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Abstract: Objectives: Deep learning methods with massive parameters have shown good performance in
classifying hyperspectral image with small size and high resolution. Meanwhile, there are at risk of overfit-
ting and difficulty in training, due to the low resolution and large size (i.e., diversity) of satellite hyperspec-

tral data in practical applications. Thus, we proposes a new lightweight convolutional network to extract
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the main crops (corn, rice) in Shenyang city, China, by use of orbita hyperspectral satellite (OHS) images
with 32 spectral bands ranging from 0.4-1.0 um and 10-meters spatial resolution. Methods: First, an im-
proved multi-scale residual mapping blocks and a spatial feature optimization block based on attention
mechanism are designed to formulate the spatial feature learning module. Then, spectral feature learning
module with three successive 1D convolution blocks is conducted to mine the rich spectra information of hy-
perspectral images. Finally, a fusion classification module is built to classify pixels by integrating weighted
spatial features and spectral features. Results: Four recent networks including PSPNet, U-Net, MAP-Net
and FreeNet are considered for comparison. From the perspective of model size, the proposed network is
much lighter than PSPNet, UNet, MAP-Net and equal to FreeNet, which is benefited from the use of 1D
convolution and 2D convolution in two learning modules that avoid excessive parameters caused by 3D con-
volution. From the perspective of accuracy, considering the overall assessment metrics and the Fl-score of
each category, the proposed method achieves the best performance over the recent four networks. The over-
all accuracy and mean intersection over union of our method on the test set are 92.3% and 77.9% , respec-
tively, which is superior to other networks. Our method also has a better classification result in single cate-
gory, the Fl-score of corn, rice and other each reach 85.1%, 81.95% and 94.9% . Expecially for rice, the
Fl-score of our method is 11.5% , 4.2%, 13.6% and 12.0% higher than PSPNet, U-Net, MAP-Net and
FreeNet respectively. Conclusions: Experiments on the data set show that our method achieves better clas-
sification results than other existing networks. This end-to—end lightweight classification network extracts
spatial and spectral information simultaneously by different convolutional blocks. The idea of combining
spatial and spectral features can effectively utilize the spatial context information of images and the correla-
tion among spectral channels to improve classification accuracy.

Key words: deep learning; hyperspectral images; crop classification; residual structure ; spatial-spectral fusion
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Fig. 1 Convolutional Hyperspectral Image Classification Framework
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Table 2 Classification Results on the Test Set of
Different Fusion Strategies/ %
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dmg2  86.9 74.5 93.9 913 80.9 74.9
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B 2 A, 4 Fh il A SR mE L SR g 2.3.4 9%
ST SR PR B Y 43 S T HEAT AL G B O
PR TG, O FLOR W 3 R B & TR MG 4. X 3R
B TE A SC A3 84T 55 vh 2 (1) 2 [a) R AIE 2% 2] 55 He X
A AE Py 1 i 108 T EE D 5 (2) A SCHR 0 R AE Rl A
B AT DA 25 Ml 2 ) R AR R O 3% R A 2 A7 il
G5 (3)FRAE Al & 2 Pt 7] DA i e 2 A AE: 55 1 i
R TAERE NG SREBRIL ., PRI, 4 3
AR T RS LAE s - Bl 5 10 5 v
2.3.2 HRREI

T UE WO 2o RUBE AR 2 i S B i A RPE
TE 5L ) 2 Al B 2R J g 4 o 2 0t Fl A B
(WL 3) :%F e He 12 ffi 4] ResNet 3% )2 9 45 v i
JH I 28 M 5% 2 5 W AR A SCBR 22 250, B AR K
NP R 22 ROBE % 5 % F B e 2. ResNet
J2 0 5 v felE Y 28 Bk 22 25 R AR AR Sk 22 4
T 5 B R 3 X 3 K/,

RI WHASREREMHFRERMEIEER/ X
Table 3 Ablation Study Results of Improved Multi-scale
Residual Mapping Blocks/ %
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Table 4 Classification Results on the Test Set of
Ablation Models/ %
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Fig. 9 Grad CAM Visualization Heat Map of Ablation Models
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Table 5 Classification Results on the Test Set of
Different Models/ %

n F148
i — OA  Kappa mloU
Ek o —FR O HAb

PSPNet 834 704  93.6 901 776 71.2
U-Net 858 77.7 945 91.2 815 76.3
MAP-Net 88.0 683 948 91.8  81.3 73.5
FreeNet  87.1  69.9 949 91.9  82.1 73.7
AP 851 819 949 923 80.7 77.9
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Fig. 10 RGB, Label and Prediction Results of Five Networks on Image 1 in the Test Set
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Fig. 11 RGB, Label and Prediction Results of Five Networks on Image 2 in the Test Set
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Table 6 Parameters, Computation and Inference Speed
of Different Algorithm Models

. EYien P FLOPs e B
H 7

/MB /MB /ms
PSPNet 46.74 497.44 12.85
U-Net 34.54 1043.05 13.35
MAP-Net 23.57 354.86 11.40
FreeNet 2.50 253.87 11.71
KNG RS 2.87 1 245.65 10.60
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