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Abstract: [Objective] To accurately, efficiently and non-destructively identify the weeds in rice field using
deep convolutional neural network, obtain the optimal network model, and provide a theoretical basis for rice
field planting management and variable drone spraying. [Method] The weeds in rice field were taken as the
main research object, and weed image samples were collected by CCD photosensitive camera to construct weed
data set (PFMW) in rice field. The deep convolutional neural network with multiple structures was used to

automatically extract the features of the PFMW data set, and then to model and test. [Result] VGG16 model
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achieved the highest precision among all the deep learning models, the F values in Bidens, Goose Starwort,

Gomphrena, Sprangle, Eclipta, Wedelia were 0.957, 0.931, 0.955, 0.955, 0.923 and 0.992 respectively, and the

average F value was 0.954. The VGG16-SGD model achieved the highest precision in setted deep model

optimizer experiments, the F' values in each weed mentioned above were 0.987, 0.974, 0.965, 0.967, 0.989 and

0.982 respectively, and the average F value was 0.977. In the equilibrium experiments of sample category

quantity in the dataset, the accuracy of the VGG16 model trained by the balanced weed dataset was 0.900, while

those of the models trained by the 16.7%, 33.3% and 66.6% category imbalance dataset were 0.888, 0.866 and

0.845 respectively. [ Conclusion] The machine vision and other advanced technologies can accurately identify

weeds in rice field. It is of great significance for promoting fine cultivation of rice field and variable drone

spraying, etc., and the technology can effectively assist weed control in the process of agricultural planting.

Key words: computer vision; paddy weed; deep convolutional neural network; model optimizer
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Fig. 1 Samples of weed images in different backgrounds in PFMW dataset
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Table 1 The F value of weed classification based on deep learning model

7Y AT )7 T T&7T 37 2t A

Model Bidens Goose starwort ~ Gomphrena Sprangle Eclipta Wedelia Mean
ResNet50 0.915 0.919 0.875 0.873 0.931 0.969 0.917
MobileNet 0.830 0.862 0.723 0.786 0.852 0.909 0.833
InceptionV3 0.975 0.883 0.978 0.893 0.920 0.969 0.935
NASNet 0.587 0.823 0.676 0.702 0.360 0.828 0.685
DenseNet121 0.948 0.959 0.934 0.933 0.969 0.939 0.948
Xception 0.907 0.907 0.908 0.893 0.919 0.970 0.921
VGG16 0.957 0.931 0.955 0.955 0.923 0.992 0.954
DenseNet169 0.890 0.487 0.324 0.895 0.740 0.570 0.655
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Table 2 The F value of weed classification using VGG16 model with different optimizers

FERL- AL 2% e HE) 7R AN T&7 i iz AR B8
Model-optimizer Bidens Goose starwort Gomphrena Sprangle Eclipta Wedelia Mean
VGG16-SGD 0.987 0.974 0.965 0.967 0.989 0.982 0.977
VGG16-Adam 0.950 0.963 0.895 0.924 0.965 0.941 0.941
VGG16-RMS 0.957 0.931 0.955 0.955 0.923 0.992 0.953
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Table 3 Proportions of sample quantities for different plant types of the dataset

Hn e TEHEE )7 T T&7T 8% AR
Dataset Bidens Goose starwort Gomphrena Sprangle Eclipta Wedelia
1 1.000 1.000 1.000 1.000 1.000 1.000
2 1.250 0.950 0.950 0.950 0.950 0.950
3 1.450 0910 0910 0910 0910 0910
4 0.750 1.050 1.050 1.050 1.050 1.050
5 0.650 1.070 1.070 1.070 1.070 1.070
6 1.450 1.450 0.775 0.775 0.775 0.775
7 1.250 1.250 0.875 0.875 0.875 0.875
8 1.100 1.100 1.100 0.900 0.900 0.900
9 1.500 1.500 1.500 0.500 0.500 0.500
R4 BIRERENAR VGGl6 EELARERE
Table 4 Recognition accuracies of VGG16 model for different plant types of the dataset
Ha e SR e 7D T T&7T ()17 BAE FIME
Dataset Bidens Goose starwort ~ Gomphrena Sprangle Eclipta Wedelia Average
1 0.952 0.857 0917 0.819 0917 0.939 0.900
2 0.926 0.863 0.864 0.814 0.952 0.915 0.888
3 0.915 0.850 0.857 0.772 0.913 0.888 0.866
4 0.911 0.883 0.847 0.829 0.928 0.917 0.884
5 0.875 0.810 0.864 0.766 0.863 0.896 0.845
6 0.938 0.833 0.864 0.835 0.897 0.883 0.873
7 0.928 0.883 0.853 0.847 0.930 0.938 0.896
8 0.909 0.909 0.954 0.820 0.883 0.894 0.895
9 0911 0.847 0.831 0.833 0.939 0.898 0.877
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