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Hyperspectral image classification based on improved SE-Net
and depth-separable residuals

WANG Yan, WANG Zhen-yu

(College of Computer and Communication, Lanzhou Univ. of Tech. , Lanzhou 730050, China)

Abstract: In response to the challenges posed by convolutional neural network (CNNs) commonly used
for hyperspectral image classification, namely, their high parameter count, extended training times, and
sensitivity to sample quantity, a classification network MDSR&.SE-Net based on improved squeeze and ex-
citation network and depth-separable residuals was proposed for limited training samples. First, the prin-
cipal component analysis is employed in this model to reduce the dimension of the original HSI. Then, the
multi-feature residual structure is connected by 3D convolutional neural network, and the spatial & spec-
tral details of hyperspectral images are extracted by embedding the improved squeeze and excitation block.
Finally, the extracted feature information is input into Softmax classifier to activate classification. To fur-
ther lightweight the network, the number of parameters is reduced by using the depth separable convolu-
tion in the residual structure and introducing global average pooling. Experimental results show that over-
all accuracy of the three common hyperspectral data sets with the limited training samples are above 99 %.
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AR, HIF HST 53 500k 32 B A0 45 SCHE )
=¥l (support vector machine, SVM)™ | 38 # [A] I
(logistic regression, LR) . f KA AR 7325 (maximum
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Z M 2% (SD-CNND. X F mG s ER 70 K AL 55 1D-
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Fig. 1 MDSR&SE-Net structure
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SECFEA R B 45T 25 2% 1), TR B A 4y 15 5% 22 b A
TR BE ] B % 25 H-a, BEPESR RS2 WY T MRS
G FUZ LG IR S TE R 22 ROBE R A 42 B
(R o ABE AR AR 1 4/,

F 1 JZ7E epoch R 50 M 5 T P FP & B
HI7E MDSR&.SE-Net H{PEREXT L. 71T LI H DS-
Conv 7EFIE 9 45 15 0 f5e 532408 18 14 [+ 6 3 8080
i 5 Y 2RI [a] B 3 9.
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Tab.1 Comparison of the performance and parameters of

different convolution

# BREE BEEGE IIZEE/s OA/%
2D-Conv 2 265 730 417 99.13
Indian Pines

DS-Conv 614 786 403 99. 12
2D-Conv 2 265 730 1484 99. 54

Salinas
DS-Conv 614 786 1432 99. 54
) ) . 2D-Conv 2 264 827 1145 99. 36

Pavia University

DS-Conv 613 883 1097 99. 49

2.3 igthy SE R

J5ihh SE B ] GAP %4y AR AE 3547 1R 45
S SR S T 5 i 55 O R (L P AN
5 ASCAE G SE BB B AR L o AT Tk
2 2 HH—Fh et i SE B, Il 3 Prox.

s — I
ReLU Sigmoid
Cy‘S( —»|FC|—{ FC[— 1 1} n
L L Sigmoid
— — — 1NN B
H . . 1D-Conv %7
(%7 ReLU Sigmoid
c @ —FC|—{FC[— 1 I n

3 MRS AMIEER

Fig. 3 Improved squeeze and excitation block

FERCHE ) SE A, 44k imad GAP fi4
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2H 30 JE A [ i, P 2H [ ELA AN [R] 0 Y 4 )
JEAZ Y. W FE AR AR A AT 20 1 — 4 ) 308 0 Y B A
PRI R IE 0 1A 2 [A] (R A DG . ELAACHE S0 # A
¥ GAP Fl GMP #AE45 21 (1 W6 41 ) 52 4331 38 2 >R
PR SZE A7) FC )2 3047l 2 0CHK ] ReLU A1
Sigmoid pREEIE. IR 5K 4H 1) EAT RLA S
FH— 4 AR — 20 4 B 308 A M L T B4~ J
5 E BYACE FH ABR 78 A [w) 3 18 1) DG T B fe 2%
— A~ S B SRR AE AR

3 S Habr

R L% 7E Intel (R) Xeon (R) Silver
4116 @2. 10 GHz,NVIDIA Tesla T4,128 GB N1
S 45 T 247, 3E T Windows10 RS ff H Py-
thon3. 7. 6 §4 Tensorflow2. 1 HEZESZFL,

3.1 ZBRBE|SITFMIEIR

S A R W = A T BB E A L
H42 Indian Pines(IP) . Salinas (SA) # Pavia Uni-
versity(PU). Hie 1P J& 1 AVIRIS X 3 & B 5 %
YN — B DI SR BB T H RNy 145145
RS BEAT bR 1, $8H 200 DU BE. n] KB R
10 249 A A5 /N VBOK VKRB BRAREE 16 B2
Fras. PU 2 Ad G 27 35 R SO 38 M i 4 I
AR AR RSP R/ 610 X340, #4103 A4~k
B Al p AR R A2 776 A AL SR VO B B B R
45 9 FHAIPRZE. SA S AVIRIS X 6 [ B FI4h 7 1
BRI ER I RSE RNy 512 X217, 4147 204
AP AT SRR 54 129 4 A &3 B KSR 16
T bRZ. = RS TP FEAR G b, 25 (]
I3 BEAR AR PRGBS 4R 1 73 SR i oK.

PEANFEAR 3 5 P #EAR S SHE B2 (overall accu-
racy, OA) . 14 43 2548 B (average accuracy, AA)
Al Kappa 2888 (KA) 3R P45 11 43 A 1
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N T RERS B IE MDSRE-SE-Net 764 FR I 254
AN T MR AT LAARFF 3 9 70 JER B2 L X% 1P, PU
I SA =ANEidl S 10 BOR FRACE AR Il gt A, A
IR W3R 2~A4.
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Tab. 2 Segmentation of training samples and test samples

in IP dataset

# 25 WGREAR  DAEA R
1 Alfalfa 5 41
2 Corn-notill 143 1285
3 Corn-mintill 83 747
4 Corn 24 213
5 Grass-pasture 48 435
6 Grass-trees 73 657
7 Grass-pasture-mowed 3 25
8 Hay-windrowed 48 430
9 Oats 2 18
10 Soybean-notill 97 875
11 Soybean-mintill 245 2 210
12 Soybean-clean 59 534
13 Wheat 20 185
14 Woods 126 1139
15  Buildings-Grass-Trees-Drives 39 347
16 Stone-Steel-Towers 9 84
Total 1024 9 225

®3 PURIREHRIIGHEARSMKERE R 53ER
Tab. 3 Segmentation of training samples and test samples

in PU dataset

# 25 WIGFEAR  WEREAR
1 Asplalt 298 6 333
2 Meadows 839 17 810
3 Gravel 94 2 005
4 Tree 138 2 926
5 Painted metal sheets 60 1285
6 Bare Soil 226 4 803
7 Bitumen 60 1270
8 Self-blocking bricks 166 3516
9 Shadows 43 904
Total 1924 40 852

3.2 B¥UEE

i A MDSR&.SE-Net Hy [ 1% 48 3 K.~} patch
e NEE NS R A7 patch BEE R W21
P 25 B AL P 1 ST A s 107 patch 3 BN B 2 i
JLEER 432 [ RRAE 1 25 5% B2 M F5e 2 1) o0 S e
42 3 N (R TR AR EE 2, ISR U2 20 K I 5
B BRI ERAS RY I Sad BE  H
G AT RE B B A R IR SR (E I O B &
SHELA I BLRR » B TG R BIG A, 2 ) 3%
Ir % BN BRI S 7 AR 518t T RUZ AR T

F 4 SAHWEPIIEERSNIRERB R 2 ER
Tab. 4 Segmentation of training samples and test samples
in SA dataset

# 25 IGREARL  DHAREA R
1 Bro-Coil_green_weeds_1 70 1939
2 Bro- Coil_green_weeds_2 130 3596
3 Fallow 69 1907
4 Fallow_rough_plow 49 1345
5 Fallow_smooth 94 2 584
6 Stubble 139 3 820
7 Celery 125 3454
8 Grapes_untrained 394 10 877
9 Soil_vinyard_develop 217 5 986
10 Corn_senesced_green_weeds 115 3163
11 Lettuce_romaine_4wk 37 1031
12 Lettuce_romaine_5wk 68 1859
13 Lettuce_romaine_6wk 32 884
14 Lettuce_romaine_7wk 38 1032
15 Vinyard_untrained 254 7 014
16 Vinyard_vertical_trellis 63 1744
Total 1894 52 235

LN RIEAEAEATAS B S IR0 26 (B A T B, R e Xof
TR 43 SRR, 1 2 5 2 DR 19 88 2 802 52 1)
LA 2OKG B S B LA B 1A 2 1Y Bl AL 2% 76 R
dropout FIYIIZ:4E 4L epoch DBy 1k 485 AU 3sk B 1)1 2.
B4 4350 s th e = A AR EUE AR LB S5
patch.lr.epoch F1 dropout X} 43245 5 150,
SERAE R WoR 78 TP B S b patch B8 2l 13 B
3T S MERR B T 7E SA Fl PU a8 patch 1%
BN 11 UG T e R EE % 1r.epoch il dropout
S EfE R 0. 002,50 F1 0. 2; L2 IENFLS % v %
BoNHE R 0. 001,
3.3 HRERERES

AR R il B i 2 He Al B e = A B Sk
IR EEREE T (R 5~D). B{UKE 4
ANREE ] 43 B ik 25 He-a 5 4 ANTREE R 43 B sk 22 b
SERIT YIRS )R =B PPN FE R AT IR B i 5
Y E 2 LR B A] 4y B gk 25 He-a ERIRUR BE W] 43 5
FRIEHL-b SER B, B AR = RPN 8 AR A T HE T (H
SEYINZRIT B A BTG Bk & 2 DIRBE AT 7 B
FRZEY-a B 2 DR R Ay B sk 22 b 25, |
R[] RN 43RG FE R I e .
3.4 i SE #EHA LG AR

T BAEARSCHRE A e SE B0 RRAE i 1
P INAAL BERE I OL T I G SE b, [ SE
B AJB 3 T/ 4% MDSR-Net J5 , [ 45 f 70 f5 2%
Mok A e ot (R A A = T 5 B T
TH Rl g  SE g 45 SR AR 8P 4], AHH T MDSR-Net,
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B 4 FE{EFRE patch.Ir.epoch 1 dropout FJ{4AEXT EE
Fig. 4 Performance with different patch, Ir, epoch and

dropout
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Tab.5 Performance of different combination of residual

7T FEHEMEZRERASTE PURKERERN
Tab.7 Performance of different combination of residual
blocks in PU

Residual block 414 SHoE NgE/s OA/%
[Block-a X< 4 633 979 1236 99. 27
[Block-b] x4 593 787 995 99. 02

[[Block-a]+[Block-b]]>x2 613 883 1094 99. 30
[Block-a | X 2+[ Block-b]x 2 613 883 1097 99. 49

& 8 SEELRANE SE MR M L& 4R B s 5 BE XS L

Tab. 8 Precision compare between SE module and improved

SE module
ews.  MDSR- MDSRg&- MDSR&-
HERR RES LS Net SE » -Net SE-Net
OA/% 98. 98 99. 06 99.12
P AA/% 98. 86 98. 95 99. 17
KA X100 98. 56 98. 67 98. 99
OA/% 99. 30 99. 39 99. 54
SA AA/ % 99. 47 99. 60 99. 65
KA X100 99. 32 99. 37 99. 49
OA/% 99.19 99. 28 99. 49
PU AA/% 99. 27 99. 30 99. 36
KA X100 99. 10 99.19 99. 33

blocks in IP
Residual block 414 ZRBEE YIgEHE /s OA/%
[Block-a X< 4 634 882 438 99. 08
[Block-b]Xx4 594 690 363 98. 97
[[Block-a]+[Block-b]]>x 2 614 786 410 99. 08
[Block-a | X 2+ [Block-b ] X 2 614 786 403 99.12

#6 TEBERARERAALE SA PRI R

Tab. 6 Performance of different combination of residual

blocks in SA
Residual block 24 SRR E/s OA/%
[Block-a] x4 634 882 1533 99. 43
[Block-b] X4 594 690 1357 99. 10
[[Block-a]+[Block-b]]>x2 614 786 1449 99. 46
[Block-a | X 2+ [Block-b ] X 2 614 786 1432 99. 54

AINJE LS SE Bt f) MDSRE.SE  -Net 432 K
A /0N 80 T S et SE BBk i) MDSR&.SE-
Net WA 8 B 2 (A4S FE H2 .

3.5 XWEREHM
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Tab. 9 The accuracy of five classification models in different data sets

Btk Accuracy 3D-CNN SSRN Cluster-CNN JSSAN Proposed

OA/% 93.23 97.95 98. 08 98. 91 99.12

1P AA/ % 95.51 97.23 98. 46 98. 54 99. 17
KAX100 92. 30 97. 69 97. 33 98.76 98. 99

OA/% 97. 06 99. 07 99.12 99. 43 99. 54

SA AA/ Y% 98. 56 98. 66 99. 10 99. 40 99. 65
KA X100 96. 03 98. 93 98. 99 99. 35 99. 49

OA/% 96. 16 99. 06 98. 75 99. 30 99. 49

PU AA/% 97. 85 98. 75 98. 96 99. 28 99. 36
KA X100 94. 75 98. 14 98. 60 99. 20 99. 33

(b) 3D-CNN (c) SSRN (d) Cluster-CNN (e) JSSAN (f) Proposed
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Fig. 5 Comparison between the predicted and truth maps of IP obtained by five classification models

(a) GT (b) 3D-CNN (c) SSRN (d) Cluster-CNN (e) JSSAN (f) Proposed
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Fig. 6 Comparison between the predicted and truth maps of SA obtained by five classification models

(a) GT (b) 3D-CNN (¢) SSRN (d) Cluster-CNN (e) JSSAN (f) Proposed
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Fig. 7 Comparison between the predicted and truth maps of PU obtained by five classification models
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