1007-4619(2024)01-0203-16

BZARMAFEBULSEREFERINEIESE

AR, BALED, BRE, WMEET

LAdb R Bt S5 be MBS B sc s, it 430062;
2. TR s EE B EARR, T 315211,
3. TR BEGEN AN B T AR e RH A BRA R, Tk 315211

B E: WESHMAEMKLESCIERIE A S RIS T OOk (H2, FmEE ) HkE s R A~
WAZEH, 25 ZWGIE Z B i A, TR LSRG B g RUARIE . 38k, X BT ER T ME LU R e il
MY R/ N EIIRA B Z G R o BT IR, ASCER I T —Fh 45 4 0 Jy 22 Ak R ROBERFAE SR LY /8501
WERAR Ty o B T T S U B 38 NRRAE SR BB, BBAE 1 SR RUBERHAE, SRICK [R) ALET Y BLAb
G, W T RUZIEFERIRL; 320 A FF S b A AR s by 25 AL R S  A A, 33— St E e &
2 EDGEE BN gt 7 R4, KB B AR e AT RS T T TE3 AT RDGIEEHE S Indian
Pines. Houston il Pavia University 173 BIBEHLIEE 5% . 5% Fl 1% bRic AR T 2k, AR ORI 45 30 0 AR 2k

National Remote Sensing Bulletin & & 5 4

B4y 5% 97.63% . 98.48% F198.21% , A3 RENL T MR 22 > ik
K EOEIEEMGE, hr ik, ZRE, A G, B %%

FE 425 P407.8/P2

S| AN R, HILE, R, IMEE 2024. A h A £ E B REMHERIRMN B NIEH X BEFIR,28(1): 203-218
Wang L,Peng J T, Chen N and Sun W W. 2024. Hyperspectral classification algorithm based on covariance pooling
and cross scale feature extraction. National Remote Sensing Bulletin, 28(1) :203-218[ DOI: 10.11834/jrs.20242326]

1 5 5

= iE S HST (Hyperspectral image) 7% &
Bz R B AU R . M TALM RCBE
BRI R, OGS ER B PR &
TG BT £, DR T 4 SR AE M ) 1 235 4 R
g3, TSR0 ) Z ] I AR 2 S . o SR
22 e T 1 A 5 0 T R AT 95 CRE 42 4
2016; ERAE 45, 20165 LW %, 2020). 73K
F AL F HST AR MR R 232 3 2 Y 42 )
o HATEDGIE BRI 2R E ) 2 0 T A 5T
(Demarez, 1999) . AR\ A% HE H (Murphy %,
2019) F%g4E (Shimoni 5§, 2019) LA .

T AL TR R OGS 0 207 1 B OGO
HEL, WSZEFREHLSVM (Support Vector Machine )
(Melgani #11 Bruzzone, 2004) . FEHLARAR (Ham %,

FE B HA: 2022-07-06; FEIZA: 2023-01-11

2005) . KIHMEEFK (Ma%, 2010) 52, XLk
J7 AR DG B R AR TR 5 8 2S5 B, AR
RALRE S AT FR o Rp ik i HUAY B IR 4 52 1 73 282K
ROIMERE A%, 2018), BRGHIHIZS HDEIE(E B
PEATRAE SR IS 20 2R AR T el 7 M RE A 2K
4%, Benediktsson %3 —Fh 25 G GIE A2 ()45 8
FFE 2448 B EMP (Extended Morphological Profiles )
FRIE RIS 702574 (Benediktsson %5, 2005) ;
Mura 55 (2010) 2 137 2 8 P F )72 EMAP
(Extended Multi—Attribute Profile) . Li 5% (2015)
K H R B8 LBP (Local Binary Patterns) $2
W RIS BN R TRE . Jiads (2015) 22—
T LT =4 Gabor F#4IE (14 D[R] 27 s L1k 2 18 00 26
Jii% . Camps—Valls 55 (2006) & —Fh 25525 7]
G TE AR B B9 S Fy 1) B ML A % HE 2L SVM-CK
(SVM with Composite Kernel ), Peng%% (2017) £

BEEWB . REEIEALIT (5 : 2020YFA0714200) ;#4644 B AR =24 (45 : 2021CFA087) ; FIK H AR =4 (45« 42171351,

42122009) ; WIVLAR “HLL” “SE " B & T 5380 (4 5 2023C01027)

E—{EE® AN TR W57 10 MR AL . E-mail . wangle@stu.hubu.edu.cn
WASIEE T IV, WF5T 5 10y 22 U518 P [R5 00 2 (@R M . E-mail: sunweiwei@nbu.edu.cn



204 National Remote Sensing Bulletin i & 54k 2024, 28(1)

W7 — A A E N S S A% RAER, 0T IRTE
2] S A R R R T OGS R L A EE B
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g R RN AS AR . M2 JZ B IS N e i 4
JFCNN W RHERIKNRE Sy o (HIE, ML IMEA 7l Gk
23 B BT AR BB R R KE ) . i, Zhong 55
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MPN-COV (Matrix power normalized covariance) J7
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The structure of hyperspectral classification algorithm based on covariance pooling and cross scale feature extraction
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Fig. 2 The structure of CSAF module
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Fig. 3 The structure of Fast Covariance Pooling
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3 R 550

3.1 SCISEIE

(1) Indian Pines (IP) Z{#E4E . FJH AVIRIS
LA T 1992 4F 6 F AR I B 35 22 4 M v b B B
S LA I 5 1 = IS PR AR . SRR
F 145 R X458 5 o LRI S [A]53HE5 20 m,

(a) ARG IRIEIR
(a) RGB composite image

P A FEF 400—2500 nm; FeALE 220 B . SR
104—108., 150—163., 220X 20 MR B, &F
200 MU BLH T2, s B3 hRiE b2 16 28,
FELIRM . P ARED £ HBRAEAE
MR AN bRiC AN 4 TR o B2 HL I EATL
TR 5% WMFEANERINGREE , HARMERIKSE, B
WAER IR, HAp U ZRaE il s A B 80 5
M 51219737,

M Alfalfa M Corn-notill

M Corn-mintill Il Comn

W Grass-pasture

Grass-pasture-
O
mowed

M Oats

M Grass-trees

I Hay-windrowed
[T Soybean-notill
Soybean-mintill Soybean-clean

I Wheat
- Buildings-Grass-
Trees-Drives

M Woods

Stone-Steel-Towers

(b) Z&Htric
(b) Ground—truth

4 Indian Pines &t i G804
Fig. 4 Indian Pines Hyperspectral image

%1 Indian Pines £ #E i)l 25 & Fn )ik &

Table 1 Training and testing sets of Indian Pines data

Wt WAL FERN

=) S b
e O BN BN e

1 Alfalfa 2 44

2 Corn—notill 71 1357

3 Corn—mintill 41 789

4 Corn 12 225

5 Grass—pasture 24 459

6 Grass—trees 37 693

7 Grass—pasture—mowed 1 27

8 Hay-windrowed 24 454

9 Oats 1 19

10 Soybean—notill 49 923

11 Soybean—mintill 123 2332

12 Soybean—clean 30 563

13 Wheat 10 195

14 Woods 63 1202

15 Buildings—Grass—Trees—Drives 19 367
16 Stone—Steel-Towers 5 88

Bt 512 9737

(2) Houston (HU) % #i 4 . A /] ITRES
CASI-1500 1 B8 T 2013 4F 4R B PR 87 5 A 25 4%
el R &R8 30 30 T b X1 = TR . ZsE R RN
349x1905 18 R, LERINZS R PER N 2.5 m, I
KA 380—1050 nm; A% 144 B, AR IR
AR 1528, FHUMY . T hE. #2148
PR A R EE A SRR IC AN &L S s . B2l
L BB ML IE L 5% MIREANE R INZRAE , AR il
RE, BMRERNEE2, Hepilgge bt
SER 751 14278

(3) Pavia University (PU) % #g % . # H
ROSIS 1% 845 T 2003 45 3R B 22 K A b R e 2 I
KM R IRERAR . SRR/ R 610x34015 % . 1%
AR ZS RN 1.3 m, PR E R 430—860 nm.,
IBE 124> 32 M s s 1) 8 B, A 103 N B
Tk, RAGIFREHY IR0, FEUIM . W
HHRE, RRWE 6 R B B BE AL EL
1% BIREARNE I GRAE , HARAE IR, B
UL 3, A I g RNk A A A B R B R
427 142349,
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(a) DG IR
(a) RGB composite image
M Healthy grass M Stressed grass Ml Synthetic grass [l Trees

Road Highway Railway

| Parking Lot 1

(b) ZEbric &l
(b) Ground—truth

I Water
M Tennis court

I Residential
Running track

M Soil
M Parking Lot 2

M Commercial

F'5  Houston = VG EMG K s

Fig. 5 Houston Hyperspeciral image data

%2 Houston HIEIZE MK E

Table 2 Training and testing sets of Houston data

. o Ulléﬁ:% Mﬁt% %%U‘X‘TM
BEARC B i
1 Healthy grass 63 1188
2 Stressed grass 63 1191
3 Synthetic grass 35 662
4 Trees 62 1182
5 Soil 62 1180
6 Water 16 309
7 Residential 63 1205
8 Commercial 62 1182
9 Road 63 1189
10 Highway 61 1166
11 Railway 62 1173
12 Parking Lot 1 62 1171
13 Parking Lot 2 23 446 -
14 Tennis court 21 407 -
15 Running track 33 627
J58aN 751 14278

32 XMhHEZEEXLEZE

ARSI i Hh B 4G G I 5 22 A R i R AR
SE IR TS o SRR S T R A RSk ot
FFXF HE S5

(1) SVM (Support Vector Machine) : 3ZFF 7]
HHL;

(2) 2D-CNN (2D—-Convolutional Neural Networks ) :
T UM 2 W 4 4y R0 1 (Makantasis 5§,
2015);

(3) HybirdSN (Hybrid Spectral-Net) : %% &
3D-CNN F12D-CNN $2 2 [l FDE g5 8 (Roy 4%,
2020);

(4) SSRN (Spectral-Spatial Residual Network ) :
Hoi—=s a5k 22 M 4% (Zhong 55, 2018);

(5) A2S2KResNet (Attention Based Adaptive
Spectral Spatial Kernel ResNet) : &3 7 1 #L | 1
DGR T HI5R2ZE M 4E (Roy 4%, 2020) 5

(6) A-SPN (Attention-Based Second—Order
Pooling Network) : %k T 1 & 1 9 B ith £k ) 2%
(Xue &, 2021);

(7)  MCNN-CP
Covariance Pooling) : P 7 Z L IR & CNN &
U (ZhengZF, 2021).

AR SR S 45 R O B AL RO ke A E R
BT 10 WY1 . 70 RPEREIEMN 545y S A o
RUEHR OA (Overall Accuracy), FYJJSUERE
AA (Average Accuracy) FlKappa RE(K,

AL FET Pytorch TR 2= S HESL . fETC &%
2.7 GHz Intel Xeon Gold 6258R CPU Fil 2 3t NVIDIA
GeForce RTX 2080 Ti GPU AT 4L 158 L. byl
DRSBTS i PCAFS i B
e 3048, IRITRARILS . RTASCHE Y7 %,
1 Adam fLAEES , #0862 > # 0.001, EALK
Bl 50, HERINZREE R/ R 160 A X A2
SROCE 5 HFOSOR B, K45 T RARER
BRSHRE, G 0N #koK R >]
A, AL i TMREART, BEESHA
—E 25, HhE 0 RN RN 25 /Nl 75 4t
R/NIEARARE ;2 FH B 0.001

33 LWHER

(1) Indian Pines #E 32 56 25 H . Indian Pines
Bl A R SR B 7 G BE AR 5 s o AR5k
SYZEEE RN 7 s . AT R DGR AR Y SVM
SR H 2D-CNN 5592 10 73 2 (&1 vh A5 B A ) AUER g
P oy RIEZE AR 16 RN 12 2800 45 5 LA 4
TR ER 73 A SCRE Sy A R TE . iR 5 7T A
SHAXS AL, AR SCESCR B, TEAH

(Mixed Convolutions and
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S RPebs A BRI, K, 24RERET
H10—1222 FORTFE, [Fl—F 228 MIAH I
ARG Xy o AR SCE 5% A A H B T
WHIBE ST, TESE 3. 4. 11, 1228 SR/ 251k
fie, E2. 10K PhBEAS RIS, 7. 9%
FEAKD P8 9 R IR I Rl %, 57
FKPAF IR HET R, ULIAA SCR A VAR 43

(a) PR 05 IR IEI A

(a) RGB composite image

Kl A RN ROR . WSR2 RO AR
MCNN-CP % % 1 OA . AA FI K 43 51} 96.033% .
89.627% F195.473%, A CE LGB A28 3 7T LU
K#97.630% . 95.517% F197.296% , ARSI ER
R T 1.6%. 5 MCNN-CPAHLEL, ASCAHR Y
PR EERHIERL G, BA BRI 7 2T 6e T .

M Asphalt

Il Meadow

M Gravel
Trees

M Painted metal sheet
Bare Soil
Bitumen

M Self-Blocking Brick
Shadow

(b) ZHitnic Kl
(b) Ground—truth

K6 Pavia University B )G B G 5

Fig. 6 Pavia University Hyperspectral image data

%3 Pavia University #3571l 2k &£ K &

Table 3 Training and testing sets of Pavia University data

*4 BEESHIRE

Table 4 Parameter setting of each algorithm

i A e | e | e
1 Asphalt 66 6565
2 Meadow 186 18463
3 Gravel 21 2078
4 Trees 31 3033 -
5 Painted metal sheet 13 1332
6 Bare Soil 50 4979
7 Bitumen 13 1317
8 Self-Blocking Brick 37 3645 -
9 Shadow 10 937
Bt 427 42349

RV (ISP NAN VR )R
2D-CNN 11 32 0.0001
HybirdSN 25 128 0.0010

SSRN 7 16 0.0003

A2S2KResNet 11 32 0.0010
A-SPN 9 64 0.0100
MCNN-CP 11 256 0.0010
CP-CSFE 15 16 0.0010

(2) Houston R 24545 5 . Houston BUHEEA
[FIB LA G B W 6. v WAd FH 5% Bt 45
ARCETEOA . AAFITK 4353k %5) 98.482%, 98.473%
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F198.359%, %45 F X B A H 20 28R A B
B, R, FEEmRE, B8 K ZEHEX . A
B BRI% . A1 A ER S 8 AN S B rh A2k

W% 5 T 99% ., 1645 6—12 2 rh 3k 3] o) sk 5L
() o 5 A ORGSR HU B8 43 25 45 B 1K 14 8,
AT DLAR S 925 ) 325 435 SR T 2 40T e T A1) LS

R 5 Indian Pines 3 IE AR E XS KIFE

Table 5 Classification results of different methods on the Indian Pines data

1%
EiRe SVM 2D-CNN HybirdSN SSRN A2S2KResNet A-SPN MCNN-CP  CP-CSFE

1 12.381 95.588 88.646 94.116 78.181 92272 88.759 90.979

2 56.261 50.488 93.852 89.296 96.536 76.565 98.234 97.630

3 43.610 68.800 92,616 90.581 96.831 87.842 95.330 97.474

4 31.653 63.158 91.203 93.022 97.511 79.644 99.087 99.285

5 69.204 79.135 90.915 96.036 96.644 89.411 94.615 98.315

6 89.581 86.312 93.931 97.214 99.682 97.084 98.040 98.504

7 37.037 95.459 90.120 53.478 54.814 100 91.523 98.233

8 98.571 91.684 94.928 97.002 100 100 94.741 98.439

9 5.263 99.009 90.081 0 26.315 97.777 98.095 99.047

10 55.832 45.488 90.327 90.443 94.106 82.510 92.667 93517

11 71.913 68.448 92511 96.281 97.427 89.562 96.762 97.528

12 43.725 43.551 94.918 96.310 94.280 71.134 96.026 97.016

13 85.938 91.549 95.115 99.160 90.769 99.692 96.132 99.244

14 94.423 93.455 96.912 98.377 99.217 97.254 95.416 99.552

15 55376 74.468 96.622 96.200 95.720 90.680 96.787 99.564

16 98.182 88.406 92.576 91.709 93.409 88.181 94.614 93.179
SRS HAER R OA 64.421 68.183 93.303 94.108 96.578 87.899 96.033 97.630
A5 YR UERR AR AA 64.156 59.479 86.404 86.201 91.755 89.975 89.627 95.517
Kappa 2% K 59.900 63.768 92.343 93.287 96.095 86.156 95.473 97.296

T MO 828

(a) P05 A A
(a) RGB composite image

(b) Z5Ric Kl
(b) Ground-truth

(d) 2D-CNN
(d) 2D-CNN

(e) HybridSN

(e) HybridSN

(f) SSRN (g) A2S2KResNet (h) A-SPN (i) MCNN-CP (j) CP-CSFE

(f) SSRN (g) A2S2KResNet (h) A-SPN (i) MCNN-CP (j) CP-CSFE
M Alfalfa M Corn-notill M Corn-mintill M Comn M Grass-pasture M Grass-trees M Grarsg(-}‘)’?esglre- B Hay-windrowed
M Oats Soybean-notill Soybean-mintill Soybean-clean [ Wheat M Woods | B‘%lgg%gr%rgss' Stone-Steel-Towers

&7
Fig. 7

1P Bl 432545 5 (RGB composite image 8 A 0 & B EI4 ; Ground-truth #5285 AR i &)

IP data classification maps
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#6 HoustonHIBERFE LMD LREE

Table 6 Classification results of different methods on the Houston data

1%
P SVM 2D-CNN HybirdSN SSRN A252KResNet A-SPN MCNN-CP CP-CSFE
1 95.667 83.390 97.402 95.278 99.697 97.135 98.598 98.374
2 91.922 80.043 95.649 99.524 98.068 98.654 97.739 98.540
3 99.543 88.131 99.156 99.706 99.849 99.474 99.574 99.729
4 99.281 88.095 94.636 99.828 98.172 99.564 97.503 97.657
5 94.617 76.494 99.254 94.238 99.898 100 98.556 99.268
6 100 98.889 98.548 100 93.980 98.170 97.021 100
7 73.415 64.646 93.621 95.645 97.294 91.674 94.388 97.295
8 82.987 59.784 95.493 95.454 92.605 90.536 97.530 99.326
9 66.355 82.353 92.004 95.981 96.298 95.473 94.199 96.438
10 74.496 73.016 96.934 92.456 98.610 97.909 97.118 99.497
11 70.676 96.350 94.711 95.037 99.215 95.712 97.095 99.266
12 63.592 48.222 96.793 90.881 99.026 97.666 98.091 99.281
13 88.235 11.864 98.539 95.214 93.497 100 94.644 95.111
14 93.160 84.792 99.008 93.036 100 100 95.155 99.713
15 99.515 84.161 98.276 98.272 100 100 99.316 98.650
OA 83.211 60.408 96.114 95.557 97.757 96.939 97.113 98.482
AA 81.895 67.052 96.085 96.037 97.999 97.441 97.357 98.473
K 81.821 57.727 95.798 95.197 97.575 96.688 96.879 98.359

T MO RIS R

(a) PR 5 A A (b) FARiclEl

(a) RGB composite image (b) Ground—truth

(¢) SVM (d) 2D-CNN
(¢) SVM (d) 2D-CNN

(e) HybridSN (f) SSRN
(e) HybridSN (f) SSRN

(g) A2S2KResNet (h) A-SPN
(g) A2S2KResNet (h) A-SPN

(i) MCNN-CP (j) CP-CSFE

(i) MCNN-CP (j) CP-CSFE
M Healthy grass M Stressed grass Ml Synthetic grass [l Trees M Soil I Water I Residential Commercial
Road Highway Railway Parking Lot 1 Ml Parking Lot2 [l Tennis court Running track

K8 HUKWR L

Fig. 8 HU data classification results



TEAR 5 S5 UM 7 22005 B8 RUBERRAE SR IR iR DI 35 026 213

(3) Pavia University 888 32525 8 . K9 WA
[R50 i o 2R 2 SR I, DN 2R I AT DO R 31
Hd DG B SVM ., 2D-CNN A 1A i AL
MR RIE A 3RVER, RN 8k
P, 2RO M EIREE Yy, ASCRIRIRETE O
R/, Pavia University B8 5 A [R] 580325 19 43 2SR5 1
MAZER I FR T, ATH: FEAH 1% bric BEAR 1T

(b) ZApric Kl
(b) Ground-truth

(a) PR G IRIA

(a) RGB composite image

YIZRRT, ARSCEEAEIR OA . AAFIKZE AT LIk
$]98.211%. 96.211% H197.626%, 5 Hfth %y 4H
o B AR 4 e PR H b 2 R Y 7 25 OA
F99%, 32925 OA 5 F 97%. 7R 7%}
55 8 WML YW 4 SNE BE AN, B4 0 I LA
Z, ARICEM M INIERAS T RFMEE, 5RA
TG R A A-SPN B IEA L, $EE 5% VL.

(d) 2D-CNN
(d) 2D-CNN

(e) HybridSN
(e) HybridSN

(f) SSRN (g) A2S2KResNet (h) A-SPN (i) MCNN-CP (j) CP-CSFE
(f) SSRN (g) A2S2KResNet (h) A-SPN (i) MCNN-CP (j) CP-CSFE
Il Asphalt M Meadow M Gravel Trees M Painted metal sheet Bare Soil Bitumen M Self-Blocking Brick Shadow

K9 PUEE > REER

Fig. 9 HU data classification maps

34 SEOHWMREMLE

341 SHERMES

K S BRI 20, A3 SIS BRI
HER K INUA R 2 2] X B G B sg . Ry
AT /NG OA R sE I, 158 7 1 R/
{7x7, 9x9, 11x11, 13x13, 15%15, 17x17, 19%19},
ZER LA 10, AT OA BT IG5 F b,
T R/NC 1S B RCR St o X FHER RN, B
gh B BRI KN OA SRR K, HER K /N
b 16 B SCRAR X AL, PR A S 56 o P v e i
KK/ R 160 Ko HT25 2] RS R B, %S

2 ) REUEVEE M {0.0001, 0.001, 0.003, 0.01,
0.03}, 7E 3 /EdE 4 I OA YRl 2% > 2R 38 i 1
/No 23] RRE0.001 B IS B SR Ao RAOR , Il
FESCE R, &2 2] %58 0.001,
342 REHFTEMAL

R B8 UE MG RE A ] v B B B 4 1 k)
SIARE R TR, A SO H A B Ak
(18 TN 28 R L PR BIp 7 2 Tt Ak 1 T 4% AT LR AL,
SREERME S, L. FE3EIEAE L, HEF
S MR A TS I A ST 87 W =31 R A I (s
A MR IR T — F B I S b Al i ko
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S5 R WP B 7 25 W AL P S 1 ) B Gt a ]

FRERHIE . A BES— B g R R T 2k

REARGE T F R EE, AT aRMERET K.

AFETHs — B f B 42 i — B S it i d e 4R fit

%7 Pavia University iR ERRE XN HEFEE

Table 7 Classification results of different methods on the Pavia University data

1%
' SVM 2D-CNN HybirdSN SSRN A2852KResNet A-SPN MCNN-CP CP-CSFE
1 76.618 67.762 91.995 97.638 96.569 93.346 94.315 96.825
2 82.176 92.013 98.133 99.201 99.937 99.868 97.735 99.478
3 65.140 60.384 89.449 96.443 86.188 83.888 89.898 98.770
4 96.750 87.677 94.468 99.706 93.979 93.405 91.028 97.383
5 98.278 99.626 96.825 99.984 99.985 100 99.924 97.938
6 93.407 79.520 98.395 95.290 93.191 95.492 97.760 99.687
7 68.909 88.968 87.232 97.824 91.921 97.752 94.777 93.845
8 66.253 51.846 78.531 86.332 85.574 89.903 92.655 95.482
9 99.787 99.020 80.119 99.241 99.530 93.788 91.134 94.240
OA 81.270 80.424 93.823 97.067 96.027 96.042 95.680 98.211
AA 67.800 70.319 87.921 96.851 95.617 94.160 93.915 96.211
K 73.974 74.009 91.780 96.114 94.692 94.740 94.261 97.626
TE: MO Fras R .
99 99 99
R o
97 25 % P ~,,~// ‘‘‘‘‘‘‘‘ ‘ Mo i 1 - \‘:\
c\\° ¥/ & c\\c \\‘x\\ ————— - s Sl e\\o \, \\\ N
’15‘12( 96 /’ ,"/ M r——-—-—%:::::,- ______ ———e . ‘ﬁ% 97 3 \\\\.\
®;o5y £ 98 oo Ty N Ry
Koal / K *K 96 NN
R o3l / R . = N T
/ 95
93 L T Ty =
91 9 94
9 1 13 15 17 19 16 32 64 128 0.0001 0.0010 0.0030 0.0100 0.0300
wH/BR #k ERE
(a) B 11K/ MIEHE 57 (b) HEUCR M A4 (0) 2] SHRFESMT
(a) Sensitivity analysis of window size (b) Batch size sensitivity analysis (¢) Sensitivity analysis of learning rate
y y Y Y g
——@®&—-P ——B—-PU ——%—-HU
F10 71/ KKV 5 5 S 537
Fig. 10 Parameter sensitivity analysis of window size, batch and learning rate
®S BARRERHEOANSREE BB S AR R0, ATIL: SRR

Table 8 Overall accuracy values with/without fast

covariance pooling

1%
WH 1P HU PU
HE Ptk 96.778 97.839 97.570
R Yas oy 25 Ak 96.789 98.039 97.764
— I Z A Ak 97.630 98.482 98.211

T HLHCH b 4524

343 ZREYFMERE

R Bk 2 JXORE R ik i HAT DL RAT B B AT 2 5
REJT BORFAE, TR TH 0 MG 1, o 2 U HRAIE

FERE, AR RBERREFE I, BCA ML Es 1
ARRETW—aitEfi it s, oW
AL RRAE Al A A, BN 2 Rt A 45 SR P I
Al SR 2R R EER, CSAF R He HUF (i —k,
FH A I8 N S5 T 5 ROERRAE S . 5 221t
PR AR il A AL 2 A4S ROBE T A9 3t Ak 245 R 2R 17
A TRV ZERARHREE 1P, PRI 2745 el il
T b X HU A ROR LS A 4 K2 PU 3X 34
BRI, 15 RUERRIE SR N 45 RS JEE R
XU 22 ROBERRAE SR BB e A 35028 & 3 A
77 A L R AR

e
HY A o

FRUE T AR EAMS B,
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*9 ARLSREFHERINSEBE
Table 9 Overall accuracy values with/without multiscale

feature extraction

1%

JUEE P HU PU
SR 3 96.556 97.918 97.72
REES 97.326 98.011 97.652
REET 97.244 97.851 97.578
INEREIR 97.148 98.060 97.598
JRUEE3FT 97.400 98.015 97.786
INERE ) 97.310 97.870 97.636
REE3 5F17 97.630 98.482 98.211

TE R B dr 4

344 BERZHEXR

EEXF 3G AE . WA Rl I S A 2 X 5
o RES R, WS R Sk ez RE T
SR ILF 10, AT UL BEE U SRR AR B n B
RN B, AR SCRIE A /NEAR G N
B AP () oy 2 R, IR e i MG 5 AR
BYEEIPEURSE [, 1% BRSO e A 0A 3
ik 84.68%, 1 10% Bl I e A, AT DL )
ik 99.17%; PU Hs 25 [0l 43 ey, AU 0.5%
IREA B SR NG FE BB A ) 95.97%; XF T
HUEMREE , A SCEE ORI 1% . 5% . 10%
HORTITEZIR =N R 17 11 i = L L= R

B
7

10 HAXRZHMELE

Table 10 Sample generalization experiment

Kol sR YIRREAS & L/ % SVM 2D-CNN HybridSN SSRN  A2S2ResNet A-SPN  MCNN-CP CP-CSFE

1 46.89 25.12 58.01 80.21 70.04 72.46 76.19 84.68

P 5 64.42 68.18 93.30 94.11 96.58 87.90 96.03 97.63
10 72.24 75.08 98.37 98.11 98.76 92.20 98.54 99.17

1 74.97 31.97 80.96 90.78 88.19 83.26 85.03 91.14

HU 5 83.21 60.41 96.11 95.56 97.76 96.94 97.11 98.48
10 85.12 72.12 99.11 98.81 99.31 98.83 99.04 99.33

0.5 78.03 72.18 83.91 95.78 93.22 92.43 90.36 95.97

PU 1 81.27 80.42 93.82 97.07 96.03 96.04 95.68 98.21

3 85.57 90.00 97.04 99.29 99.14 98.61 98.57 99.38

T MUK fchr 25

345 EHEBEEIBEIL

R EEILIZRROR, S EIER NS S8R
B R YIRS ] . DU (] ) &5 SR A 6 e 26 11
FiR o T2 RS R 2550, HHL T HAD
FLTHRERE K . i MCNN-CP 1 CP-CSFE
W 4k 22 RO R RS, AH L T-SSRN. A-SPN,

A2S2KResNet F ik AT 2 1 2800 W2
WK s ] K, AR SC CP-CSFE 89 Il 2k it 7] e
HybirdSN 1 A2S2KResNet fis2 , {HB BT A-SPN
FIMCNN-CP 55 LA KA, A EAEIIE
SrRVERERBARIEOL T, IR BB S ],
RARIN GRS KA AE AT HE 2 LN

11 BEFSHEYNEN

Table 11 Comparison of Calculation efficiency of each algorithm

gk Wik gg Mt ELE

LG SR REE S s s sl BHaE 2K T etk BRa M s s
SVM 1031 0.1 SVM 59.06 032 SVM 1438 045

2D-CNN  2.51M 89.29 434 2D-CNN  25IM 486 626 2D-CNN  2.50M 20.07 17.26

HybirdSN ~ 4.97M 026  1.73 HybirdSN ~ 4.97M 037 245 HybirdSN ~ 4.96M 022  7.19

SSRN  0.33M 779  38.65 SSRN  025M 1.87 80.10 SSRN  0.19M 094  99.20
A282KResNet 0.10M 040  57.90 " A282KResNet 0.10M 040  76.41 o A282KResNet 0.10M  1.80  47.20
A-SPN  0.6IM 1552 9.39 A-SPN  0.30M 17.13 22233 A-SPN  0.09M 8.89 49.84
MCNN-CP  1.58M  7.67 13.95 MCNN-CP  1.49M 946  17.80 MCNN-CP  1.31M 345  42.66
CP-CSFE  2.58M 212 13.56 CP-CSFE  2.57M 3.1  19.77 CP-CSFE  256M 177 58.53
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Abstract: The deep convolution neural network algorithm has achieved excellent performance in hyperspectral image classification.
However, these deep learning algorithms generally use first-order pooling operation, which ignores the correlation between different spectral
bands. Thus, obtaining high-order statistical discriminant features is difficult. In addition, using these algorithms to choose the optimal
window size and capture different receptive field information is complicated. This paper proposes a hyperspectral classification method
combining covariance pooling and cross-scale feature extraction to solve the aforementioned problems. This method aims to automatically
extract the complementary and discriminative information of different scales and exploit the first- and second-order pooling features to
improve the classification performance.

A covariance pooling and cross-scale feature extraction method is proposed for hyperspectral image classification. In this method, a
cross-scale adaptive feature extraction module is designed. This module can automatically combine multiscale feature information and
obtain complementary information of different visual fields, avoiding the scale selection problem. Furthermore, the first- and second-order
statistics combined with spatial-spectral information are obtained using the joint pooling operation of average and fast covariance pooling.
Finally, the first- and second-order pooled features are fused for classification.

A total of 5%, 5%, and 1% labeled samples were randomly selected from three public hyperspectral datasets, namely, Indian pines,
Houston University, and Pavia University, respectively. The overall classification accuracy of the proposed algorithm reached 97.63%,
98.48%, and 98.21%, and the classification performance was better than the state-of-the-art deep learning methods.

Cross-scale feature extraction considers the complementary spatial-spectral information between different scales to obtain additional
adaptive feature information. Combining fast covariance and average pooling, the discriminant features are obtained by pooling feature
fusion to obtain superior classification results.
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