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Multi-Scale Feature Extraction Method of Hyperspectral Image with
Attention Mechanism

Xu Zhangchi, Guo Baofeng’, Wu Wenhao, You Jingyun, Su Xiaotong
School of Automation, Hangzhou Dianzi University, Hangzhouw 310018, Zhejiang, China

Abstract In recent years, with the development of deep learning, feature extraction methods based on deep learning have
shown promising results in hyperspectral data processing. We propose a multi-scale hyperspectral image feature extraction
method with an attention mechanism, including two parts that are respectively used to extract spectral features and spatial
features. We use a score fusion strategy to combine these features. In the spectral feature extraction network, the attention
mechanism is used to alleviate the vanishing gradient problem caused by spectral high-dimension and multi-scale spectral
features are extracted. In the spatial feature extraction network, the attention mechanism helps branch networks extract
important information by making the network backbone focus on important parts in the neighborhood. Five spectral feature
extraction methods, three spatial feature extraction methods and three spatial-spectral joint feature extraction methods are
used to perform comparative experiments on three datasets. The experimental results show that the proposed method can
steadily and effectively improve the classification accuracy of hyperspectral images.
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Table 1 Categories and settings of Pavia University dataset

Class Class Name Training number Total number
1 Asphalt 100 6631
2 Meadows 100 18649
3 Gravel 100 2099
4 Trees 100 3064
5 Painted metal sheets 100 1345
6 Bare soil 100 5029
7 Bitumen 100 1330
8 Self-blocking bricks 100 3682
9 Shadows 100 947

Total 900 42776
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Table 2 Categories and settings of KSC dataset

Class Class Name Training number  Total number
1 Scrub 33 761
2 Willow swamp 23 243
3 CP hammock 24 256
4 CP/Oak 24 252
5 Slash pine 15 161
6 Oak/Broadleaf 22 229
7 Hardwood swamp 9 105
8 Graminoid marsh 38 431
9 Spartina marsh 51 520
10 Catiail marsh 39 404
11 Salt marsh 41 419
12 Mud flats 49 503
13 Water 91 927

Total 459 5211

£ 3 Indian Pines 045 45 28 ] S Y SrbEAC K

Table 3 Categories and settings of Indian Pines dataset

Class Class Name Training number Total number
1 Alfalfa 33 46
2 Corn-notill 100 1428
3 Corn-mintill 100 830
4 Corn 100 237
5 Grass-pasture 100 483
6 Grass-trees 100 730
7 Grass-pasture-mowed 20 28
8 Hay-windrowed 100 478
9 Oats 14 20
10 Soybean-notill 100 972
11 Soybean-mintill 100 2455
12 Soybean-clean 100 593
13 Wheat 100 205
14 Woods 100 1265
Buildings-Grass-
15 i 100 386
Trees-Drives
16 Stone-Steel-Towers 75 93
Total 1342 10249
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R, YR i S 00 A B 1 O T AR AT IR
oL S, 43 A 2H B i A B R 45 A DA R B TR AR U
2 i B R - Indian Pines 224 4E 7 8-4-2-1; Pavia
University % 4 4 th 8-4-2-1; KSC %2 4 th 16-8-4-2,,
SeAMN HAS [6] B 2 K /NS SaAMN R [a] 4 B K
AN A AR R SR A0 7 (a) (b) s, B 7(e) h
AN A5 R R OR . SRR UE I, 2 SeAMN H
1) BT 2 K /NHE 75 22 A B I 2% AT L Tk ) B AR Y 1
fig, Kb, 76 3L AR 4 b Bl L 8 o 75, Bk, Y
SaAMN H1 Y 2 B K/NIK B 5X5 5, 4% 1 e
B A R B 7E 3R AR 4R I S EOR/N Il 3K
3. 16 ¥ SeAMN HI SaAMN #4754 45 B, B& 18
KSC #5442 v /9 6 3% 0% B 2 241 41 5018 kb 32-16-8-4
SN HESHENE LR S H—K.

F4 OPRINENSHBIE
Table 4  Settings of proposed method

) Hidden  Kernel
Method Dataset Split ) .
size size
Indian Pines 8-4-2-1 75 —
SeAMN  Pavia University ~ 8-4-2-1 75 —
KSC 16-8-4-2 75 —
Indian Pines — — 3
SaAMN  Pavia University — — 3
KSC — — 3
Indian Pines 8-4-2-1 75 3
Proposed ) ) )
Pavia University ~ 8-4-2-1 75 3
method
KSC 32-16-8-4 75 3
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| e - W | e
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1 4 i 78 | ————— 78 -
. 76 ;i 6 —————— —a
9L . . . 74 Lo . . . . J T4 - - -
1x1 3x3 55 =T 25 50 75 100 125 8-4-2-1 16-8-4-2 32-16-8-4
Kernel size Hidden size Grouping strategy

Bl7 TEANFESECN ST 847 10 YRS 50 Y W 48 SR MERR B2 o (a) SaAMN 7EAS A48 B K/ T A9 R I 5 (b) SeAMN 7 A [ 34 5
FER/ANT R ; () SeAMN 7E R [f] 4341 5w T 114 26 9
Fig. 7 Overall accuracy of proposed method by running 10 experiments independently with different hyperparameters. (a) Performance
of SaAMN with different kernel sizes; (b) performance of SeAMN with different hidden sizes; (¢) performance of SeAMN with
different grouping strategies
3.3 ZWHER Ao B B AR 51 S R 2 Y B RV R B, M LA
TSI T SROCIE AR SR IO I 3RS [ RRAE i M E A B G R AR X O R R AT 4 2. M
S U7 1 LA K 3 s -1 R G R AIE 4 U 15 A KSC % e LSTM-byb, LSTM-split i H] 1 53 3 Bt 73 4 1) F
Pt 120t 10 ML 17 e - F B 0 2RR B2 (AP) S BE, A AR T R EE R B, DR g 73 28 ol 5 15 31
HX R PREZE(SD) o £S5, LSTM-byb & 8lfe 22,  THWIRHET. SATMA I LML, SeMN 5| A 2 R JE
O T AT IR S mo iR E R et ge R, AL BRBOR R RE T Bt B SCE R e
5 AFFFAESE IR T A TE KSC R4 1194y 28452501

Table 5 Classification results of different feature extraction methods on KSC dataset

) Spatial feature extraction Joint feature extraction
Spectral feature extraction method
method method
Method
LSTM LSTM Proposed
1DCNN . SeMN SeAMN 2DCNN SaMN SaAMN SSUN ASSMN
-byb  -split method
OA /% AP 85.81 68.11 73.00 88.03 88.55 96.58 96.80 97.47 97.43 98.01 98. 46
! SD +1.26 +1.90 +£1.64 +£1.06 +0.82 +0.51 +1.54 =*+1.65 +0.65 +0.77 =£0.50
AP 78.90 55.56 61.50 82.71 83.23 95.85 95.91 96.94 96.84 97.32 98. 00
AA /%

SD +2.49 +£3.12 £1.89 +£1.36 *1.40 +0.73 +1.98 =+£2.21 +0.61 +1.15 =£0.80

AP 84.21 64.40 69.93 86.68 87.25 96.19 96.44 97.18 97.14 97.78 98.29
SD +1.40 +2.18 £1.83 +1.18 £0.91 +0.56 +1.71 =+1.84 =+0.72 +0.86 =£0.56

AP 7.14 46.84 10.93 30.02 50.54 13.28 225.88 243.11 96.46 246.37 313.15
SD £0.66 +0.43 +0.22 +0.88 +1.10 =+0.32 +9.46 +6.01 =*4.63 +5.83 +1.20

87.43 74.77 75.87 85.96 88.13 92.12 94.16 94.11 94.74  96.35 96. 91
87.64 69.18 70.59 87.82 84.82 94.55 93.64 96.73 96.86  96.82 98.41
75.65 32.89 52.16 86.68 87.54 96.64 94.35 94.22 97.76  96.85 97.97
48.68 20.83 39.34 61.54 64.96 88.42 89.61 91.14 90.39 91.45 94.04
.82 40.27 41.23 60.07 55.34 99.04 96.30 97.12 92.74 97.05 97. 26
49.23 14.49 36.81 56.81 55.99 88.84 95.31 96.43 93.14 93.19 94.59
68.02 13.13 2.81 71.98 78.96 93.23 92.50 95.52 99.48 96.56 97.60
84.86 32.65 40.97 84.35 86.39 98.19 92.85 96.26 96.31 98.04 98.02
92.28 82.43 85.61 94.56 95.03 99.04 99.72 99.87 99.85 99.30 99.62

KC X 100%

TrnTime /s

Classification accuracy /%

© 0 NN > Ul w N
a1
(=]

10 94.03 69.34 77.18 96.47 94.93  98.33 99.75 100.00 99.42  99.78 99.92
11 96.64 92.35 94.42 96.03 96.80  99.87 100.00 100.00  98.60  99.81 99.74
12 90.48 80.29 82.69 93.04 93.06 97.82 98.63 98.83 99.63 100.00 99.93

13 99.89 99.68 99.89 99.99 99.98 100.00 100.00 100.00 100.00 100.00  100.00

Note: “17 to “13” are categories of KCS dataset, OA, AA and KC are calculated from them.
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M EUHERR . ESRER Mg, SaMN 5| A £
RO B FEAS TR ROEE R #2 B 1) 1 F SO 8, M ke
2DCNN, SaMN EA7 B4/ /) 43 5Pk . SaAMN 78 45
FUZ Z 18 51 A28 8] 1 58 S HLE 2%, (8 9 45 75 2% 2] 11
b B P R S B IR B AR rh i EE R SR AR R T
Fb SaMIN B G5 1) 43 8300 R o 7 25 - KA R AE 4 BT

P TR DT IE R AR B T B SR A ) 1 o AR .
1E Pavia University 2085 48 7, 11 B R 4F 42 BUH 15
2553 10 M ST 8 17 5 19 AP 5 H X W a9 SD 1 %€ 6 Jir
R MECT KSC 4 48 , Pavia University £ 5 1956
T I B B A G R 7R B B B, LSTM-split 3
VA R I B O A SR, T B0 A, B T
#6

K BLR AT B ik — 2 G, T IDCNN, SeAMN
153 S HER R AEAE W] W Tt o A A 3 Ah s MR AR 42
B i b, SaAMN g% 3k B 14 = 19 43 S HERA
A I T SaMN, H B A TR bR 2 . AR T
ASSMN, T £ 75 126 15 3] 7 %50 5 10 (A v 1 5 (L B 2
R 200 M W) Y 20K RE B, BARSE B T Asphalt,
Gravel , Bare soil , Self-blocking bricks 4 2& ¥y I+ . il
P WLEEIX AR ML B OGS 4 AR HER e AT B A AL
B 3 R, B3 R R R AT U O v R P R B AR Y
G AT 2L AP BN R B B i e 3. 5
ASSMN A [A], fir 48 J7 gk 51 A 2 7 AL W 2% )5 5 75
3 20 SRS BN A Hy AR AS [R] B 0 2H SR g a] DL A 3 AR
BERAE IR AR, AN [ Y 43 2H g TR JF AN IS T IX
O3 — SR E S B M), T BOX L Y 7R il i LSTM
PE IR AR B B v AR AL B

A EFRAEHE BT 5 7E Pavia University 04l 48 I i 43 2545 1

Table 6 Classification results of different feature extraction methods on Pavia University dataset

Spatial feature extraction Joint feature extraction

Spectral feature extraction method

method method

Method

LSTM LSTM Proposed
1DCNN . SeMN SeAMN 2DCNN SaMN SaAMN SSUN ASSMN
-byb  -split method
OA /% AP 78.37 71.28 69.36 82.94 85.91 90.26  92.97 93.93 94.71 95.95 96. 61
! SD +2.29 £6.20 +£1.86 +2.47 *£1.14 +1.10 +2.40 =*£1.26 =+£1.03 =£1.38 =£1.04
AA /Y% AP 86.75 80.85 81.34 87.72 89.49 93.68 95.61 96.02  96.95 97.77 97.72
! SD +0.40 +3.85 +0.91 +1.07 £0.74 =+£0.66 +1.18 =%£0.73 =£0.32 =£0.48 =+0.51
AP 72.56 64.36 61.96 77.96 81.69 87.27 90.80  92.02 93.04 94.66  95.51
KC X 100%
SD +2.54 +6.93 +1.82 +3.06 £1.45 +£1.40 +3.08 =*£1.62 =£1.33 £1.80 =£1.35
. AP 12.89 49.43 21.52 61.85 78.80 25.90 387.25 416.77 178.83 442.47 569.15
TrnTime /s

SD £0.73 +0.42 £0.50 £0.28 £0.59 =£0.32 +4.32 +15.24 £11.70 £23.50 +2.32
1 77.47 70.28 71.61 82.34 82.76 88.31  90.90 92.65 93. 66 95.95 95.32
2 70.94 62.28 57.89 79.94 84.22 87.47 90.44 92.10  92.41 94.15  96.10
3 82.03 59.69 70.73 79.34 81.60 88.29 89.47  90.50  95.57 97.19  95.85
4 94.43 93.44 95.76 93.49 94.53 94.84 97.20 97.82  99.42 99.17  99.16
Classification accuracy /% 5  99.66 97.87 98.80 99.15 99.61 99.94 99.97  99.98  99.82 99.99  99.98
6 79.84 78.60 70.81 81.88 87.19 90.34 97.09 96.25  96.56 96.74  96.52
7 92.71 90.37 91.59 91.93 91.74 97.27 99.11 99.01 97.76 99.48  99.45
8 83.67 75.24 74.94 81.52 83.90 97.57 96.43  95.98  97.59 97.29  97.08
9 100.00 99.85 99.95 99.89 99.83 99.10 99.87 99.89  99.80 100.00  99.99

Note: “17 to “9”

7 Indian Pines 0445 b, 11 R RRAE 32 B ¥k &
10 Rk 5738 47 J5 19 AP 5 X B /) SD an & 7 B s .
Indian Pines (¥ 4 B A B K 096 ik 48 )%, X 45 = T
RNN 19 't 3% 4 AiE 45 B 7 2 4 o 17 388 0 A R 9 52
H F IDCNN A 52 6 1% 45 2009 52 ), A0 8T RNN J7
e oy R R A . R 70 LUE MR T A

are categories of Pavia University dataset, OA, AA and KC are calculated from them.

RNN 77 i, fr $& Se AMN 175 9K fiE 0% A7 % 2 fifk A 2 31 2K
B P HUE Z A F T B0 EE B o iR 8 4
T I B T TR AR AR BE R AT AL T2 S B R AR AR
28,102 o TR T 1 ML RE % A Ao b G B 5 R A IR
PRI RS/ a2 P P EC 8 EPOR
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Table 7 Classification results of different feature extraction methods on Indian Pines dataset

Spectral feature extraction method

Spatial feature extraction Joint feature extraction

Method method method
penn PTMESTM g U SeAMN 2DONN. SaMN SaAMN SSUN ASSMN | 0P
-byb  -split method
OA /% AP 80.46 64.26 71.49 75.28 77.78 95.87 97.36 97.71 96.28 96.79 98.13
SD £1.41 +4.74 +£1.54 +2.70 +2.40 =+0.72 +0.72 =£0.38 +£0.78 +0.72 +0.37
NV AP 87.44 72.31 79.06 81.97 84.16 98.29  98.69 98.82 98.50  98.60 99. 03
SD £1.84 +£4.99 £2.07 +£3.07 +£2.69 £0.28 +0.40 =£0.25 £0.01 =+0.48 +0.29
KC X 100% AP 77.66 59.51 67.58 71.80 74.64 95.22 96.94 97.34 95.69  96.28 97. 84
SD £1.57 £5.22 £1.70 +£3.03 +£2.68 £0.83 +£0.83 =£0.44 +£0.90 =+0.83 +0.43
TrmTime /s AP 20.34 203.95 32.92 79.25 110.56  38.20 667.89 639.32 273.34 626.90 745.69
SD %+0.68 +0.66 +0.63 +0.59 +0.40 =£0.33 +3.75 £38.31 £4.69 +4.94 +47.65
1 95.38 81.54 86.15 85.38 82.31 100.00 100.00 99.23 100.00 100.00 100. 00
2 78.52 57.06 63.31 69.72 70.45 94.10 93.35 95.38 93.52  93.35 96. 31
3 77.07 56.08 70.26 70.04 72.15 97.51 98.21 97.90 98.85  98.05 98. 85
4 90.58 65.55 84.01 87.23 84.89 100.00 100.00 100.00 99.85 99.78 99. 64
5 82.92 84.93 78.28 85.33 91.70 99.03 98.36 98.96 99.16  98.72 98. 04
6 93.32 80.21 89.10 88.51 95.35 99.78 99.13 99.08 99.65  99.86 99. 86
7 95.00 78.75 88.75 86.25 81.25 100.00 100.00 100.00 100.00  98.75 98.75
Classification accuracy /% 8 97.99 92.78 96.08 95.87 97.25 100.00 99.97 100.00 100.00 100.00 100. 00
9 88.33 58.33 70.00 75.00 85.00 100.00 100.00 100.00 100.00 100.00 100. 00
10 86.16 68.30 83.13 80.36 83.57 94.66  96.11 97.32 95.03 97.21 97.80
11 70.53 48.15 62.65 64.46 65.53 91.77 97.24 97.01 93.12  94.37 97.05
12 87.61 60.12 69.94 77.63 79.90 97.71 98.01 97.63 99.27  98.88 98. 80
13 98.76 96.38 97.05 97.90 98.48 100.00 100.00 99.90 99.43  99.81 99. 81
14 81.18 82.24 70.23 83.16 86.31 98.76  98.94 99.08 98.11 98.75 99. 56
15 78.50 57.06 59.41 65.87 75.21 99.97  99.76 99.58 99.97 100. 00 99.97
16 97.22 89.44 96.67 98.89 97.22  99.44 100.00 100.00 100.00 100.00 100. 00
Note: “17 to “16” are categories of Indian Pines dataset, OA, AA and KC are calculated from them.
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