munmu.ronesm.v

HTE XA BIATRE S R I RSP
IR FEIAM A GG EATAA
Lawn weed localization based on semantic segmentation and fusion algorithms

Guo Peng, Li Wenbin, Xu Daochun, Bai Xiaopeng, Wang Ziyun

AL

SR, ZE3CHe, BB, NG, ERERS. ST ORI RIS Sk PP AR ROE L], ALl o R, 2024, 46(7):133-
138. doi: 10.12171/j.1000-1522.20240057

Guo Peng, Li Wenbin, Xu Daochun, Bai Xiaopeng, Wang Ziyun. Lawn weed localization based on semantic segmentation and fusion

algorithms[J]. Journal of Beijing Forestry University, 2024, 46(7):133-138. doi: 10.12171/j.1000-1522.20240057

TEZL R View online: https:/doi.org/10.12171/5.1000~1522.20240057

BT BRI HAB S EE

Articles you may be interested in

BT S5 53 BIRSTEY A S A AR 7 12
A method of log diameter measurement based on instance segmentation model

JemEMOL K= 244, 2023, 45(3): 153-159.  https://doi.org/10.12171/5.1000-1522.20220345
T D8 ENSCA- RS FA A T L X SR M IR RN T S Bt AR SR L A 7 i

Research on optimization method for low impact development (LID) controls distribution of greenspace in shallow mountain based on

D8 and NSGA-1I algorithm
JEEARL K2 A24 4], 2022, 44(9): 116-126.  https://doi.org/10.12171/j.1000-1522.20210313

BRI B SR HOMAR AR

Extraction of individual tree parameters of Chinese pine by oblique photogrammetry

JEsTARl K224, 2021, 43(4): 77-86.  https://doi.org/10.12171/1.1000-1522.20200198
Rl 22 BRI P 35 A AR - 28 55 B )

Prediction of relative chlorophyll content in Hopea hainanensis based on multispectral frequency domain features

JEEAROE K2 A24 4], 2023, 45(11): 42-52.  https:/doi.org/10.12171/1.1000-1522.20230113
BT ZFFIERLA FICNNBAL A6 Rh R 5T

Image recognition of tree species based on multi feature fusion and CNN model

JEETARL 2244, 2019, 41(11): 76-86.  https://doi.org/10.13332/1.1000-1522.20180366
FET R ) BT T 2 8 SOOI SR F 52

Research on visual perception evaluation of urban riverside greenway landscape based on deep learning

JEEAROL K2 A24 47, 2021, 43(12): 93-104.  https://doi.org/10.12171/j.1000-1522.20210175


http://j.bjfu.edu.cn/
http://j.bjfu.edu.cn/
http://j.bjfu.edu.cn/article/doi/10.12171/j.1000-1522.20240057
http://j.bjfu.edu.cn/article/doi/10.12171/j.1000-1522.20220345
http://j.bjfu.edu.cn/article/doi/10.12171/j.1000-1522.20210313
http://j.bjfu.edu.cn/article/doi/10.12171/j.1000-1522.20200198
http://j.bjfu.edu.cn/article/doi/10.12171/j.1000-1522.20230113
http://j.bjfu.edu.cn/article/doi/10.13332/j.1000-1522.20180366
http://j.bjfu.edu.cn/article/doi/10.12171/j.1000-1522.20210175

a6 E T d = % I x % 2 R Vol. 46, No. 7
2024 4E 7 A JOURNAL OF BEIJING FORESTRY UNIVERSITY Jul., 2024

DOI:10.12171/5.1000—1522.20240057
ETIEX S RIMmE EriEREE

wOM OFEXW KEER ARE IHE

bkl & 25 B B FE ZOMOIL AN R R B A e %, I RtMRoll ks T2 B, JE 5t 100083)

FHEE: (B89 HR J T 2 BOkmb & i BB 8 BORS vE E  B00%:, DR BREIP 2R BEI B SR AE BRALES A BREEAE VSR E R
SCHESHRAKIE . [FETRE 7 —FrEE T8 08I0 2 50k R & ISP e AL 5% . 556, 185 PSPNet [ 2% 73 H1 AN
EFEITEE R o LU BT 2331 R A AE BEEPRC B S USROG R (K X 33, L BRARA BEHC B, R B AR B4 8 . 285, FIH Zhang-
Suen AL TR B R B SRR, IR SR 58 SCm B FARAR L L o B, I i 4 B0 AR 40 2 S s B 454~ )
Y58 o W, ST A FEAR AR AR HE e 0 o (S8 SR 1R S0k 8 A I AR T AR R 5 T 92 0 TEAR A rp O AR AR IR B T IR R 22
83.17 B3, ML FIYBUERA T 14%, AHHERANMERIBD T 22%. HSRIS2RT 2 T, Ble S0 AL A A B AR BR
5RO R O AFR I B TT R R ZE Y 12.48 mm, RELE T R MR ZIEE N . BG HER S 7 AR O E
ROREBE, Bk 1 B LR 22 (4530 12 T8 000 AN Rl vk ) B P 4 B 0 A6 D7 VR i v 17 2% BEAR T b0 R S A
B, BEAR T S — PRI E LR, R LAY B B 1 F iR I FIBR B AR VAR B AR STHE

KRR EMBALTE; 1B SR R BV EOE A7 G BE: Zhang-Suen ZHAGIREL: T30 fe/hMEA
FESES: S776.28; TP391.4  HkFRERS: A XEHS: 1000-1522(2024)07-0133-06

SI3TAg: T, 200, 1RTES, &5, 3L T8 A SRR & SR AP R B e A (7], b stk R 24244, 2024, 46(7):
133—138. Guo Peng, Li Wenbin, Xu Daochun, et al. Lawn weed localization based on semantic segmentation and fusion

algorithms [J]. Journal of Beijing Forestry University, 2024, 46(7): 133—-138.

Lawn weed localization based on semantic segmentation and fusion algorithms

Guo Peng Li Wenbin Xu Daochun Bai Xiaopeng Wang Ziyun
(Key Laboratory of National Forestry Administration on Forestry Equipment and Automation, School of Technology,
Beijing Forestry University, Beijing 100083, China)

Abstract: [Objective] The precise location algorithm of lawn weeds based on a fusion algorithm was
explored to provide theoretical basis and technical support for lawn weed automatic identification and
removal robots to carry out weeding operations. [Method] A multi-method fusion algorithm based on
semantic segmentation for lawn location was proposed. First, the PSPNet network segmented the lawn and
non-lawn contours. Secondly, for the segmented non-lawn contours, the interest area was extracted,
excluding the non-weed contours and retaining the weed contours. Then, Zhang-Suen thinning algorithm
extracted weed contour skeleton lines and obtained the number and coordinates of skeleton intersections.
Finally, The fusion algorithm selected different positioning strategies according to the number of intersecting
points to achieve accurate positioning of weed roots. [Result] The root-mean-square error between the
location coordinates of weeds by fusion algorithm and the actual root center coordinates of weeds was
83.17 Px, and reduced by 14% compared with the method of mean centroid, reduced by 22% compared with
the method of a minimum circumscribed circle. Converted to the actual scenario, the root-mean-square error

between the location coordinates of weeds by fusion algorithm and the actual root center coordinates of
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weeds was 12.48 mm, which was within the acceptable error range. The fusion algorithm can improve the

accuracy of weed root center location, and reduce the error of weed location. [Coneclusion] The location

method of lawn weeds based on semantic segmentation and fusion algorithm can improve the localization

accuracy of weed root centers, reduce the positioning error by a single method, and provide technical support

for automatic identification and removal of lawn weeds.

Key words: image analysis; semantic segmentation; algorithms; lawn weed localization; fusion algorithm;

Zhang-Suen refinement extraction; method of mean centroid; a minimum circumscribed circle
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Tab. 1 Real and algorithmic positioning coordinates of weeds

/oM

A minimum circumscribed circle

i S

Fusion algorithm

(1282, 1585
(1750, 538)
(1123, 1562)
(1382, 949
(1538, 94)
(1736, 1417
(1300, 1935)
(703, 2 720)
(875, 1914)
(1909, 1403
(935, 1392)
(1584, 1838)
(1720, 1796
(1377, 15100
(1643, 1844)
(1315, 1843)
(1688, 2438)
(1916, 2 636)
(2819, 486)
(1490, 1 560>

(1299, 1598)
(1758, 537)
(1199, 1 624)
(1378, 946)
(1542, 93)
(1555, 1408)
(1340, 1 884)
(701, 2 7200
(1145, 2 148)
(1939, 1384)
(930, 1374)
(1603, 1663)
(1780, 1768)
(1432, 1573)
(1594, 1745)
(1332, 1835
(1691, 2 445)
(1916, 2 635)
(2817, 487)
(1501, 1553)

®2 FAEEEEMALRPHFTRIRE (Ryse )

Tab. 2 Root mean square error (Rygg) of positioning coordinates by different algorithms

/NI LSS RES

A minimum circumscribed circle Fusion algorithm

REFS B AR P2 0 i
Weed No. Real coordinate Method of mean centroid
1 (1316, 1618) (1317, 1612)
2 (1758, 408) (1766, 536)
3 (1170, 1574) (1151, 1585)
4 (1375, 944) (1379, 947)
5 (1536, 103 (1547, 92)
6 (1545, 1519) (1717, 1427)
7 (1326, 1861) (1348, 1895
8 (743, 2776) (700, 2 720
9 (1156, 1948 (910, 19400
10 (2024, 1225) (1936, 1403)
11 (1031, 1350 (925, 1356)
12 (1624, 1709) (1547, 1763)
13 (1722, 1793 (1684, 1753)
14 (1491, 1 663) (1354, 1506)
15 (1424, 1779 (1628, 1829)
16 (1341, 1724) (1350, 1 828)
17 (1794, 2 468) (1695, 2452)
18 (1885,2593) (1916, 2 634)
19 (2802, 490) (2816, 489)
20 (1534, 1607) (1512, 1547)
VRGEELD S o0 i
Evaluation index Method of mean centroid
Ruse/ B &

106.61 83.17

= AR ZOR S PR EE 25 3 AR HE N0.15 mm/f% 2 - Note: this pixel and the actual distance are converted by 0.15 mm/px.

LI \ M Tha,

a A Z4E Double-leaf weed

O HE.5AEFR Real coordinate O 44 ifi.0> Mean centroid

" RN ] i g ] 4 i 4
b A4 5 Single-leaf weed ¢ Z 25 Multi-leaf weed

= W G

h

¥

{5823 Fusion algorithm

E F/NMER] A minimum circumscribed circle
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Fig. 3 Weed location results
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