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Hyperspectral Remote Sensing Image Classification Model Based on S’AF-GCN
Song Hailin, Wang Xili’

School of Computer Science, Shaanxi Normal University, Xi’an 710119, Shaanxi, China
Abstract For hyperspectral image classification tasks, a graph convolutional network can model the structural and
similarity relationships between pixels or regions. To solve the problem of inaccurate construction of an adjacency matrix
by calculating the node similarity using the original spectral features of pixels, a graph convolutional network based on
spatial-spectral aggregation features (S’AF-GCN) is proposed for feature extraction and pixel-level classification. The
S*AF-GCN considers the spatial position of the pixel as the center, aggregates other pixel features in the spatial
neighborhood of the pixel, and uses the aggregated pixel features to dynamically update the weights of other pixels in the
neighborhood. Through multiple aggregations, the pixel features in the region are smoothed, and the effective feature
representation of the pixels is obtained. Next, the aggregated features are used to calculate the similarity and construct a
more accurate adjacency matrix. Moreover, the aggregated features are simultaneously used to train the S’AF-GCN to
obtain better classification results. The S’AF-GCN achieves overall classification accuracies of 85.51%, 96.95%, and
94.92% on three commonly used hyperspectral datasets, namely, Indian Pines, Pavia University, and Kennedy Space
Center, respectively, using 1% labeled samples.
Key words graph convolution network; aggregation feature; hyperspectral remote sensing image classification; spatial-
spectral information
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Fig. 1 Classification model of hyperspectral remote sensing images based on S’AF-GCN

0228010-2



$£605 F2H/2023F 1 H/HAESBFFHE

P B0 2 M B 2 A i A — 1 e G RS, R s
] -3 3R A A AR B RS R A SR LG G R RRAE (OF ) iff
TREFW 6 BE T W5 BRI R &R
(AF) s MR FE AT 05, FIUH R AR 57 2
FEACLE | A4 3 41 422 40 B 5 8% 2R & R I 0 408 482 2 B % A&
LB G IRAG Iy A 45
2.1 ZE-RIEBAYE

Xt F 15 B R 53 JAT 55, 25 0] LA AR A 1% R 1
B T A — 280 R 3 o AR R Y A8 1) 4R A
S R 5 3R A TR AR I 15 F RRAE AT 3h 2 A
BEIE—MA R RS TR
16 2 B4 T 1) = A0 ek e T 48 5 19 4% R AR AE , 3 T HA
B 2, 3R A J FBL \AB B (945 R AR AR . 38 Xoe N
1% R 1 UG 6T R AR S 5, X o AR K AR A FRAE AR
B Xor =(x1, %5, -, xy) , Hoth N W12 2 04 %,
x, ERY, x ANEEE i MR R BIEFAE S ] 5, d N RRAE A9 4
B g as [E AR A FEiE o S, S ERY NS, >0, Y
AT R 2 e AR Y, IS, =0, S, i
R EOT B, KA

S,,zexp( e )
20°

Ko MR R A S, I8 H oS A AR U BE S
3 4 L B H X I R TT R Ho= S, HAR TG
EHH0. HEREEH MBEMRFEICH (X)W
23 (8] A B R AR i T A

N
(XAF)[:HilS/X()F ZZH,’TISU‘X] o

(1)

(2)

XA — R R R (2) T — K R — KRR
REWRE, BN — WFER G AR R BRI S —

UK, T 0 BRI AG 2E RE A A R AR  1%
FRFAE o FRAE SR A B A 01 A5 ) 2 3 22 I A A S A
FAL, R B 7 B A i R o, T (5 36 5 AR S LA 1%
RIA L EEAE WA Z S SR, EH A Xh
! 20°
X om WEFER A WA, Wd 2B A EN, ] L
XS RRAE A . REERALH
X(m F1) — HﬂS('”)X('”)c (4)

Bom=0 W, X /I N8 R R 6 3% 5 IE Xo,
LA, Ym>0m , X"ER WG ERS
FHE X o

PLAEANG 1) 28 (B B ol SR A 8] Bl 418 45
WEIR R FFIE R oL S AR R TR R
A5 R B4 /N TR R Z R 2SN BE B MY R T
KA BEE . Wil 2 s, LA Indian Pines 54k 4 v 23 1]
A7 B A bR R (35, 30) AR R (5 T 9 OE R ], Hi4x 8
AR 5 5 A %A% 3 7E B P i 2 Tl N SRR K
X 8 MG R AL 2(a) v B B AL AR I o T AR, 84
A E Y S BB B AR TR R LR RS R AE T
B8 A B L ST R MR G RE B DL B AR
S B, B J(34.48 —35)"+(30. 52 — 30)" =
||x(34,31) - x(as,so)”Zo [ B, R FH R A R AETF B 8 N0
FH LT SRR IR &5, AT 45 8 T S E K 2(b) H iy
S E A AR o I E 2(a) FE 2(h) B XS AT DL A& B, 4
I FRAE R A BAE 5 0 1 SRR R L Y AR 8T
A B AR O FE R A TR E R, RIAR A
SEAE T DA AR R0 A5 A8 R AR AR A5 3l R A T S
FME R A M FRIE RIS

(3)

306 @ 306 ®
L ]
304! 30.4
. .

30.2 30.2

P I

=300 e ] [ ] = 30.0 ® H o
[ ]
5
298| 29.8 .
* °
206! 29.6
L ]

29.4

‘344 346 348 350 352 354 356
x

294
344 346 348 350 352 364 356
x

K2 23 ) AR AE 2R 45 R o (a) JRUIR R AR 31 55 0 45 IR EQ BE 28 5 (b) 588 AR 11 55 45 B EQ B

Fig. 2 Renderings of spatial neighborhood feature aggregation. (a) European distance calculated by original features;

(b) European distance calculated by aggregation features
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Input: hyperspectral image
Output: predicted labels for unlabeled samples

Convert 3D matrix data (WX HX Bands ) to 2D matrix data
(NxBands, N=HxW);
For ¢ = 1: Bands
Normalize spectral features for each channel;
End
Construct the spatial neighborhood matrix S;
Fori=1: m+1
Use Equ. (3) to update S;
Use Equ. (4) to aggregate features;
End
Obtain aggregation features X, . and construct adjacency matrix

A using X, 5
According to Equ. (9), a two-layer graph convolution network
Equ. (10) is established;
For i = 1: epochs
Calculate the cross-entropy loss and train the parameters
(WO, Wh) according to Equ. (11);
End
When the loss of the graph convolutional network no longer
decreases, the training is completed, and the final output
X® is obtained according to Equ. (10);

Calculate the predicted labels of unlabeled samples
according to Equ. (12)
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Fig. 5 Algorithm flow of S’AF-GCN
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Table 1 Land cover category and dataset division on Indian
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eSS Uy

Pines dataset Table 3 Land cover category and dataset division on Kennedy
Class Number of samples Space Center dataset
Class name -
No. Train Test Total Class . Number of samples
- ; Class name — -

1 Corn Notill 14 1420 1434 No. Train Test Total
2 Corn Mintill 8 826 834 1 Scrub 8 753 761
3 Corn 3 231 234 2 Willow swamp 2 241 243
4 Grass Pasture 5 492 497 3 CP hammock 3 253 256
5 Grass Trees 7 740 747 4 Slash pine 3 249 252
6 Hay Windrowed S 484 489 5 Oak/Broadleaf 2 159 161
7 Soybean Notill 9 959 968 6 Hardwood 2 227 229
8 Soybean Mintill 24 2444 2468 7 Swap 1 104 105
9 Soybean Clean 6 608 614 8 Graminoid marsh 4 427 431
10 Wheat 2 210 212 9 Spartina marsh 5 515 520
11 Woods 12 1282 1294 10 Cattail marsh 4 400 404
12 Buildings Grass Trees Drives 4 376 380 11 Salt marsh 4 415 419
13 Stone Steel Towers 2 93 95 12 Mud flats 5 498 503
14 Alfalfa 2 52 54 13 Water 9 918 927
15 Grass Pasture Mowed 1 25 26 52(1%) 5159 5211
16 Oats 1 19 20
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Class Number of samples
Class name -

No. Train Test Total
1 Asphalt 66 6565 6631
2 Meadows 186 18463 18649
3 Gravel 21 2078 2099
4 Trees 31 3033 3064
5 Metal Sheets 13 1332 1345
6 Bare Soil 50 4979 5029
7 Bitumen 13 1317 1330
8 Bricks 37 3645 3682
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427(1%) 42349 42776

3) Kennedy Space Center £ 4

Kennedy Space Center (KSC) %% # 45 th AVIRIS
R A K AT . EUR R /N R 512X 614, G AL & 224 4
I B, UK R 400~2500 nm, 25 B K K X8
AR M e B B, R B 176 NI B % B 45 1+
e ARV HE 1328, 3R 38 T B 4 13428 Je
YRR 3 A R 4315 O o

4) LA

A SCEL S AE Ubuntu TAE S 158 B, T 5l b 2 %
53 Intel(R) Xeon(R) E5-2690, W A7 K/ 128G,
BB R /N 4 TB. 52 5 AR RS i A Python3. 6 Al

TensorFlowl. 52 5¢ i , f# A 1 ¥ NVIDIA Tesla K40c
12 GB GPU it # . 7£ Indian Pines, Pavia University .
Kennedy Space Center =>4 4 | 43 %Il Fifi L 1€ 4% &5
FREAR T 1Y B REAR S AE A bR iC AR A LR A
J AR ICFEAR A EMHL4E . Indian Pines 5048 4 4, A
5513.14.15 16 8 MU 1 %0 (I REAR B AN — D FEA A,
G X B R oy JOKG B T RS A, X 13~16 28 4 i 1
AER 2 NREAR A VI GRBE A B, 428 0] B R AR B 0 28K
WE M1, % ) R E N 0. 001, e Kk AR EGE BN
4000, ff FH Adam {1 A6 %5 %5 9 2% 647 LAk o

3.2 HREILE

Ry 3 E FiT B LAY Y ME BB L SAF-GCN LA 5
FuNet-C B S"GCN A IAEX] b . FuNet-C A5 51 F]
A CNN 48 UG 2 R AE R R 46 S i Rk 3+ 5319 s50H
D32 K] Y A1 425 B4, I FH G CIN R TR0 B3 0 s 4 AE o
A I 2% BT A5 R IR I PN 4 1 2 AR AR Ay 2R
S’ GCON A ] AR R TR 2 2 R BRDGISE B,
TR S ) D R O 1 R AR T E AT R AL P
KNN H L £ 10 48, 48 5 153 oo 1 s 78 25 1)
5X5 114 ¥ 6] P 5 Al Y 8 A AR AL 7 3 0 KNIN AR 7%
BEBE A 104 I 4B Ak T 55 1) 23 [a] yi BBl A, D) 7 A A B
{HAH T , 5 U208 22 6 I %o 02 A7 8 174 76 2% 3fe LA — A~ il
INPE B A DL 0, =AM BB TR 2R 25 WAE B
FOGIEE B, ¥ L GON AL Ry Rl R 177028, = A Al
F S 8] 540 % 4 TR . FuNet-C AR R S"GCN 5 Rl 1
FI ARSI AE 1% B ZiAE A T 15 3 52 56 4%

Ry 56 UE AR G R AE SR A AR AR 2 R X
S’AF-GCN B A [} 520, 47 9 fl 52 49 : GCN(OF ) B
R 5 46 5615 R AE 7 A 1, O 1 D 4 D' 33 4R AE
HEAT W8I Sk S 19 55328 s GON(AF ) 82 AL i i
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Table 4 Comparison of each method

CNN feature

Features used in

Model ) Information used ) Adjacency matrix
extraction constructing graph
FuNet-C 2DCNN Spatial and spectral information Original spectral features Inaccurate
S*GCN No Spatial and spectral information Original spectral features Inaccurate
S*AF-GCN No Spatial and spectral information Aggregation features Accurate

ik R AE AT A (B 2R A R AR DI 2R 45 01 0 2
S*AF-GCN(OF ) #5 BU i FH 58 & R AF 18 5 AH A0 58 4 i
LB 2 0 M D0 6 0% R AIE R 1T 40 25 SPAF-GCN

CAF )R 18 il ) 5453 R AiE 1 53040 B B2 4 36 B 4 J B, OF:
il 2R A R AR EAT 202 o T S 38 v 4% 7 12 9 e )
X HEANER 5 TR

5T A% vk S A KR L

Table 5 Comparison of similarities and differences of various methods in ablation experiment

Model Classify using Classify using Construct adjacency matrix ~ Construct adjacency matrix ~ Accurate adjacency
original features  aggregation features using original features using aggregation features matrix
GCN(OF) N, J ~
GCN(AF) N, N/ X
S*AF-GCN(OF) N, N N,
S’AF-GCN(AF) v v N
3.3 SLIGER # 6 Indian Pines $t#i4E I (194> J5 45 1
KT EE SPAF-GCN A B (1) A & v | 4% 5 A B Table 6 Classification results on Indian Pines dataset
#£ Indian Pines, Pavia University, Kennedy Space Class . GON GON S)AF SAF
Center L3 BEBURIE 17 T AEAERERIH BT o PO SO opyqpy) PN BN
~ 20~ e T PN - ~ -
FuNet-C,S*GCN Py 45 B JE 47 1 1 B L 8 . GCN ! S0 w10 Gl2 o sl w2 1s
DA AR AR Ay T Tl S e v B SRR AR SR 4 B T A (] - 3 89.61 98.27 39.83 47.62 51.52  60.17
S R A 5 AL 2 B T3 4 A 4 7866 7805 TR 7419 B21L TS
AR 5 71.76 92.43 85.54 87.43 89.05  99.05
6 99.38 100.00 94.42 97.11 99.79 100.00
1) Indian Pines %4} 4 7 73.30  82.50 61.94 87.17 78.83 88.22
% 6 JBIR T AN [R B AL AE Indian Pines B4 4 E (%) 8 61.46  75.16 57.90 74.02 64.57 81.18
Sy s B H op SR e RO S 4 — 6 0 B A A 9 46.88 78.13 3141 39.80 59.05 70.07
2t 10 99.52  100.00 91.90 99.05 100.00 100.00
e N 11 96.80  99.22 95.16 94.38 97.58 98.75
M3 6 ATELA th : GON(OF) 73 AR fe 22, B 12 5718 66.76 38.83 71.81 66.22 67.82
AR 25 [RF S FUJE AR 46 ' 335 e AF I 25 ) 2% 5 13 83.87 86.02 80.65 80.65 77.42 88.17
Sy 5 Z A GONCAF ) F FH 3 4 5 4 Y 25 19 25 ) 14 9231 84.62 32.69 82.69 76.92 94.23

3 OATE T 124 A 43 S UL L S ik B T 28 a) -
1 SR A REAE B R 25 [R5 B0 DX 58k oy RR AR R 17
W0 A B s B GCN(OF) 5 SPAF-GCN(OF) # e,
AR T AR AR R TR O T R A I 2 I 4% 9 o 2 (B
A S'AF-GCN(OF ) #5 B (it 405 3 40 4 2 36 T R A 45
TIE A8 8 B4, 71 st 1) 0 A R M 2 3R 15 S e, B 19 OA
e GCN(OR) T T 13 E 4 Al bl bl A7 4
TER A, M ARG FEAEAS B 25 45 50 2 1) SPAF -
GCN (AF ) £ 7 M BEfR [ IR T e i o3 8 5 L, &
BT T 4 T R S A R

FuNet-C H 7 84R 38 58 = 2 35 B W 2% 352 g 24
ST B B RRAE [R5 5 T A 1R 4R 38 A5 B ROt
T AE B IE R GON BB 19 s R (H2 B i 43 858K
WO REAR . REEHEA W51 — A R GG IS e

15 72.00  92.00 36.00 92.00 80.00  100.00
16 42.11  57.89 47.37 73.68 63.16  68.42

OA /% 74.99 84.08 63.19 75.53 76.48 85.51
AA /% 76.39 84.73 59.55 76.64 76.34 85.16

Kappa 0.7181 0.8196 0.5823 0.7226 0.7317 0.8353

TIEAG) L, g s %) 408 128 0 B AN VA, 1 3 BRI B 387 7
16 1E AN B L O8I B I A S R L R
1% By /0B R0 RE A I 2k — 4 35 B 0 2% Mk DL AR & b 45
PG F 25 MO RERRAE o Bt R4 FuNet-C R H
25 [A) G T R A R0 P AR R AR R (HE T IR
5 3] B AE B 45 8 . M SAF-GCN (AF) #5 A A1 1,
S*GCN [ 17 5 RF E B 2K A [R] B 25 58 T O 85 B =
B A5 2 B e AR OGS B A L, 0 W3 48 2 5 e
55 23 8] 70 [ P 945 28795 0 R X 4B 452 4 MR AT 1B OE
il SPGON A5 HY (14 408 2 46 B vh 1 30 <08 Jeg BR T 25 ] Jmy 388
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N . TSP AF-GCN(AF ) A2 %1 1) F B4 4 i M 1
P P b A o i, LT 405 A 3 28 0 AN Ry PR 7 5[] Ry 3 3
FEL PN, AL LG X T R R N 38 B 8 2 i R B R R Z ] 1Y
KR, EABRE M L AP PR AR R
S*GCN B A B 4y, Al 36 B T i 12 7 32 4 iF 4 BCRD 7282
FEIR A R .

& 6 R T A A AL Indian Pines 8R4 95
RESL H £ 6(a) o~ Indian Pines B4 48 1) 18 % 4 &
1%, I 6(b) >~ Indian Pines #5509 H AR & K . 4
He 45 Jul DL W Hb 7 H - FuNet-C A& &1 K 2% ] CNN #2
BURFAE , IR DR 5 6 i R A A4 1B, 76 196 A I ZRpe A
TR REAR U o L BURRAE | HLAA 15 A4 48 12 4 B R e, 43
HRCRABRAE 1K 6(c) JB /R 45 J rh A8 KT AR A 55 3 X
3 ; SSGON B 7843 2% 18 T 25 Al {5 BUAGis 5 B (2

F£60% F2H/2023F 1 B/BAEXBFFHE

R0 12 0 B AT A P DR R ' 1 R AR T AT B A R AR
AUE, R 450 R AN HERf , ELAR I R 0 D615 R A DI 25 R 25
IR RANAG PR TE 2SS AN 6(d) T s K% &
23 [ JERD R R TR b e i R i A8 B IR I 4% 1) GCN
(OF ) Bl 7y 22 e d 25, WL 6(e) IT LR £ A AN [
N B X AT 43 IR AR 18] 6 () i GCN(AF)
BERL (R FH R A FRAE I 25 W 2% 18] 6 (g) B9 SPAF-GCN
(OF ) B AL F SR G5 FR A BT, 3145 1 HEGf iy 4B H2 40 B
S 25 B TR 4 E B 4[R]G5S A v X X A
FRAE SEAT S0, 15 BRI SRR IE R |, e 2R
B REAE BB 25 I 2 sl R FH 3R G e AF 44 T8 3R A5 o 1 1Y)
LB HZHE B H AT DL B B8 Ao S 5 A BR Al 2R & E
TEF4 L, SUAH 3R A RRAE I 25 M 2% 19 SPAF-GCN(AF)
BERARAS T Je i3 25 588, an &l 6 (h) iR o

(d) T

—

9 10111- 12 13 14 156 16

K6 Indian Pines Z(¥s 4 B 12845 0 () B Z A (D) ARZEE 5 (¢)FuNet-C; (d)S*’GCN; (e ) GCN(OF) 5 () GCN(AF)
(g)S’AF-GCN(OF); (h)S*AF-GCN(AF)
Fig. 6 Classification results on Indian Pines dataset. (a) False color; (b) ground truth; (c) FuNet-C; (d) S°GCN; (e) GCN(OF); (f) GCN
(AF); (g) S’AF-GCN(OF); (h) S’AF-GCN(AF)

2) Pavia University %4 4

4 7JRR T A RMERTE Pavia University 84 4 -
(73 AL B — 2P I I 4 2R 45 R IR B AR T
MF 7R LAt : GCN(OF ) #l FuNet-C 43 2 43 JE 301

oA 2 1 B A B f GCN(OF ) \GCN(AF) \S*AF-

GCN(OF) .S’ AF-GCN(AF ) PO/~ 14 fih 55 S48 X 1,
[F) A% AT LAIE B 25 1] - 3 2R A RRAE 19 A 200k DL SR
RO EE R B A %M . 5 Indian Pines B4 4 40 11,
AS 5] 455 #0 7E Pavia University 204 5 b 43 28 45 1 3%
i BAF X 2 Ol Pavia University 2086 48 28 i) 50
A>T H B — S A AR iC R AR B L A 38 A

E 7R T AR BEAIYE Pavia University 5045 4 [
W s 3 o E 7 (a) M IRE A EHER L 7(b) ok &
TARZEE . NIE 7RI LAE B 7 () R 7 Ce) BT R Y
FuNet-C & 5 il GCN(OF ) B 8 43 J5 s g 2, 7 A
] Rf S D RE A S5 R CNIN 2 BRURE AE S o B il R
LR E TS FR AR AL ] BT A5 SR 0 M R e . T B S G
B, 5 S’ GCN A F , SPAF-GCN(AF ) {8 FH 25 6] -t 1%
B R AE B AE R IR B AE BEAT S 1, 8 T R A AR A
T B4 40 H B O AE R, T H SPAF-GCN(AF) A T
R AR AR 2R M 2% JF 73 25, 5 Indian Pines 4 45 4 #H
Ho, FEREAR S E Z LT, SPAF-GCN(AF) 19 11 #
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K7 Pavia University ¥4l 5 I i 43 e 25 %
(

#7 Pavia University ZU4lE 45 T 19432545 1

g

F£60% F2H/2023F 1 A/HSBFREHERE

/ » ”

4 5 6 7 8 0

) EE (D) FRZK ; (¢) FuNet-C;(d) S'GCN;(e) GCN(OF);(f) GCN(AF);

) S’AF-GCN(OF);(h) S’AF-GCN(AF)
Fig. 7 Classification results on Pavia University dataset. (a) False color; (b) ground truth; (c) FuNet-C; (d) S’GCN; (e) GCN(OF);
(f) GCN(AF); (g) S’AF-GCN(OF); (h) S’AF-GCN(AF)

Table 7 Classification results on Pavia University dataset

Class FuNet-C SIGCN GCN  GCN S’AF- S’AF-
(OF) (AF) GCN(OF) GCN(AF)

1 85.73 95.55 88.35 91.32 91.93 94.58

2 99.20 98.26 95.79 95.72 98. 60 99.13

3 77.53  79.40 68.62 62.03 77.53 82.24

4 57.73 86.55 90.74 92.35 89. 85 89.99

5) 99.47 100.00 95.35 99.40 99. 55 100. 00

6 75.34  89.54 74.11 89.27 90.72 98.77

7 96.13 56.42 61.73 88.84 92. 10 99. 92

8 85.27 91.85 82.36 97.31 95.58 98. 86

9 99.89 100.00 99.15 100.00 100.00 100. 00
OA /% 89.00 93.29 88.24 92.52 94.58 96. 95
AA /% 86.25 88.62 84.02 90.69 92.87 95.43
Kappa 0.8511 0.9103 0.8429 0.9009  0.9278 0. 9561

SN, X — e Fd AT L AL 7(d) AR 7 Ch) #9535 L

B2 F

3) Kennedy Space Center £} £

% 8 JER T A TR B AL AE Kennedy Space Center 5
Pt B RE R, B T IUIGAEAR A D FuNet-C
I S*GCON LA [ 2 51 - 79 73 KG BE 22 S B8O, e 4
295 45 1126 56 1325, FuNet-C I S'GON #4324
FAILAGA 10096 (HZESE 428 55 625 3B 725 P TR
fiX. S’AF-GCN(AF) B RITE £ A 201 B RS IUAS T 4%
iR I R B A5 R LRI A, GO R O A ROl 3 5
B E A HXT DXCBN B R R SR AT TR L 2R R 2
(] %) 458 A0 S m A R ol A5 78 DI R A B2 LA ] 2 5]
IR FEAS B 22 S R W 00 AT LAAR A5 85 A 1 43
KRR X — AT =D EEE R TR
U1

[l 8 R7n T A A 85 B #F Kennedy Space Center %
etk B e g R, Kb [# 8 (a) MR KR,
K 8(b)h HL bR 2 Bl . MIE 87 LLF i, Kennedy
Space Center £ 4l £ FI& LU K, 35 5% i 4l 1 48 K

4

g o HA AR S B R EE NI 8 () ATTE 8(d) AT LI
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).
| -(gj -(h)

Class No.
Il W= Il .
1 2 3 4 5 6 7 8 9 10 11 12 13

18 Kennedy Space Center #4551 19 43 28 4520 (a) IR A& 5 (D) AR &8 5 (¢) FuNet-C; (d) S'GCN;(e) GCN(OF) ; (f) GCN
(AF);(g) S’AF-GCN(OF);(h) S’AF-GCN(AF)
Fig. 8 Classification results on Kennedy Space Center dataset. (a) False color; (b) ground truth; (¢) FuNet-C; (d) S"GCN;
(e) GCN(OF); (f) GCN(AF); (g) S’AF-GCN(OF); (h) S’AF-GCN(AF)

# 8 Kennedy Space Center £ 5 I () 4 2 25
Table 8 Classification results on Kennedy Space Center dataset

Class , GCN  GCN  S°AF-GCN S’AF-GCN
FuNet-C S'TGCN
No. (OF) (AF) (OF) (AF)
1 98.41 100.00 92.96 96.95 95.22 98.94
2 100. 00 100.00 87.97 94.19 98.76 98. 34
3 45.06 100.00 82.21 90.91 70. 36 100. 00
4 6.83 59.84 17.27 58.63 64. 26 72. 69
5 90.57 100.00 61.01 62.26 92.45 97.48
6 22.47  62.56 50.66 59.03 64.32 92.95
7 40.38 69.23 37.50 46.15 40. 38 76.92
8 83.84 100.00 88.52 91.57 94.38 100. 00
9 83.69 83.69 84.85 83.11 89.90 83.69
10 96.50 94.00 71.00 93.75 80. 25 94.00
11 100. 00 100.00 80.24 87.47 87.23 97.11
12 96.50 96.39 94.58 95.78 95.38 96. 39
13 100.00 100.00 99.78 99.46  100.00 100. 00
OA /% 84.09 93.35 82.05 88.41 88. 58 94. 92
AA /% 7416 89.67 72.97 81.48 82.53 92. 96

Kappa 0.8228 0.9259 0.7999 0.8707  0.8727 0. 9435

B A 62K B TR KBORAAF, FuNet-C
BN S’ GON B BYAE AN [F] 2 Bl AEAS B 1Y 73 280G BE 22
SR, EE A RGOSR IE I 2R & 5 R . &
G GO U B 22, R T 5L 46 o6 35 45 Ak U1 25 09 4% it
1o KGR T Z B R PRS2 . SPAF-GCN #27
it FH 2 18] D' 3% 2R G 45 AR AR B ) T 0 DG 35 R A AT T
P T 28 2 TR R AR 25 S N S R A T[]
R //INCIE//E SN e SN NE 5 ) S ey ;- S IR
INT RS AN o G 2= 5

4) i& A7 I [H]

#9578 T FuNet-C .S"GCN  S’AF-GCN £ £ 43
7 #£ Indian Pines. Pavia University . Kennedy Space
Center 48 5 b i3z 47 I 0] (YN 2k 5 W [R] 25 2647, i3
A7 IS 1) 6, 455 I Ze B[] 0000 5 s 1] ) o AN [m] A 28U E AN [
1 s 5 iz AT, s 17 24 epoch T AR B 1Y 48 2k
AT B B ASE IE B AT R I 833 47 i ] A Sy A5
P G T B 3 S v R S O B 1 I
RnF IR INFE 9T LIFE H : Pavia University 2
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%9 FuNet-C.S*GCN.S*AF-GCN ## 7E = N4 B iy
iz 7 A
Table 9 Running time of FuNet-C, S°"GCN, S’AF-GCN

models on three datasets unit: s
Dataset FuNet-C  S°GCN  S’AF-GCN
Indian Pines 420 117 182
Pavia University 963 133 240
Kennedy Space Center 280 40 56

SRR 2, = A BORN TR I B B T R 32 1T ) 2y
 fx K, Indian Pines % 4% 4 X Z , Kennedy Space
Center 8U ¥ 4 s 170 0] fc 8 . 8 =g 45 I,
FuNet-C 85 %1 J] i fe K, PR i B 8 75 22 () 15 9 2k
GCN I CNN, R 2l S E LK £ ; S’AF-GCN £
TS OIS R A R B, Mos 17 i ) S"GCON
K H GG R 43 2R BOR ok F  SPAF-GCN 1 i
iz A7 B[] 2 (B AT 1 .
3.4 HMEASHRINGEAKNEZESH

S*AF-GCN #5214 25 [i] 56 15 3R A R IR B oy
GON ML T 01 4h A9 71 s BB P2 1 00 4 44 &1 1) v
B R, B o A L AT R TR 2 1 GONVRRAIE 32 iU R 22

#10

T2 B3 2o 7 ) A A SRS UK e, R R R DX B R
ESEAT V3 AR R B WEGE R A 5 RGO F | A
F TR K 5y . GON R IR & 5 0 B i, il ]
KINN B335 2 85 KA 1T &AL 3 &R e S B, KU 148
F 0 b B AN T AR AR SR AR, Y KA R, S8R i
A5 T 5 T AT BB IE AR [A) — 28 o i 40 4 R I 1%
N B 22 W 2% B i s BRI 28 4551 o e Ah, 3.3
[ 52 56 45 R 38 0 100 N ERAEA T Fr i3 45 21,y 5843 31
bR R PE RE , X AN ] LU 40 I 2 AR AT 1 23 2 25 R A7
TSI AT

1) & W H

RA0RR T AR RE R T , SSAF-GCN Xt
Indian Pines. Pavia University . Kennedy Space Center
SABIEE RS R . R G WHECN S, SPAF-
GCN *f Indian Pines %5 45 5 19 73 28 45 F 3k 2 fe AL ; 78
REWECH 108, SPAF-GCN X Pavia University £
e 1) o 45 R Gk B B AL 5 6 R 5 B 8 I, SPAF-
GCN % Kennedy Space Center 5 5 (1) 73 2 25 S 15 3]
it MRS UWHBE D AR R B2 G BB 2
BRI, 524 55 RO 2o B fIe 56 8o a1 o B
Z 77, OA AA Kappa = M EM 8 bR AR 2 T 1

ARIBEA BT, SPAF-GCN XA [ B4 48 1 43 25 25

Table 10 Classification results of S?AF-GCN on different datasets under different aggregation times

Indian Pines

Pavia University

Kennedy Space Center

il OA /% AN /% Kappa OA /% AA /% Kappa OA /% AA /% Kappa
2 77.52 80. 36 0.7451 93.98 92. 34 0. 9200 90. 83 85. 29 0.8978
4 81.56 82.24 0.7912 95. 89 94.57 0.9455 92.61 87.54 0.9177
6 84.81 84.01 0. 8276 96. 42 95.52 0.9526 93.47 89.09 0.9272
8 85.51 85.16 0. 8353 96. 65 95.43 0.9561 94.92 92.96 0.9435
10 85.05 85.19 0.8304 96. 69 95.94 0.9595 92.44 87.65 0.9157
12 83.74 85. 14 0. 8156 95. 96 93.41 0.9462 93. 14 89.12 0.9236

2) Kir4B%x

B9 o T AR B K % = > B 42 iR ks ¥
(OA) Y2 . INIE 9 R LLE Y, 24 K=51}, B3R

e, 2 KOG R S AOR BE BN L ), (H B AR
EET WG TWE KA T BT M bR
f14 408 Ja A B, I B R R P 3R R AR A 1A, B AE A

86.0 97.5 95.5
(a) (b) (c)
96.95
] 95.0 £94.92
85.59.85.51 008 — _ o96.89 P ——e04388
#8532
_ \ 96.5 4.5
£850 85.06 e pS pS
3 . 960 \ Co40
845 95.59 93,61
95.5 \ 093.5 93.60 =
84.0 95.0 95.06 93.0
10 15 20 5 10 15 20 5 10 15 20
K K K
B9 AR KX AS [l Bl s 45 B AORS B2 (952 . (a) Indian Pines; (b) Pavia University; (¢) Kennedy Space Center
Fig. 9 Influence of nearest neighbor number K on the overall accuracy on different datasets. (a) Indian Pines; (b) Pavia University;

(c) Kennedy Space Center
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Tk o 0 AR R I B A [R] 2N S 22 TR Y O
$E o 4 KB 38 R, @ 422 0 I v B AL B iy 4B
JEAN B 2 B X AR JE 1 AT g ST SRR R —
J5 B A0 B B R N TR B 28 X 4 2 52 ) Gy e A
M K=50F, 1 S R E T S EOR R H X
LB JE T AR AR AR AL R BN E BRI R, S
SO — KT REMETE R BT DL R85 R il . 1419
B S 06 248 TR AR IE B T v A A AR 4 S B T e 28
) M

3) AS[a] LA A I 2 A

10 &8 T FuNet-C .S"GCN S’AF-GCN =/
RITE = AN B A e 5 0. 5% (A — 2845 L 7l pE £
FEAS A R B N R — A I I — A, HoAh 2

AEL WD RE AR BBOR R AR R 0.5%0) (1% .
2% 3% 5% 7% 10 %% Il SRk A 15 B Y RO E
NIRRT, Bl DI ZRAEAS LA g 35 T, = A B A =
DB LR R E A X SRR —
. SAF-GCONBLRUTE £ A YN RREA LB T ¥ 08T
FuNet-C i  Fl SSGCN BL & | 75 D FEA 1 551 F
S*AF-GCN HL#1 f4 f S5 8 hn B &, 7T WL SPAF-GCN £
BRI R fE A7 T RRE R AP0 T IR 280 05 22 (B R RRAE
Pl /N TORRAIE ) ) 25 5 BIVEE AE D RS B 0T L BE AR
AR Y 43 28 H |, i 7E Pavia University 50 4 1, )
FHO.5% B ZRBEA 1T 15 96. 09 % B9 B AR B . X %
BT T4 45 0] - 1 3R R AE A e 0 A 20k 1 LA R ) FE R
A RIS P I R 4 1 A R

100

100 100

98.13 __H9.61e 99.1 ot 99.72]
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B 10 ATl R e AS ] B )1 2B R R /9 S8 4K % . (a) Indian Pines; (b) Pavia University; (¢) Kennedy Space Center
Fig. 10  OA of different models under different proportions of training samples. (a) Indian Pines; (b) Pavia University;
(c) Kennedy Space Center
A ot ‘i/\ TOpl.CS in Applied Earth Observations and Remote
A t Sensing, 2015, 8(5): 2177-2187.
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