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Abstract

Aiming at limitations of insufficient accuracy due to the insufficient utilization of image features in
crop fine recognition, this paper proposes a crop fine recognition method for airborne hyperspec-
tral remote sensing images by coupling a space-spectral fusion framework and a deep neural net-
work. This method first extracts three spatial information of crops: GLCM texture, morphological
contour, and end element abundance, and constructs a decision-level fusion model to fuse and cal-
culate the three spatial information with the spectral information of crops. Then, a hybrid model
based on deep neural networks and conditional random fields is introduced for high-precision crop
recognition. This study selected a human-machine dataset from Xiong'an, Hebei for experimentation,
and the results showed that the proposed method can fuse and generate complementary crop fea-
ture data, effectively reduce the impact of noise during the recognition process, maintain the edge
of land features, and obtain high-precision crop recognition information.
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Figure 1. Xiong’an dataset
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Figure 2. Identification results of Xiong’an dataset
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Table 2. Identification result accuracy of different characteristics of Xiong’an dataset (%)
= 2. i RBRE T EHFHEANIR A ERIEE (%)

JE R i Iy G2 B GLCM & TEAHC R S aA
IKHE 98.21 98.40 98.28 98.58 99.95
KR 93.74 92.46 93.87 96.61 99.72
XN 90.63 91.13 90.73 93.42 99.69
52 58.56 53.11 91.28 95.08 99.86
T 78.85 81.02 84.23 93.39 99.98
I B 83.81 86.21 85.73 94.61 99.95
=L 73.32 80.32 82.74 97.27 99.76
Bt 0.00 0.00 3.17 64.27 98.72
ES/S 39.34 58.75 52.14 81.22 99.07
ALpy 97.68 97.98 97.21 97.60 99.81
KE 0.00 0.00 12.36 35.97 98.24
L) 60.39 68.62 70.49 80.56 98.66
E3 ] 0.00 0.00 0.00 24,61 97.02
Tk 74.78 88.49 85.64 90.69 98.68
IR 95.65 95.69 94.84 98.62 99.91
Bt 96.07 96.49 96.37 97.24 99.64
K 94.90 96.95 96.86 98.71 99.64
FIKR 0.00 0.00 0.00 0.00 98.07
MR 0.00 0.00 0.00 0.00 88.84
I 85.99 88.46 90.08 94.14 98.69
OA 88.86 87.46 88.85 89.17 99.71
Kappa 0.836 0.846 0.863 0.885 0.995
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Figure 3. Identification results of different training samples
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Table 3. Identification result accuracy of different sample numbers of Xiong’an dataset (%)
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JE i e i S A

3% 5% 10% 3% 5% 10%
IKFG 98.21 98.79 99.06 99.95 99.97 99.98
KA 93.74 95.74 96.43 99.72 99.72 99.96
Fifk 90.63 91.38 94.84 99.69 99.76 99.91
S 58.56 92.36 94.61 99.86 99.95 99.96
R 78.85 90.76 96.03 99.98 99.98 99.98
I B 83.81 87.71 93.38 99.95 99.96 99.96
1 73.32 93.23 95.95 99.76 99.84 99.96
e 0.00 49.19 65.00 98.72 99.28 99.65
EVN 39.34 70.84 83.92 99.07 99.14 99.38
AL 97.68 98.14 97.77 99.81 99.90 99.94
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A 85.99 89.76 90.28 98.69 99.43 99.73
OA 88.86 90.78 91.71 99.71 99.78 99.94
Kappa 0.836 0.873 0.913 0.995 0.997 0.998
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