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Abstract ; In order to accurately obtain the field crop planting distribution information to satisfy the needs
of refining the management of agriculture, a field crop classification method was proposed for unmanned
aerial vehicle (UAV) multispectral remote sensing images based on DeepLab V3 + network. In which
the structure of the input layer was modified to fuse multispectral information with the prior features of
vegetation indexes, and the activation function of Swish was adopted to maintain the backpropagation
capability of the model when the response was a negative value. The research region was Shahaoqu
irrigation field in the Hetao Irrigation District, Inner Mongolia Autonomous Region, whose UAV
multispectral remote sensing images collected in 2018 and 2019 were taken as samples. The classification
model was constructed and trained on the data of 2018, and the generalization performance of the model
was tested on the data of 2019. The experimental results showed that the improved DeepLab V3 + model
got excellent classification with fast speed. Its mean pixel accuracy and mean intersection over union were
93.06% and 87.12% , respectively, which were 17.75 percentage points and 20. 8 percentage points
higher than those of the traditional support vector machine (SVM) method using artificial features, and

2. 56 percentage points and 2. 85 percentage points higher than those of the original DeepLab V3 +
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model. Therefore, this method can learn more expressive semantic features from the field crop remote

sensing images, thus obtaining accurate crop classification. The research result provided a new technical

basis for the interpretation of farmland types using UAV remote sensing images.

Key words: field crop classification; deep semantic segmentation; UAV multispectral remote sensing

image ; deep learning
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Fig. 1 Sketch map of experimental field in study area
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Fig.2 Network structure diagram of improved DeepLab V3 + for field crop classification
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Tab.1 Comparison of crop classification results

based on UAV remote sensing images
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IRITE WAL 1A]/min  [A]/min % %
SVM 0.53 6.30  75.31  66.32
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DeepLab V3 + 50000 215 4.03  90.50 84.54

BEHE R Deeplab V3 + 50 000 242 4.30  93.06 87.12

3 SVM 5 3 Bl I BE T SO A8 BT a4k T 45 1) 20 S AOR A

Fig.3 Comparison of classification results of test set images between SVM and three deep semantic segmentation models
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Fig.5 Schematics of different vegetation indexes
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Tab.2 Classification results of experimental groups with different band combinations
520 EHE STIBIER§ s B TR Y (8] /min T I 5]/ min mPA/% mloU/ %
RGB R.G.B 3 ResNet 50 346 4.06 90. 72 83.07
NIR Ny N, Ny 3 ResNet 50 346 4.06 90. 92 83.56
RGB_NIR1 R.G.B.N, 4 ResNet 50 346 4.13 91.72 85.85
RGB_NIR2 R.G.B.N, 4 ResNet 50 346 4.13 91.98 85.97
RGB_NIR3 R.G.B.N, 4 ResNet 50 346 4.13 90. 93 84.53
RGB_NIR R.G.B.N, N, N 6 ResNet 101 461 4.28 92.12 86. 46
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