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Bok Choy and Weed Identification Based on Deep Convolutional
Neural Networks
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Abstract: Due to the diversity and complex distribution of weeds in bok choy fields, the existing methods for weed
identification have the problems of low efficiency, poor accuracy and lack of robustness. This study proposed a
method to identify bok choy and weeds based on deep convolutional neural networks, using seedling stage bok choy
and their associated weeds as the research objects. Firstly, image processing methods were used to mark images
containing green plants, and then a neural network model was used to distinguish bok choy and weeds. In order to
investigate the recognition effect of different neural network models, the DenseNet model, GoogleNet model and
ResNet model were used to recognize images containing bok choy or weed images, and the F, value, overall accuracy
and recognition speed were used as evaluation criteria. The experimental results showed that the 3 neural network
models could effectively distinguish bok choy and weeds, and the ResNet model was the optimal model, with an

overall accuracy and recognition speed of 97.2% and 78.34 frames-s™'

on the testing datasets, respectively. The bok
choy and weed identification method proposed in this study could effectively reduce the complexity of weed
identification, improve the robustness and generalization ability of identification, and laid the foundation for the
research on precision weed control in bok choy fields.
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Fig. 1 Flow of weed identification
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Fig.2 Grid images of different scene types
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Table 1 Hyper—parameters used for training the neural networks
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Neural network Optimizer Base learning rate Learning rate policy Batch size Training epochs
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A': Soil background division; B: Bok choy division; C: Bok choy and weed division; D: Weed division
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Fig.3 Green plants division effect
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Table 2 Evaluation matrix of CNN models in validation datasets

25 I 25 AR ER7 5 FEIOES SR F{H
Neural network Target Precision Recall Overall accuracy F, score

3% Bok choy 0.976 0.968 0.972 0.972

DenseNet
=7 Weed 0.969 0.977 0.972 0.973
T 3¢ Bok choy 0.948 0.967 0.957 0.957

GoogLeNet
IR Weed 0.966 0.947 0.957 0.956
H2E Bok choy 0.977 0.973 0.975 0.975

ResNet .

7R Weed 0.973 0.977 0.975 0.975
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Table 3~ Evaluation matrix of CNN models in testing dataset

25 [0 2% A Y Az il SRS SRR AR F {8
Neural network Target Precision Recall Overall accuracy F, score

2% Bok choy 0.976 0.957 0.967 0.966

DenseNet .
H4H Weed 0.958 0.977 0.967 0.967
T 2% Bok choy 0.945 0.965 0.954 0.955

GooglLeNet .
=7 Weed 0.964 0.943 0.954 0.953
7% Bok choy 0.978 0.965 0.972 0.971

ResNet "
A7 Weed 0.965 0.978 0.972 0.971

A: DenseNet BRIV B: GoogleNet BENRVE I ; C: ResNet 15 10 VR VA [
A: DenseNet model confusion matrix; B: GoogLeNet model confusion matrix; C: ResNet model confusion matrix
El4 EREEEN R B ERE

Fig. 4 Confusion matrices of the neural networks in testing datasets
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Fig. 5 Examples of erroneous detection with ResNet
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Table 4 Recognition speed of different models

o122 9 245 A5 Y #RF CEERER e s YU BE/ (ms - 1) TR/ (-7
Neural network Batch size Image calculations ~ Recognition speed/(ms+image™)  Frame per second/(frames*s™")
DenseNet 48 1200 19.44 51.43
GooglLeNet 48 1200 12.38 80.80
ResNet 48 1200 12.76 78.34
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Fig. 6 Overall recognition effect
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