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Research on Rapid Identification of Weeds Based on Convolutional Neural Network
ZHANG You-chun
Abstract Image recognition is the basic and key research of weeding robot.In order to improve the recognition rate of crops and weeds and fa-
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cilitate the extraction of recognition features, we proposed a recognition method based on convolutional neural network.The network structure
was designed with weeds and crops as experimental objects.The network structure had fewer parameters with its accuracy reaching 92.08% ,and

the processing time of each picture was only 0.82 ms.
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Fig.1 Structure of convolutional neural network
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Fig.2 Design of the neural network
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Note : a.Chinese cabbage ;b.Clover;c.Cudweed
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Fig.3 The three test samples
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Fig.4 Pretreatment of the image
4 HFARESHEER
ML 2% B RE 2R 5 i I ZR7E Python i T B AL - Py-
Torch PRIE T AT, A 100 R 0 1 A B A 0 msi 4K 28
oA, Fo 28 M Intel (R) Core (TM ) i7 — 7700HQ CPU @



244 AR AL

2019 £

2.80GHZ,CUDA 7y 8.0 hit A~ fE Il 2k Z R A5 HEALE S0 6
iR A waplkes S itilne Sl SU NS BN 1N
ZIFRAAT 200 5K, 25 2R AT Y 40 RIS ™)
ZIEARUBBEE Ty 60 I, 5 > 203 0.001, YN Zx I} BEHLAS
A2 3 NI ZRAE BRI, S A B R 2 M 2% vh s A5 310 H
Jr2E M (K S) , IhZ RN ZRUCR R 30 YRR 2ZE AT
R LU P A, AR ZR i 2P R L T — K2, DIl
YRR F 42 IR 2E )N, 0.280,

2,00
1.75¢
1. 50}
1.25}
1. 00}
0.75}

0.50F
0

10 20 30 40 50 50
HRK K Tterations
ES5 HhEihsk

Fig.5 Curve of mean square deviation
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Fig.6 Schematic diagram of classification results
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Table 1 Comparison of the weed identification methods
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