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Abstract; This paper proposed a method of turf weed recognition and accurate spraying based on deep learning.
The research targets of this paper are bermudagrass lawn and its associated weeds,including dallisgrass, white clo-
ver,and purple nutsedge. By dividing the original image into several grid regions, the convolutional neural network
model was used to identify the grid subimages,locate weed position,and determine the precise spraying area of her-
bicides. In order to explore the effects of different deep learning models on weed recognition,the VGGNet model,
the Googl.eNet model,and the ShuffleNet model were selected to compare and analyze in terms of F, value,accura-
cy»and recognition speed. The F, value of all models under the verification set was higher than 0. 97, indicating
that the three models in this study have a good recognition effect on weeds. The Googl.eNet model was the most
optimal weed recognition model, with the most balanced recognition rate and recognition speed. Its average accuracy
and identification speed in the test set were 98. 75% and 36. 9 fps,respectively, which can be used in real-time weed
recognition applications on turf. The results showed that the turf weed identification and herbicide precision spra-
ying areas detection has highly feasible and excellent application effect,and can be used for turfgrass weed control
based on precise herbicide spraying.
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Fig. 1 Original images of weeds in bermudagrass lawn
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Fig. 2 Grid image illustration
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Table 1 Deep learning dataset
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Fig. 3 Flow chart of weed recognition and site-specific spraying
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Table 3 Evaluation matrix of CNN models in validation

dataset
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Model Weed species Precision Recall F; score
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B = 0.998 0. 990 0.994

B 0.996 0. 996 0.996

o) AR 0.996 0.997 0.996

Googl.eNet EBHAEM 0. 990 0. 960 0.975

B =0 0. 990 0.976 0.983

B 0.996 0.984 0. 990

K 2F Hi 0.978 0.997 0. 987

ShuffleNet  BIEEH 0. 994 0. 964 0.979

H=nf 0.996 0.994 0.995

B 0. 986 0. 970 0.978

K 2F HR 0.979 0. 995 0.987
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Table 4 Evaluation matrix of CNN models in testing dataset
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Fig. 4 Weed detection and site-specific spraying in bermudagrass
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