20234 12 A | A R A= 54 % 12 1)

doi:10.6041/j. issn. 1000-1298.2023. 12. 023

E T i i# DeepLabv3 + g7k #5 H 8] =12 3l /7%

3@ ORWHR wEm OF # &7

(L YR PR R 25 B 5 A TR B, PP 1108665 2. 11 T4 Al 5 B AL TSR .G, L 110866)

o AN S bR A HBAEE b K RS 5 2% B AR T R X LA A X 0 1) T S B2 — i 3 T 0k DeepLlabv3 + 19 7K A5 4%
TNk o LLTE AHLATH 1 52 2 15 50T RS B 2% R R 9 WF S0 4, 7€ DeepLabv3 + BRI SERE [, 2 PR S I
4 MobileNetv2 fE £ TR AF SR IR 45, DA /40 R 2 400 A0 3G 31530 2 2% B 5 il 30 3 A =5 lrﬂxwzﬁejjmﬁna
B, s AR A Xk B BLRRAE 1 DG T 4R — P 3 T B A SR A 1 £ 3 SR A7 W TR Rl A 5 4 6 23 3 4 (R] 4 I Tt AR A
He (ASPP) JF A7 B0k, 3 I 4 JR) AR 8 T 28 AR AR 14 SR B 3 T 5 o A AR gk el 2 350 4 20 A 7 ek Lxﬁ‘(ﬁﬁ?ﬁﬁ%%iﬁﬂl
b5k B A B, I 5 Bl AT DeepLabv3 + (UNet ,PSPNet HrNet #7038 47 % He iR 88 o 3046 45 SR W, B0k J5 A et
KA FH i) 25 0 R0 AR B, P 38 32 91 B (MIoU ) P 344 2 ME 1 2% (mPA) (F1 {H 43 51 4 90. 72% .95.67% .
94.29% , 5 e E AR A A3 4R TR 3. 22 1. 25 2. 65 AN 4 o Btk JE R Y AE S RO 11015 MB, 2 S R B )
1719, P45 HES 5 103. 91 £/s, 45 50 36 B ok b Je M R B A Se B 2 15 5 KRS 5 42 B %1 WP e 5 SR T A BN
MU o i 24 $2 it 4 R S .

X4IA: Z L KA )5 JE AHLIE IS TR 5] 5 DeepLabv3 + %
hES%ES . S126; TP751 SERARIRED: A SXEHE: 1000-1298(2023)12-0242-11 0SID . %

2|0]
A

Weed Identification Method in Rice Field Based on
Improved DeepLabv3 +
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(1. College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China
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2, Liaoning Engineering Research Center for Information Technology in Agriculture, Shenyang 110866, China)

Abstract: To address the challenges of mutual occlusion and accurate differentiation between rice and
weeds in real-world environments, an improved method for rice-weed recognition was proposed based on
DeepLabv3 +. The research focused on images of rice field weeds captured by UAV in complex
backgrounds, the MobileNetv2 was used as the backbone feature extraction network to reduce the number
of parameters and computational complexity of the model; channel and spatial dual-domain attention
modules were integrated to strengthen the model’s attention to important features. A multi-branch
receptive field cascade fusion structure was proposed based on dense sampling to improve the ASPP
module to expand the sampling range. In addition, improvements to the decoder were made.
Experimental results demonstrated that the improved model achieved the best performance in rice-weed
recognition, with a mean intersection over union ( MIoU) of 90.72% , mean pixel accuracy ( mPA) of
95.67% , and F1_score of 94.29% , which were 3.22, 1.25, and 2. 65 percentage points higher than
that of the basic model. The improved model had a size of 11. 15 MB, which was 1/19 of the original
model’s size, and achieved an average network inference speed of 103. 91 frames per second per image.
The results demonstrated that the improved model can accurately segment rice and weeds in complex
backgrounds, supporting precise pesticide application using UAV.
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Fig. 1 Kaiyuan City rice demonstration area
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Fig.2 Segmentation mask of rice and weeds
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Tab.4 Effects of different methods on model
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Tab.5 Model performance at different aerial heights
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Fig. 12 Recognition results at different aerial heights
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Tab.6 Model performance under occlusions %
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Fig. 14 Weed recognition results with different occlusions
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Fig. 15 Full-scale image weed recognition results
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