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Cotton Field Seedling Weed Identification Method Based on
Faster R-CNN and Data Enhancement

LI Kaijing, XU Yan, ZHOU Jianping, FAN Xiangpeng, WEI Yutong

(School of Mechanical Engineering, Xinjiang University, Urumqi Xinjiang 830047, China)

Abstract : In order to solve the problems of low recognition rate and poor robustness of cotton seedlings and
various types of weeds, taking cotton seedlings and the seven common weeds in the field as the research object, a
method based on Faster R-CNN and data enhancement is proposed. Method of identifying weeds in cotton field at
seedling stage. 4 694 images of weeds affected by light under different backgrounds were collected, including sunny,
cloudy and rainy days. Through the data enhancement of the sample image and the parameter optimization of
the feature extraction network ResNet-101, a Faster R-CNN network model that can identify the cross-growth of
cotton seedlings and various types of weeds is trained. Under the same sample and feature network, the model is
compared with the YOLO model. The results show that the Faster R-CNN model has obvious advantages in the
identification of many different weeds in the cotton field seedling stage, and can realize the identification of various
cross-growing weeds, reaching an average recognition rate of 92.01% and an average recognition time of 0.261 s.
Key words : cotton seedling stage; weed identification; data enhancement; Faster R-CNN
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Tab 1 Number of samples in different environments

ZREIE PN FAK (BN
w22 422 300 300
A 310 110 109
IKERHE 320 113 118
N 307 111 117
i 319 110 114
Iy 288 102 112
Y 308 90 115
REIRE 282 123 94
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Fig 2 Data enhanced image effects

1.3 Faster R-CNN
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Fig 3 Technical routes
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Fig 4 Test anchor point compared to image size
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Fig 5 Identification of weeds and cotton seedlings
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Tab 2 Weed recognition rate under different illumination

R USR] (s) P (%)
EPN 0.28 96.02
ZES 0.345 92.77
PR 0.359 90.34
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Tab 3  Comparison of experimental results of two methods

Tk SR ] (s) SRR (%)
YOLO 0.314 89.47
Faster R-CNN 0.261 92.01
(a) Loss{HXTH (b) FEHEEXS
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Fig 6 Comparison of loss and precision of two methods
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