolution of siamese visual tracking with very deep networks[ C] // Conference
on Computer Vision and Pattern Recognition (CVPR) , 2019. 4282 -4291.
ZHANG Z P, PENG H W, FU J L, et al. Ocean: object-aware anchor-free tracking[ C] // European Conference on Computer
Vision, 2020 771 - 787.
GUO D Y,WANG J,CUI Y, et al. Siamcar; siamese fully convolutional classification and regression for visual tracking[ C] //
Conference on Computer Vision and Pattern Recognition (CVPR) , 2020: 6269 - 6277.
CHEN Z D, ZHONG B N, LI G R, et al. Siamese box adaptive network for visual tracking[ C] // Conference on Computer
Vision and Pattern Recognition (CVPR) , 2020 6668 —6677.
FENG T, QIANG L. Learning to rank proposals for siamese visual tracking[ J]. TEEE Transactions on Image Processing: A
Publication of the IEEE Signal Processing Society, 2021, 30.8785 - 8796.
HELD D, THRUN S, SAVARESE S. Learning to track at 100 fps with deep regression networks[ C] // Conference on
Computer Vision and Pattern Recognition (ECCV) , Springer, 2016 749 - 765.
SANDLER M, HOWARD A, ZHU M L, et al. Mobilenetv2: inverted residuals and linear bottlenecks[ C] // Conference on
Computer Vision and Pattern Recognition (CVPR) , 2018 4510 -4520.
MA N N, ZHANG X Y, ZHENG H T, et al. Shufflenet v2: practical guidelines for efficient CNN architecture design[ C] //
European Conference on Computer Vision, 2018.
KUMAR P, VASU A, JAMES G, et al. An improved one millisecond mobile backbone[ J]. arXiv preprint;2206. 04040,
2022.
OLGA R, DENG J, SU H, et al. Imagenet large scale visual recognition challenge[ J]. International Journal of Computer
Vision, 2015, 115(3): 211 -252.
LIN T Y, MAIRE M, SERGE B, et al. Microsoft COCO: common objects in context[ C] // European Conference on Computer
Vision, 2014, 740 - 755.
HUANG L H, ZHAO X, HUANG K Q. GOT —10k: a large high-diversity benchmark for generic object tracking in the wild
[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2019.
REAL E, SHLENS J, MAZZOCCHI S, et al. YouTube-BoundingBoxes: a largehigh-precision human-annotated data set for
object detection in video[ C] // Conference on Computer Vision and Pattern Recognition (CVPR), 2017 5296 - 5305.
FAN H, LIN L T, YANG F, et al. LaSOT: a high-quality benchmark for large-scale single object tracking[ C] // Conference
on Computer Vision and Pattern Recognition, 2019 5374 —5383.
WANG Q, ZHANG L, LUCA B, et al. Fast online object tracking and segmentation: a unifying approach[ C] // Conference on
Computer Vision and Pattern Recognition (CVPR), 2019, 1328 - 1338.
JACK V, LUCA B, JOAO H, et al. End-to-end representation learning for correlation filter based tracking[ C] // Conference
on Computer Vision and Pattern Recognition, 2017 ; 2805 —2813.
SANH V, WOLF T, RUSH A M. Movement pruning: adaptive sparsity by fine-tuning[ C] // Proceedings of the Advances in
Neural Information Processing Systems, 2020 20378 —20389.

(E$%E 245 TT)

[22]
[23]
(24]
[25]

[26]
(27]

[28]

CARION N, MASSA F, SYNNAEVE G, et al. End-to-end object detection with transformers[ C] // European Conference on
Computer Vision. Cham: Springer International Publishing, 2020, 213 -229.

DUAN K, BAI S, XIE L, et al. Centernet; keypoint triplets for object detection [ C] // Proceedings of the IEEE/CVF
International Conference on Computer Vision, 2019: 6569 —6578.

BOCHKOVSKIY A, WANG C Y, LIAO H Y M. YOLO v4:. optimal speed and accuracy of object detection[J]. arXiv
Preprint, arXiv:2004.10934, 2020.

MISRA D. Mish: a self regularized non-monotonic activation function[ J]. arXiv Preprint, arXiv:1908.08681, 2019.

GE Z, LIU S, WANG F, et al. YOLOx: exceeding yolo series in 2021[ J]. arXiv Preprint, arXiv:2107.08430, 2021.
WANG C Y, BOCHKOVSKIY A, LIAO H Y M. YOLO v7. trainable bag-of-freebies sets new state-of-the-art for real-time
object detectors[ C] // Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2023 ; 7464 -
7475.

JEONG E J, KIM J, HA S. Tensorrt-based framework and optimization methodology for deep learning inference on jetson
boards[ J]. ACM Transactions on Embedded Computing Systems ( TECS) , 2022, 21(5): 1 -26.



