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Abstract The purpose of this study is to develop a method for automatically identifying weeds in a rapeseed field.
We propose a weed-recognition method based on a Faster R-CNN (region-convolution neural network) deep network
and use the deep network model of the COCO dataset for migration training. First, by obtaining images of rapeseed
and weed samples under natural environment, the Faster R-CNN deep network model is utilized to share the
convolution characteristics and the results of three feature extraction networks: VGG-16, ResNet-50, and ResNet-
101, are compared. At the same time, the method is also compared with a single shot multibox detector (SSD)
deep network model, which includes the three identical feature extraction networks. The results show that the
Faster R-CNN deep network model based on VGG-16 has obvious advantages in rapeseed and weed target
recognition. The accuracy of target recognition and recall rate of the rapeseed and weeds are 83.90% and 78.86 %,
respectively, whereas the F, value is 81.30%. The proposed deep learning method can effectively and rapidly
identity rapeseed and weed targets, providing a reference for further research into multi-type weed target
recognition.
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Fig. 1 Results of image data enhancement. (a) Mixed image of rapeseed and weeds; (b) horizontally flipped image;

(c) vertically flipped image; (d) horizontally and vertically flipped image; (e) brightness-enhanced image;

(f) brightness-reduced image; (g) saturation-enhanced image; (h) saturation reduced image
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Fig. 2 Framework of Faster R-CNN deep network
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Table 1 Comparison of deep network models

Model Extraction network Accuracy /% Recall /% F, value /% Detection time /ms
SSD VGG-16 78.47 72.64 75.44 178
SSD ResNet-50 62.76 58.24 60.42 189
SSD ResNet-101 51.68 46.12 48.74 196
Faster R-CNN VGG-16 83.90 78.86 81.30 295
Faster R-CNN ResNet-50 60.96 54.50 57.55 308
Faster R-CNN ResNet-101 55.37 49.33 52.18 310

B9 RS A5 HARRMEE R . (A BRFRBIEE R (b) T PRS0 (o B4 SRR S5 0L 5 (D i) B8 SR 45

Fig. 9 Results of target recognition for rapeseed and weeds. (a) Results of recognition with occlusion; (b) results of

recognition without occlusion; (c¢) results of recognition with complex background; (d) results of recognition with

simple background
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