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Abstract: Using unmanned aerial vehicle (UAV) remote sensing technology to identify rape varieties is an important
prerequisite and basis for yield prediction and disaster assessment. In this study, UAV was used as data acquisition equip-
ment, and the breeding materials of 24 rape varieties at seedling stage in the base were used as identification data. The images
obtained by the UAV were preprocessed such as splicing, clipping and rotation. The training set and test set were divided ac-
cording to the ratio of 4 : 1, and the convolutional neural network guided by attention mechanism was constructed to build the
recognition model. The overall accuracy, Kappa coefficient and other evaluation parameters were used to evaluate the recogni-
tion results. The results showed that the recognition accuracy and Kappa coefficient of the network model constructed in this
study reached 89. 60% and 0.889 4, respectively, which were higher than those of the five classical network models. The at-

tention mechanism can extract the rape features of UAV remote sensing images more fully, and effectively improve the recog-

nition accuracy of convolutional neural network for different

17 B B :2021-09-09 varieties of rape. The network model constructed in this
ESTA . BHFE WL H (2017YFB1302401) s ML & #E study makes up for the shortcomings of human statistics and
JT 4R AT H ((20201409) high cost of existing methods and equipment, and provides
EE® . GE(1984-) , Z WL BN W, EE RIS technical support for crop variety identification using UAV
WS (E-mail) jielonline@ 163. com, 2535 g 4[] 5 remote sensing technology.
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Fig.1 Geographical location of the study area (a) and mosaic map of unmanned aerial vehicle (UAV) remote sensing images (b)
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Table 1 Acquisition environment of UAV image
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Fig.2 UAYV images of 24 rape varieties in the field
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Fig.3 Acquisition process of samples
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Fig.4 Network structure diagram of the method used in this study
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Table 2 The number and proportion of each sample in the training

data set
T i
pl 684 10.51 pl3 120 1.84
p2 684 10.51 pl4 150 2.30
p3 684 10.51 pl5 120 1.84
p4 720 11.06 plé 120 1.84
p5 684 10.51 pl7 120 1.84
p6 684 10.51 P18 150 2.30
p7 120 1.84 pl9 150 2.30
p8 120 1.84 p20 150 2.30
P9 150 2.30 p21 120 1.84
pl0 150 2.30 p22 120 1.84
pll 150 2.30 p23 150 2.30
pl2 90 1.38 p24 120 1.84

pl~p24 SR
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Table 3 The number and proportion of each sample in test data set

RE R (5/”; BE R f}‘;
pl 180 9.40 pl3 60 3.13
p2 180 9.40 pl4 30 1.57
p3 180 9.40 pl5 60 3.13
p4 144 7.52 pl6 60 3.13
pS 180 9.40 pl7 60 3.13
p6 180 9.40 pl18 30 1.57
o7 60 3.13 p19 30 1.57
p8 60 3.13 p20 30 1.57
p9 30 1.57 p21 60 3.13

pl0 30 1.57 p22 60 3.13

pll 30 1.57 p23 30 1.57

pl2 90 4.70 p24 60 3.13

pl~p24 AR FIGS
IR P IEAR S EBEE 24> M 0. 01, batch_

size A 32, epoch & 300, IS5 6 AP BEFE AnAE
4 AEHEAE LR R RE AN ¢ 4 FT7R . X HEAS [R) 9l



680 o9 &b 2 W

2022 4F & 38 % 3 M

HERIR (%)

1 1 1 1 1 J

1 1

50 100 150 200 250 300 350 40
JASHE (1)

——11/30H; —— 12/ 12H; = 12/19H; —= 1/ 12H

B 6 N[E)R &R it B SR SR AR B O U i

Fig.6 The convergence rate of models contructed by data sets

in different acquisition periods
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Table 4 Overall identification and evaluation index of data collected in different periods

SREERTRI(H-H) AC(%) Kappa 2% Macro_F1(%) Micro_F1(%) Top3 (%) Top5( %)
11-30 94.07 0.937 7 92.78 94.07 94.01 100.00
12-12 91.17 0.907 3 90.49 91.06 91.08 99.74
12-19 86.17 0.855 0 84.03 86.17 97.37 99.58
01-12 82.08 0.812 6 80.15 82.08 95.52 99.47
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Fig.7 Recognition accuracy of rape varieties in four collection periods
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Fig.8 Misclassification diagram of network model
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Table 5 Recognition of different rape varieties

aa POEE] oo weRE] Lo FoRE

(%) (%) (%)
pl 68.62 P9 92.89 pl7 94.29
p2 94.30 pl0 91.80 pl8 82.14
p3 95.36 pll 98.44 p19 98.08
pd 83.22 pl2 99.45 p20 85.45
ps 96.32 pl3 79.83 p21 86.31
p6 91.42 pl4 84.74 p22 99.19
p7 72.73 pls 85.04 p23 95.50
p8 91.30 pl6 94.15 p24 95.01

B9 XM pl 4 N FEREMBHEBZEK

Fig.9 Original images of rape variety pl at four different ac-

quisition periods
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Fig.10 Confusion matrix of data at four different acquisition periods
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Fig.11 Visualization of idenfification results of the experimen-

tal plot
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Table 6 Comparison of rape variety identification results based on different network models

LAY AC (%) Kappa %X Macro_F1 (%) Micro_F1 (%) Top3 (%) Top5 (%)
Resnet ] 80.56 0.794 1 74.54 80.56 96.19 98.96
Densenet ] 86.62 0.857 9 82.33 85.27 97.86 99.43
Resnext'2¢] 84.27 0.833 1 79.97 80.51 95.51 99.16
Efficientnet "] 84.04 0.830 3 78.65 82.50 96.08 98.59
Shufflenet ) 84.01 0.830 3 78.15 81.35 95.14 98.80
ENTEME SR 89.60 0.889 4 86.64 89.60 98.75 99.84
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