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Automatic Classification Method of Oasis Plant Community in Desert
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Abstract; In order to solve the problem of remote sensing image plant community background, only the
traditional image processing method based on pixel spectral information fails to make full use of its image
feature information, which makes the extraction effect poor. Aiming at the complex features of plant
species and the blurring of inter-class boundaries, the continuous distribution of regions was taken as the
research object. A high-resolution remote sensing image plant community automatic classification based
on the convolutional neural network ( CNN) was proposed. The UAV images were segmented to obtain
regular block images, and the features of block images were abstracted and learned by CNN-based
VGGNet and ResNet models to automatically acquire deeper abstract and more representative image block
deep features. The extraction of the plant community distribution area was performed to output the
automatic classification results of the plant community in the form of superposition of the original image
and the result image. The number of samples with different gradients was used as the training sample.
The influence of the number of training samples with different gradients on the automatic classification
results was analyzed by the proposed method. The experimental results showed that the number of training
samples had a significant impact on the classification accuracy. After improving its generalization ability,
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the modeling accuracy of ResNet50 model and VGG19 model was improved from 86. 00% and 83.33% to
92.56% and 90.29% , respectively. The classification accuracy of ResNet50 model was varied from

83.53% 10 91.83% ,

while the classification accuracy of the VGG19 model was varied from 80. 97% to

89.56% . Compared with the traditional supervised classification method, the deep convolution network

significantly improved the classification accuracy. Through the analysis of classification result, it was
found that the number of training samples should not be less than 200, and the CNN-based ResNet50

model showed the best classification results.

Key words: desert hinterland; plant community; automatic classification; CNN deep convolutional

network ; VGGNet model; ResNet model
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Fig.1 Study area location and UAV aerial photography area

1.2 HiERIR

SEB0 IT HECE  JE AHLsEAG B , JC AAL2E A
1 SV360 [ 2 3T AL, $54K Sony ATR FUAHAIL,
FABEITIE] S 2018 4E 8 J 24 H , Hb 5y 3 JUAE 1A
SRYN PR , T 5T DX A A B 28 200 Sy bk i, s 3455 A -
W OWFFE X UAV 52850 HE R 0.05 m, ®AT =& J&
100 m, EAWSEC SHPLSE SR 1 PR,
1.3 RELRMEMLE

BRI N LA GE ] 53R 4 FB53 N Z |
BRZE SEREMR L Z, HhERZEaiEEH
R CTRBEE) B8 X/ NVREASL
Pt , A R TR ARAE N RIS | LS 25 0 265 Sk S
TS EON GRS Mk, TERCR S RO k2
HRKKE, VGGNet MK JE7E AlexNet W45 Al H&
fili b 2% J i o i, HL 3 STk AR T A AR R N
3 x 3B BULIEAT 25T (1 2) , I ERE M 45 R 3
HEINE] 16 ~19 J217

224x224%3  224x224x64

12x112x128

5656256
VA 28x28x512

14x 14512 TxTx512

Eﬂ&ﬁmhmmuﬁmm&
Ea HRtde

®1 TANEBENSH

Tab.1 Detailed parameters of UAV and camera
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Fig.5 Flow chart of automatic classification of deep convolution network
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Tab.2 UAYV image dataset examples of various ground objects
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