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Method for Locating Missing Ratoon Sugarcane Seedlings Based on
RGB Images from Unmanned Aerial Vehicles and Improve YOLO vSs
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Abstract: In response to the lack of specific missing seedling data for the transverse replanting machine
of pre-cut double bud sugarcane segments, resulting in poor replanting efficiency, a method for locating
missing ratoon sugarcane seedlings based on UAV RGB images was proposed. Firstly, high-resolution
images of ratoon sugarcane seedlings in the field were rapidly captured by using UAVs, which were then
segmented into multiple sub-images and subjected to data augmentation to construct a dataset. Secondly,
enhancements to the YOLO v5s model involved the introduction of P2 small target feature layers and
DyHead modules to improve the detection accuracy of small seedling targets. Additionally, an image
weighting strategy was employed during training to address sample imbalance issues and further improve
detection accuracy, especially for occluded seedlings. Subsequently, a framework incorporating sliced-
assisted inference facilitated the detection of ratoon sugarcane seedlings in large-scale field images by
using the trained model. Finally, a row recognition algorithm based on an improved DBSCAN clustering
algorithm and PCA fitting algorithm was developed to locate missing seedling positions along crop rows.
Experimental results demonstrated that the improved ratoon sugarcane seedling detection model achieved
an average detection accuracy of 96. 8% on sub-images and recognition precision and recall rates of
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94.5% and 91. 8% , respectively, on large-scale images, with a detection time of 0. 32 s. Utilizing the

detection coordinates, the row recognition algorithm achieved 100% clustering accuracy, with an average

angular error of 0. 245 5° for fitted row angles, and precision and recall rates of 91.9% and 97. 1% ,

respectively, for missing seedling detection along rows. This method can be applied to intelligent missing

seedling localization in large-scale, complex field images of ratoon sugarcane, providing technical support

for replanting operations and holding significant implications for extending ratoon lifespan and increasing

sugarcane yield.

Key words: ratoon sugarcane seedlings; missing seedling localization; UAV RGB images; YOLO v5s;

crop row detection; DBSCAN
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Tab.1 Comparison of results from ablation experiments
el K%/ % BRI/ %  FEREESME /% SEYEESH2/%  FhsEE FEFRA ]/ ms
YOLO v5s 90. 1 87.0 90.7 45.3 1.58 x 10" 9.3
YOLO v5s — iw 90. 1 90. 0 93.2 52.0 1.58 x 10 9.3
YOLO v5s —iw — P2 94. 4 93.2 95.1 54.8 1.85 x 10 11.9
YOLO v5s — iw — DyHead 91.8 92.4 94. 8 54.8 1.59 x 10" 19.6
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Tab.3 Comparison with other object detection algorithms

LAY KR/ % B/ % FEREENE /% VPEREEXME2/% TRREfE HEREE ms
CenterNet 68. 1 53.5 60. 5 17.7 19.0
DETR 66.0 20.9 55.0
TPH - YOLO v5s 87.8 79.3 83.3 35.4 2.30 x 10" 25.0
YOLO v8s 94.0 93.2 94.5 56.9 2.84 x 10" 11.2
A 95.3 95. 4 96. 8 59.0 2.10 x10'° 20.2
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Fig. 14  Change in row clustering accuracy with

different long axis values
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Fig. 16  Comparison of effectiveness of proposed method with other clustering algorithms
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R E O ROCR AN 21 frR . 18] 21a H Rk
VEMIATER BB GO SE PR R A 0 5 18] 21b R 4
SNAEIATER, RS i D T 4 R 7 5, 20 €0 IX 3l
FORVHA BRI . BRI R D3 o0 e AR R AT
Ao/ S P EE R REA I H A, S ORI Y ok

o B P SR A, (EL SR Bl B RO T

() OB R
B 21 g sk R

Demonstration of missing seedling localization effect

(a) SEPRELT (7 E

Fig. 21

4.2.5  fUUADFERE R SR A B R 5 5E 7 S

T AT i H S D AL (362 LA ke
TENAE R, 35 AN L AT AN R AR L, 32 o b ik
AR B AR SCIE i — A B L A SR o7
W5 58 (57 S 491 36 Uk T 12 05 1 A Rtk . 1 G,
F PixDmapper X8 X 2 H A ATHA A (73 %
ANy 5 472 R x 3 648 R F) HAT PR, IR
Photoshop -3 3 8 [ (1 A 52 & i1 2 A1 B P4
Ji 1) o SRR R P i A B i IR Al B A I 2R e v ok
AR, GRAFAIAE o A bR o B, IR A TR
TFEE XA A BR BEA T AT RS AT AU LU Rk v
PLE WAL, AR AN 22 iR, Geitai sk

Y, M (5] 43 B R 14 205 1238 <20 067 125K , Tl
BB G PR ] 2 4 T A I 25 2R

e |

!4
114!
{

P22 fiar DR P Bl i 2 o7 5401
Fig.22 Instance of missing seedling localization

on stitched aerial image



512 4

FHF 45 BT AN RGB BB 2t YOLO vSs 17 MRSk 5 1 758 69

P05 2 066. 7 m*, o SRS Y 3 008 HE , 411
BVEYITTER 26 2%, B A28 1 383 A, iZ &I AT
TIA B AR R R A I BRI DA AR AL
A e AR R SRR O B AR S8

5 #%RiE

BEXIE AR AN R Bk = A A Y Bk (R R Bk
MRV R AR RIRR, 32 1 T — M TR AML RGB
PR A i AR BE R v 70k o 207 ik 1 i o e S
AR ESE Y YOLO vSs 58 DL K AR AT UM 32 4
455, BOCENE AR BET BT B B, SRR R 4 o3 B 5
AR EIVERIAT LIRS AT O, RSB

2k R e AR AL B IR AR R, SO ) Y
YOLO v5s AR 7E 1~ 18] L= 14 05 v A 00 P 245 3k 3]
96. 8% , Z5 SAHI J& 78 K& L AR 5 0 5 F1 44 [m]
FAP KT 94. 5% 1 91. 8% . FETFHG MY A AR{v B
AR BRI , AR SR PRI TN SR A T RS HER R
H100% , U5 B AE AT o 2 AR B B IR 22 R
0.245 5°, gt g ARt T RLAF A RERL . R Pk
SENAEIIR N 91. 9% , 44 [ 3Hy 97. 1% , ~F-X 5E 37 1%
2209 °9. T3 AR Z . F A SOIT ik N T DR
b BIE T AT AT, S AR RE AN R AL B e AR R
BETEORS o IZIPTERER A AR EARE R | fle e AR
REA A58k R B B2E 3L

& % x #t

SRS, W BUCH BERSE A Mo ML Jbat Bl goR I it 2021.
LINY, CHEN T, LIU S, et al. Quick and accurate monitoring peanut seedlings emergence rate through UAV video and deep

Sugarcane and Canesugar, 2021,50(2) ;14 —22.

A 2017 4F )" pU gk % A Sl B[ )], Bl

learning[ J]. Computers and Electronics in Agriculture, 2022, 197 . 106938.
[3] OMOTO G, AUMA E O, OPILE W R. Light interception and productivity of sugarcane as influenced by row spacing, season,
cultivar and site in Kenya[ J]. International Sugar Journal, 2015, 117(1404) ;893 —903.
[4] MELO P L A, CHERUBIN M R, GOMES T C A, et al. Straw removal effects on sugarcane root system and stalk yield[ J].
Agronomy, 2020, 10(7) : 1048.
(5] ARICHL, oAl B ACHE , 55, T RE I HL BB AL ISR ASE 0T T 1 398 4 MR AN A8 AR TR B A 52 [ 0] BRI,
2022,43(7) ;1417 - 1430.
LIN Zhaoli, ZHANG Hua, QUE Youxiong, et al. Effects of large scale mechanized sugarcane harvesting mode on soil physical
properties of sugarcane fields and ratoon sugarcane yield[ J]. Chinese Journal of Tropical Crops, 2022,43(7) ;1417 - 1430.
(in Chinese)
[6] iesdtte XSEAE, W45, 5. FhZE i HAMI G AR REE A AR FROBT R FE A RO S B2 [T ] HRERR I, 2021,50(2)
14 -22.
YOU Jianhua, DENG Zhinian, HUANG Quanbao, et al. The analysis of cost reduction and efficiency increase and prospect of
the new technology of direct replanting seed cane on ratoon sugarcane[ J].
(in Chinese)
(7] Wedee R0 B AR T, 45, 25 BRI H R R 1 52 )
YEW)2A4R , 2020,41(9) 11790 - 1796.
YOU Jianhua, LIANG Tian, FAN Baoning, et al. Effects of direct replanting seed caneon ratoon sugarcane, a case study in
Rongshui Miao Autonomous County, Guangxi in 2017[J]. Chinese Journal of Tropical Crops, 2020,41(9) ;1790 - 1796. (in
Chinese )
(81 K%, MaE =, X540, 55, 1 MBS i RS A b SURke B : CN115067038 B[ P . 2023 — 12 ~05.
(91 oK, AR, RER 5. BRRXRE A MRS 6 7 LE M SRETRI RS [T]. fol TR 4z,2018,34(12)
35 -41.
WANG Yongwei, XIAO Xize, LIANG Xifeng, et al. Plug hole positioning and seedling shortage detecting system on automatic
seedling supplementing test-bed for vegetable plug seedlings[ J]. Transactions of the CSAE, 2018,34 (12).35 —41. (in
Chinese)
[10]  #PHE R EME, EHA, 5. Fe TR B i s i XA [T ] RALEWTFE, 2023,45(3) :210 - 215.
CAO Dandan, ZHU Yutao, WANG Yinchu, et al. Detection of missing holes in plug seedlings based on deep learning[ J].
Journal of Agricultural Mechanization Research, 2023 ,45(3) ;210 —215. (in Chinese)
[11] YANZ, ZHAO Y, LUO W,et al. Machine vision-based tomato plug tray missed seeding detection and empty cell replanting
[J]. Computers and Electronics in Agriculture, 2023,208 ;:107800.
[12] 3RS APRT, 5hSCEE , 4. BT U0 YOLO i F R4 i REGRIO L [T ], AU, 2021,52(4) 1221 -229.
ZHANG Hongming, FU Zhenyu, HAN Wenting, et al. Detection method of maize seedlings number based on improved YOLO
[J]. Transactions of the Chinese Society for Agricultural Machinery, 2021,52(4) ;221 —229. (in Chinese)
[13] LID, LI B, LONG S, et al. Rice seedling row detection based on morphological anchor points of rice stems[ J]. Biosystems
Engineering, 2023, 226 71 —85.
[14] WANG S, YU S, ZHANG W, et al. The identification of straight-curved rice seedling rows for automatic row avoidance and



70 P A1 R B S ¢ 20244
weeding system[ J ]. Biosystems Engineering, 2023, 233, 47 - 62.

[15] 3RS, RI5K, 4 KB, 5. BT YOLO v4 FUNLEE [l H /Y & 22 R EE R B s v e 2 ik [T ). Al WUk 244, 2022,
53(11) :299 -305, 340.

ZHANG Yu, XU Haoran, NIU Jiajun, et al. Missing seedling localization method for sandalwood trees in complex environment
based on YOLO v4 and double regression strategy[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2022,
53(11):299 —305, 340. (in Chinese)

[16] YUY, BAO Y, WANG J, et al. Crop row segmentation and detection in paddy fields based on treble-classification otsu and
double-dimensional clustering method[ J]. Remote Sensing, 2021, 13(5);: 901.

[17] B0, HE%E A TR, 55 B THLEIE Y T2 /MDA TR [ T]. AU, 2021 ,52(4) :208 -220.
WANG Qiao, MENG Zhijun, FU Weigiang, et al. Detection algorithm of multiple crop row lines based on machine vision in
maize seedling stage [ J ]. Transactions of the Chinese Society for Agricultural Machinery, 2021,52 (4):208 - 220. (in
Chinese )

(18] JuZBH 6EPA, 7 BE. B TS n) B Sl # rk (] iHEHLIAE, 2022,48(12) 1224 -231.

FAN Xinyue, BAO Hong, PAN Weiguo. Image instance segmentation method based on class-imbalanced dataset [ J].
Computer Engineering, 2022 ,48(12) :224 —231. (in Chinese)

[19] 8230, 22540, EIMAUE Z2 2T B2 2= G rh g i B LT ] 3HRHL AR S 0, 2022,58(8) 1237 —242.
CHAT Wenguang, LI Jiayi. Application of re-weight method in multiple class-imbalance medical images detection [ J].
Computer Engineering and Applications, 2022 ,58(8) ;237 —242. (in Chinese)

[20] DAI X, CHEN Y, XIAO B, et al. Dynamic head: unifying object detection heads with attentions[ C] // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition,2021 . 7373 —7382.

[21] AKYON F C, ALTINUC S O, TEMIZEL A. Slicing aided hyper inference and fine-tuning for small object detection[ C] /2022
IEEE International Conference on Image Processing (ICIP). IEEE, 2022. 966 —970.

[22] ESTER M, KRIEGEL H P, SANDER J, et al. A density-based algorithm for discovering clusters in large spatial databases
with noise[ C] //KDD, 2009 :836 —841.

[23] WOLD S, ESBENSEN K, GELADI P. Principal component analysis[ J]. Chemometrics and Intelligent Laboratory Systems,
1987, 2(1-3) . 37 -52.

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

[25] 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.

[26] ZHU X, LYU S, WANG X, et al. TPH — YOLOv5; improved YOLOv5 based on transformer prediction head for object
detection on drone-captured scenarios [ C] // Proceedings of the IEEE/CVF International Conference on Computer Vision,
2021, 2778 —2788.

[27] JAIN A K. Data clustering; 50 years beyond K-means[ J]. Pattern Recognition Letters, 2010, 31(8) : 651 —666.

[28] HALL A V. Methods for demonstrating resemblance in taxonomy and ecology[ J]. Nature, 1967, 214(5090) : 830 - 831.

[29] DEREK Y. Least-squares fitting of a straight line[ J]. Canadian Journal of Physics, 1966, 44(5) :1079 - 1086.

[30] FISCHLER M A, BOLLES R C. Random sample consensus: a paradigm for model fitting with applications to image analysis

and automated cartography[ J|. Communications of the ACM, 1981, 24(6) ; 381 —395.



