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Abstract: A method is proposed for HSI classification using shorten spatial-spectral parallel bidirectional RNN ( St-SS-
pBRNN). By combining multi-convolutional layers, it not only uses the frequency information of spectrum but also
considers the spatial characteristics in the images, thereby obtaining better performance and effects. Meanwhile,
a combined architecture of parallel gate recurrent unit ( GRU) and bidirectional RNN is adopted, which shortens the
sequence length of RNN and greatly reduces the amount of calculation of the model. In the comparative experiments of
agricultural hyperspectral image classification ,the performance of the algorithm is stable and accurate ,and its accuracy is
more than 2% higher than the optimal effect of the classical shorten spatial-spectral parallel GRU( St-SS-pGRU). Tt is
expected to be popularized and applied in a wide range of agricultural land classification in China.

Key words: deep learning, gate recurrent unit (GRU), long short term mermory network ( LSTM ) , recurrent neural

networks (RNN) , hyperspectral image classification
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Fig. 4 Graphic of shorten spatial-spectral GRU
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Fig. 6 Graphic of shorten parallel bidirectional RNN
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2 5
2.1 SCIOEE

TESEGH B T WA HSTBAEEE , 200k B AZE Y 27 R BN S AN AR S VAT i B AR (1 2 2.

WAV ST A R 5 B 2 F S SR R G GO T 2001 AR 76 B KR AL AR A A 2 W AR 15 1. A IE IS
FERE 25 [ BER N B MR R 1.3 m, 7% 103 N6, K/ K 0.43~0.86 um. HEA 610340 18 &K
UG AT 432 9 Bkt ey IR 0. 3% 1 B0 T A CBAR A A 20 45 8 DL S e AT AR R i N 2k Rl
A TEMALEE KB b, D= 103, £S5 h 4 F1 Tk R 5 R R I 0 i A A 2
Z%ﬁ&ﬁ j:] .N=16.T=5_.H=128. Table 1 Samples of training and samples used in

EI—J ;ﬁ ﬁ*’& Z? %f&jﬁj % EE Tairborne m e 54\ m 1% the Pavia University dataset
SEREAALIREE T 1992 AE7E ENEE 2240 M PG U 2R B s 5 Jasamr IIgE KR || PSS KA IGE Il
VT AR s T R L ; 1 Asphalt 548  6083|| 6  Bare Soil 532 4497
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FCARRE I ZRAIRRE A EENER LA ERSR T, D =200, fE 5 h IS B O . N=16,T=5,H=128.
2 EDERINHIE R A SRR A

Table 2 Samples of training test sample used in the Indian Pines dataset

FFe SIS pEES i FFs SIS pEES i
1 Alfalfa 30 16 9 Oats 15 5
2 Corn-notill 150 1278 10 Soybean-notill 150 822
3 Corn-min 150 680 11 Soybean-mintill 150 2 305
4 Corn 100 137 12 Soybean-clean 150 443
5 Grass-pasture 150 333 13 Wheat 150 55
6 Grass-trees 150 580 14 Woods 150 1115
7 Grass-pasture-mowed 20 8 15 Building-grass-trees 50 336
8 Hay-windrowed 150 328 16 Stone-stell-towers 50 43
Total 1765 8 484

2.2 LIGER

SIS R B AP RS FUIE AT 10 IR, A5 H 85 RO AR R 10 AN phar g5 R 305 SER R e A
GPU 2 NVIDIA GTX1050Ti 1 CPU 3/ i7-7700K 4.20GHz | (31 HLS2 3.

3 TN 4 7055 R R SE AL P Ks 4R L A SC R 4G

LTI TR BE RN ZRAst ). 7E PN EE

£ I GRU 1E A ZEMIAZ O BB IE LT LSTM A A% 0 BB 3L s LSTM 78525 Rt AR eSSk, (R AT B ek
FW] GRU 7E HSI 73 254E: 55 ORI T 47
Pl 8 FHIEL 9 43531 b 7 1 0P 245 S0 A 2 040 4 R B 25 28 W B30 4 119 43 U L. A PRI B AR 5 S o
St-SS-pBRNN Y TER 5 5 e H O 2 L HAIASE A /N 3 SR St-SS-pBRNN Bt HUBCAS [ 35032k (%) b 3Lt ]
K St-GRU 2RI ST HA A5 #4545, Si-SS-pBRNN Il 2k EE 5 LSTM Fl GRU 30T, {H R R A .
#3 METAEEHGHIRES LHR

Table 3 Classification accuracies and training time

for the Pavia Uuniversity dataset

R4 HNEZRTRIEBIREESLEUR

Table 4 Classification accuracies and traning time

for the Indian Pines dataset

AL BIERNE/ % YLt a]/ s iRl RIETR/ % YL/
LSTM 84.68+1.40 434.22 LSTM 71.65+1.05 838.85
GRU 86.92+1.29 232.15 GRU 77.01+1.82 442.67
St-GRU 92.25+0.78 7.31* St-GRU 80.53+0.90 7.63*
St-SS-GRU 96.80+0.37 104.56 St-SS-GRU 87.16+1.06 287.54
St-8S-pGRU 98.44+0.26 128.91 St-8S-pGRU 90.35+0.86 300.90
St-SS-pBRNN 99.70+0.24 279.67 St-SS-pBRNN 93.21+0.85* 489.12

(e) St-SS-GRU (98.04%

(f) St-SS-pGRU (99.01%)
B8 MAZEF KFEHEELIERE

Fig.8 The classification maps of the Pavia University dateset
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(2) St-SS-pBRNN (87.79%)
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Fig.9 The classification maps of the Indian Pines dataset
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