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Abstract ;. [ Objectives ] In order to achieve precise herbicide application in lawn maintenance, this study addresses the challenge of
weed identification due to the similar colors of weeds and turfgrass in natural environments. Based on the YOLOvSs target detection
network ,a model highlighting the color information of input images was proposed for lawn weed detection. [ Methods ] The input
images were sliced,and the RGB channels were expanded to four times their original number. The sliced images underwent global
average pooling and global max pooling to extract color information from the original images. The color channels were weighted to
enhance the detection of monochromatic targets. To further improve the network’s ability to recognize targets with similar shapes but
different colors,the SPPF module was modified to the SPPFCSPC module, which increased the accuracy of weed identification in
various lawn environments. [ Results] The improved YOLOvS5s network showed a good recognition effect on monochromatic targets,
achieving a detection accuracy of 0.928 for common lawn weeds,a recall rate of 0.970,an mAP@ 0.5 of 0.943,and a frame rate of
104 f-s™", with a model memory usage of 13.8 MB. The detection accuracy improved by 4.1 percentage points compared to YOLOvSs
using the Focus module and by 5.4 percentage points compared to YOLOvSs using the Conv module. The detection results in sparse
woodland lawns achieved an mAP@ 0.5 of 0.957. [ Conclusions ] The algorithm effectively identified various lawn weeds in natural
environments and supported precise herbicide application for lawn weeds. The improved module demonstrated good sensitivity to
color, providing a technical reference for the detection of monochromatic targets with high background color similarity.
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Fig. 3 Distribution of weeds in thinned grassland
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Fig. 9 YOLOVS5s model using FocusAttention and Focus modules to detect the effect
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Table 1 Comparison of different models for lawn weed detection

R Model 412 Classes A E Precision AR Recall mAP@ 0.5
[H M Z4 5L Broadleaf weeds 0.856 0.973 0.944
YOLOv5s( FocusAttention) AN 22 Fine-leaved weeds 1.000 0.963 0.943
2RI Al categories weeds 0.928 0.968 0.943
[ 245 Broadleaf weeds 0.844 0.897 0.926
YOLOv5s( Focus) N4 Fine-leaved weeds 0.917 0.815 0.881
FFZAREL All categories weeds 0.881 0.847 0.904
[® 24 B Broadleaf weeds 0.857 0.919 0.892
YOLOv5sV6.1( Conv) 222 B Fine-leaved weeds 0.959 0.882 0.886
FRALEL ALl categories weeds 0.908 0.901 0.889
[E 24 % Broadleaf weeds 0.881 0.903 0.921
YOLOv7 AN 2R Fine-leaved weeds 1.000 0.816 0.900
AFFARHL All categories weeds 0.941 0.860 0.911
[ 245 Broadleaf weeds 0.945 0.831 0.931
YOLOv8 N4 Fine-leaved weeds 0.960 0.879 0.928
TFZREL All categories weeds 0.952 0.855 0.929

T :mAP@0.5 FRASIFH A 0.5 FREEEIRE, mAP@O0.5 indicates mean average pression value when ToU is 0.5. F[d], The same below.

H T K% FocusAttention BEHXT H AR AIRINACR , % EFE YOLOvS R ARUAR R {o7 B him A HA # UL i 32 77
BUH A EE SR 0 2, FEXTE R ARSI LA UL3E 38 1 2 188, Conv+SE | Focus+SE | Conv+CAM L
K Focus+CAM TE &M Z2 REATI o mAP@ 0.5 HRE ALY A 5 342 155, % 24t - 2 B (0 4 I 25 SR O F AN B
HAE AR P24 Focus+SE AR5 M 2% mAP@ 0.5 WA #2151 , ¥ FocusAttention H1 42 3% H2 [ 45 4%
el 1 4EE TR FocusECA 16 [ 24 FAG I b mAP@ 0.5 WA $& 157, X 41 - 2% S I A5 SR RN EARL

TEAE TS i DL REEE b A R S I AT (0 v i 9% i 5 I P J e 0 T AL, 200 €8 A ] ol 7 A6 00 )
2P A R TR IR B R TP AR AR, ULIET 10, AN & B, A FocusAttention BEHF) YOLOvSs [
ZEHELJRUER YOLOVSs FEH I 22 BE AN mAP@ 0.5 57 38 K2, mAP@ 0.5 $&15 6 7 43 s, fH 2% F
I 2 B ARSI B e AN 22 A FE AT AR 28 Z A BT T [, 8K mAP@ 0.5 /5 $2 51, bE Conv BEHLEE 5
1.5 E 435, H Focus BBRAR S 3 T35, 51 SPPFCSPC 45 F4 7 e M- 2 R R4 -2 B 531 v B A 4 i3k
B H mAP@ 0.5 H 2 i FocusAttention FEE: ) YOLOvVSs M2 R 2 T 0 i, S5 ILER 3, Kl s 5 Il
K11,



5554 FGE 45 RGB 38 18 1 56 ) R PP A R U B0k 1025

R2 MAREBEEZAVHERE YOLOvSs A%t

Table 2 Comparison of YOLOvSs model with different channel attention mechanism modules

F A Model 432 Classes ¥ BE Precision B2 Recall mAP@ 0.5
[# M2 EL Broadleaf weeds 0.646 0.981 0.933
Conv+SE N4 H Fine-leaved weeds 0.856 0.933 0.892
LR Al categories weeds 0.753 0.957 0.913
[# 24 L Broadleaf weeds 0.523 0.989 0.937
Focus+SE A Z4 B Fine-leaved weeds 0.941 0.951 0.802
TP EL All categories weeds 0.732 0.970 0.870
[iE1H- 4% 55 Broadleaf weeds 0.439 0.991 0.930
FocusECA AN Z2 L Fine-leaved weeds 0.993 0.972 0.874
A E All categories weeds 0.716 0.982 0.902
[# 28 L Broadleaf weeds 0.434 0.985 0.935
FocusSE AN Z= . Fine-leaved weeds 0.992 0.943 0.900
AHRZREL All categories weeds 0.713 0.964 0.918
[# 24 EL Broadleaf weeds 0.507 0.990 0.937
Focus+CAM N2 Fine-leaved weeds 0.943 0.906 0.825
T E All categories weeds 0.725 0.948 0.881
[# M2 EE Broadleaf weeds 0.805 0.919 0.942
Conv+CAM 42 H Fine-leaved weeds 0.963 0.811 0.868
LR ZEE Al categories weeds 0.884 0.865 0.905

10 MNFEMIRE R RS
Fig. 10 Dataset with fallen leaf labels

R3 MAFEHRERREWMNERE YOLOvVSs &2ttt
Table 3 Comparison of YOLOVSs model of different input modules after adding leaf labels

FH Model 432 Classes K& Precision B Recall mAP@ 0.5
[# M2 EL Broadleaf weeds 0.856 0.912 0.869
Y28 F Fine-leaved weed 0.989 0.960 0.957
YOLOv5s( FocusAttention) AN 55 Fine-leaved weeds
V%M Fallen leaves 0.765 1.000 0.995
2428 All categories weeds 0.870 0.957 0.940
[iE1H- 4% 55 Broadleaf weeds 0.895 0.886 0.871
4l Z2E Fine-leaved weed 0.966 0.934 0.908
YOLOVSs( Conv) HIFAAE Fine-leaved weeds
J&1T Fallen leaves 0.827 1.000 0.995
2784125 All categories weeds 0.896 0.940 0.925
[# M2 EL Broadleaf weeds 0.893 0.841 0.835
Y28 F Fine-leaved weed 0.976 0.958 0.896
YOLOvS5sFocus At 45 Fineleaved weeds
V%M Fallen leaves 0.759 1.000 0.995
2428 All categories weeds 0.876 0.933 0.909
[{E 142 55 Broadleaf weeds 0.871 0.865 0.935
YOLOVSS( FocusAttention+ gﬂ]"‘l’%ﬁ Fine-leaved weeds 1.000 0.851 0.942
SPPFCSPC) 7% M- Fallen leaves 0.731 1.000 0.995

L4532 All categories weeds 0.867 0.905 0.957
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Fig. 11 Detection effect of YOLOvVS5s model ( FocusAttention ) before and after adding the deciduous labeling
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