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[ Abstract] To address the impact of weed morphological similarity on the recognition effect of deep learning models in complex
field environments, this paper proposes a fine—grained weed recognition method based on bilinear convolutional neural networks for
improving the accuracy of crop and weed recognition, taking corn and its major associated weeds as the research object. Firstly, the
study compares the performance of commonly used general image classification models on weed recognition, selects VGGNet-19
and ResNet—50, which have better recognition effect, as the backbone structure of the bilinear network to obtain more effective weed
features, and uses migration learning to train the network. The experimental results show that the recognition accuracy of the method
on the dataset is as high as 98.5%, which is higher than the recognition effect of a single network model. And the method can
accurately distinguish field weeds with high similarity, which can provide high—-precision information support for intelligent field
weeding operations.
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Fig. 1 Image of corn plants and weeds in the field
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Tab. 1 Distribution of corn plants and weeds in the dataset
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Tab. 2 Classification accuracy and recognition speed of different

general image classification models

P £ A5 WEWRR % K B E]/ms
AlexNet 92.0 260
VGG-16 94.3 400
VGG-19 95.5 560
GoogleNet 94.8 500
Inception—v3 93.0 600
ResNet-18 94.0 280
ResNet-50 96.5 520
ResNet-101 95.0 750
DenseNet-201 95.3 820
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Fig. 2  Bilinear convolutional neural network weed recognition

algorithm based on transfer learning
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Tab. 3 Experimental hardware configuration

i - [N

CPU Intel(R) Core(TM)i5-6300HQ CPU @ 2.30 GHz
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GPU GTX960M

B 2 GB
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Tab. 4 The impact of transfer learning on classification performance
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Tab. 5  Comparison of network models that use high — level

information and do not use high—level information

o] 25 A5 41 iRTEA
VGG-19 95.5
ResNet—-50 96.5
DenseNet—201 95.3
ResNet—50_VGG—-19_BCNN 98.5
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Fig. 3 Weed image recognition effect
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Fig. 4 Recognition results of Matang images using ResNet—50 and
BCNN separately
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Fig. 5 Thermal map effect of weed Matang on ResNet—50
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Fig. 6 Thermal map effect of weed Matang on BCNN
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