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Semantic Segmentation of Weeds Based on Multiscale Information
Fusion
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tion Sub—center for Digital Agriculture (Northeast), Shenyang 110161 China]

Abstract: Effective segmentation of weeds in maize fields is a prerequisite for accurate variable herbicide application by
UAVs. Aiming at the problems of missing detection of the traditional CNN semantic segmentation model for the mutual
occlusion of maize and weeds, and the small target weeds, etc., taking UAV ortho—digital image of the field weed at three—
five—leaf—age of maize as the object, we propose the weed semantic segmentation model TFPSP-CA based on multi-scale
information fusion of Transformer and CNN. Firstly, the base model PSPNet feature pyramid is replaced with BiFPN to
strengthen feature fusion and enhance the model’s ability to learn image details and acquire contextual information; the
original ResNet network is replaced with the MobileNet series network to speed up the model prediction speed and reduce

the model size, and the improved weed segmentation model FPSPNet is obtained. The results show that the mloU and PA of
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the improved segmentation model FPSPNet are 84.48%, 89.36%, 82.05%, 89.34%, and 83.32%, 89.26% for small,
medium, and large targets, respectively. The accuracy of weed segmentation is especially improved significantly for small
targets, and its mloU and PA are increased by 4.60% and 2.42% respectively compared to the base segmentation model.
Secondly, the Transformer feature output module is further introduced at the output end of the FPSPNet pyramid module to
connect in parallel to obtain more scale information. The CA attention mechanism combining coordinate and channel
information is added to obtain the TFPSP-CA weed segmentation model. The model can better capture the global features
and long —distance dependence, thus improving the processing ability of the weed segmentation problem in complex
environments. The results show that the improved TFPSP-CA model has 90.21%, 91.98%, 89.44%, 89.11%, and 87.59%,
87.53% of weed segmentation mloU and PA in the case of no occlusion, mild occlusion, and severe occlusion, respectively,
and the accuracy of the improved model in the case of severe occlusion improves significantly, compared with the original
models PSPNet and FPSPNet, the mloU and PA are improved by 6.34%, 2.27% and 10.96% and 5.22%, respectively.

Key words: weed segmentation; maize seedling stage; precision agriculture; Transformer; convolutional neural network

T K FH ) % 4 2 K A6 25 W 3% A= AN T N+ e85 A B Ko L v R KR AR PR R
R0 RIS ER AR LU (FAO) BFFE R AT, tHE B & T 32 2 L HL 3 45 - 22 36 A 30%~
35% BYFE R, PR AR I ARG IR 10% . PRIk FE 1) 23% R0 A 200 8 RS B TR T oK P=
TRBEAR B 2 B B o FRERO AR FRAR B VR I 2% SRl 22 B 5 5 R U5 58 (2023 4F ) #43%, b
D7 — A — AR R DX, e R A 2 L 5 At i B, 2% 00 Bl 4 SR — B — R VSRS — R
T FORFEF I 2 AT, SRS M BR R A T R A AR B — 2R AR ORI WS 3~5 i
P WEERE R Iy 2, DR B KR B IW . HRT, TR H 24 m— R b 4 = 2R A4 i ih
F-Be AN [A) HLHRCR: FH TG 25 SR B 5701, R ORI N T A2 A 2 Wit o, %o PSR L A . Sk SRR
BRI HEMD I 8 DA 2 AN RS2, AR 2R PR i S5 A AR P 3 B o A A i 24 & L il R PR TE N
BLAS SR AFH AR T, BB G S AR AL AL Ty I  EH ) 2 R SO B2 e mrE

BT AN AY 0] 3= 508 oy BRI R A 53 v, — S 2 LAY T S 4351 I 25 U SegNet , U-
Net Fll Deeplab % 51 % fili 82 W FH T /K A8 AR AL A T K B 8 BRI 2 v B B T — a2 A EU1 RN 43 B4
o ESPEJO-GARCIA 857 T2 > MR HUp 28 28 4045 G 1 75 3K, i Xception 45 45 5 GANs
e b 4 #E PEAT IR G4 BRI, AL PR AE 5 3 99.07% , I H 283 136 76 FA B 4 1 A AR I F 5K
RUERRIR S 93.23% . FHRAFSHRE T —Fp LT 00E 78 1AL 8 X435 W 45 (4 T 30 6 oK A5 2y o oy
B AE FCON I8 i LB 5 | ARG L, ISl 2k R ARSI B 27 20 SRms , A LL T A R4 5
1.47% , AR EIEFN15.9 f-57'  FIRBAIFFEES R Transformer 25 HE4T T 24 B4 EIR BIAIFSE , 0] 56 4g-Hb S
XA 4 PREE T 433 In) 5, (E R A AR 00 8 1 R BB 8 B T8 ALt 25 b o6 S ARG A 2K

PSPNet J& —Fp VR HE 27 > 3 o B | © fie 32 28 A0 4 4002 R 4 72 35 Tt AL BB PPM (Pyramid
Pooling Module ) 5 BUAS [/ RUEE A5 B A Rl A o A e LR T8 o EIBEARY , PSPNet BB 0% BN 20 b4l
R RfE B, BERIE o BIROR o Tk AR ) — P 5L T etk PSPNet (1) BR AR RS b it AS DU ABE 75
TR LIS 25 i B R ResNet34 4 b 21 M4, FF7F £ T P25 Rl & REB(Receptive Field Block )i
He RN ULSAM A5 B S 88 5 HOARRAE $2 BUAE 77 o B0tk PSPNet A5 50 S 24 52 IF b A A o A 558 40 301 45 w55
1.52% F10.67% . BRZ8 0 S5 4 — b itk i) A6 9y 101 30 44 B 28 : MFF—PSPnet, MFF-PSPnet J2& —Ff

S NG SR AR H— 2B [ 3 R U 25 0 T 10.2% , S HCA 9y [l A v ff 23 14 51 98.1%
IoUi5%1 94.8%, /X PSPNet 7E15 X 3 #4552 I R4, (HHX /)N B Aw i e 0 BB 245 4 AR g 12U 477
FEAERE (25 1]

R K A2 A B PS5 TE LR EE TR /N E AR 4R R e e S [ R, B — B T i S A A
I PSPNet 1) 5 K 1 3] 4% R0 AR A8 FPSPNet B | 3 4o 7R 43 1iF 4 5 e 5| BiFPN Ji s RRAE fl
B TR RS A B A EDRS B B AR R AT ZL PREE AL BRBE ), 3 Transformer 25 & CNN £ R

RS IR X E) 7 IR AT A9 7 28 FPSPNet AU ERE 4 FE LB 1% 5 Transformer #5150
A, W ARAS 22 ] (5 8, IFZERR L iR g | A CA R I ML, 158 TFPSP-CA 2R R, 3 i il



|

i

Bty e HIES 5 E 7k —745-

b3

% 6 EEmEF AT ERAER LR
FHAN [R)HE 3 A [) o5 8 ) 23 2 EMG  A A EA 70
1 EXREEREGERESHAIE

1.1 ERFEEREGFEE

FH (o] 35 b 557 00 7 48 T PR T T R ARl R A B b, 28 3 12305 °, £ 2 41.8 °, il I K
HEA A HRS R ARTK JC AMLELAS 2 000 7158 Z S AHHLH T3k RCB B, e K LT E 6 m-s™,
RPN 3 mes™ o PREEHEBRFAEE ) AP ARVLEC & 3 B A B, IF 8 209% AL ) Fl 55
ME S, PR 5 472 X3 648 pxo  FOK ] 24 FLTC AALEZAR BN R AL B 0 £OK 3~5 -1, T4k
PG 15 dFFaRAE 3R . 1 1a iy KRG i L BHI MG, BHR T TR /N, OF H i T EORHE R
BB T AR, RS 2 SRR AR /D 5 I 1b SRy TR A 2 3 U A8 K IEUE , LB B A B B 1) S et 30 &)
b FOK 5 2R ER LI, TR 5 24 B [ UL AS 5 ] 1o I D) oK 5 20 R ) S 4 ] 4Ry
JUEE L TR B 2,3,5 m, AN[R R AN R R B R AR R OKR AR R R 763 1

o

l).Ol o c06-29
Bl EXEZHBHIERE

Figure 1 Data collection of maize seedling at multi-period
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Figure 2 Images of maize seedlings and weeds under different covered situations
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Table 1 Segmentation test results before and after the improved model
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Table 2 Comparative test results of replacing the PSPNet backbone network

7 Model PA/% mloU/% FPS /(f-s7") Params/M
PSPNet 87.73 80.26 20.6 22.891
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Table 3 Comparison of experimental results of TFPSP using different attention mechanisms

A Model PA/% mloU/% FPS/(f-s7")
TFPSP 91.32 88.92 29.3
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TFPSP-CA 91.98 90.21 28.7
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Table 4 Test results of model performance under different covered conditions
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Vool PR R AT EER  RIDER  EER
No covered Mild covered Heavy covered No covered Mild covered Heavy covered
PSPNet 80.26 78.34 76.63 87.73 85.94 82.31
FPSPNet 88.61 85.32 81.25 90.69 88.60 85.26
TFPSP-CA 90.21 89.44 87.59 91.98 89.11 87.53
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