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Classification of small sample desert grassland species based on
neighborhood aggregation and deep learning
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(College of Mechanical and Electrical Engineering, Inner Mongolia Agricultural University, Hohhot 010018, Inner
Mongolia, China)

Abstract ; With the influence of climate change and human activities, the grasslands in Inner Mongolia are
gradually desertifying. In order to solve the limitation of traditional ground survey and the problem of
difficulty to classify small samples of hyperspectral data,in this paper,we use unmanned aerial vehicle
(UAV) hyperspectral remote sensing technology to collect data on desert grassland species and propose
a small sample classification method with a neighborhood aggregation algorithm combined with deep
learning. Firstly, the band selection of hyperspectral data is performed by a genetic algorithm (GA) with
the optimum index factor (OIF). Secondly, the neighborhood features of hyperspectral data are construc-
ted,and the neighborhood aggregation algorithm is used to fuse the neighborhood features. Finally, the
fused features are classified by a multilayer perceptron (MLP). The results show that the overall accura-
cy of the neighborhood aggregation algorithm can reach 93.41% with only 10 samples per class of fea-
tures,and the Kappa coefficient is 0. 912 0; compared with SVM and various deep learning models, the
neighborhood aggregation algorithm has high computational efficiency, the smallest model size,and the
highest classification accuracy. The proposed method meets the requirements of grassland species identi-
fication and provides a new method for the dynamic monitoring of grassland ecosystems.
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Fig. 2 Spectral curves of different species
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Tab.1 Number of training set and test set samples

No. Class Training Test
1 Stipa breviflora 10 1355
2 Artemisia frigida 10 801
3 Cleistogenes songorica 10 391
4 Ceratoides latens 10 344
5 Bare soil 10 274
6 Others 10 234

Total 60 3399
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Tab.2 Comparison of model classification performance for different module combinations

No. Baseline pre;)zirtziion 1riil1raal?zli‘f(:n feiiirgehle)g:ioc?gm OA /% Time/s
a N 59. 60 129
b N J 88.41 47
c N N N 89. 47 47
d N N N4 92.23 43
e / ~/ N </ 93. 41 20
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Tab.3 Overall accuracy of different models classification

No. SVM MLP 2DCNN 3DCNN  Resnetl8  Densenetl2l SFE-3DCNN  This paper
1 47.08 57.71 67.97 66. 86 77.05 91.96 96. 31 95.54
2 94. 88 81.02 79.15 86. 27 91. 26 82.15 99. 25 95.76
3 31.71 76.98 83.12 68. 54 92.33 79. 54 70. 08 78.52
4 67.15 84. 88 85. 47 93. 60 85.76 89.53 90. 41 95. 64
5 74.45 100. 00 100. 00 100. 00 96.72 100. 00 100. 00 100. 00
6 65. 38 48.29 68. 38 64.53 72.22 55. 56 57.69 87.61
OA /% 62.08 70.93 76.73 76.85 84.29 86.11 91.03 93.41
Kappa 0.5169 0.6314 0.7023 0.7050 0.7974 0.8170 0.8798 0.9120
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Tab.4 Computational efficiency and model parameters

of different models

Model Pa_rameters Model size Time
size/ MB /MB /s

SVM / / 0.03
MLP 11.99 11.9 15.25
2DCNN 1. 20 1.12 20. 15
3DCNN 6.57 0.52 49. 37
Resnet18 44,12 43.9 110. 16
Densenetl121 35.51 27.3 145. 39
SFE-3DCNN 1. 11 1.13 189. 81
This paper 0.15 0.02 20. 06
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Fig. 8 Visualization of sample area classification:
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(b) Artemisia frigida sample region; (c¢) Mixed sample area
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