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Wicke B8 2021-04-25; &I HBI: 2021-07-07; #:5%2 H #1: 2021-08-16; P44 Hi R H #A: 2022-10-10

Hx R RS (S U1701267, 62006177, 61871310, 61902298, 61573267, 61906150). H[E 11 f5F3E4 (HitHES:
2019M663641, 2017M613081) Al g g T AR L 45 9% - Tt 4 (ke 5 XJS201903, XJS201901, JBF201905) ¥ B

E A A RILE F L (polarimetric synthetic aperture radar, PolSAR) F % ff i F #F1E
REAREGET KE W E A, #4T T RANHR, BET —HETHAHESER ML B PolSAR #
GaRTE EFERTTE, AXEH T RUKA RGN —ELATX; R, F8EREAOEE
fREEWEARXR, SEERER, BB T — WIS NG N E L TEER, k2B E B
M, &Ko, WX RE T AEERNELE 6, £ H T PolSAR ER 4 RKWH 7 &, ANTTE
mERK . EEERT RS RES. ERERKNA, £ 5 182 JTH PolSAR K& £ (PolSF ##E %), A X
REEEEARIFH DKM

KEEIA #A, RAEROR, EERME, % SAR ER&, ok

1 351§

AR, [ R0 OB B AR BT T RIUR R, JEAE S AT S AF 3] T R A SR E 5K
i R AN H AR, RO ROR B KRR, 5577 SEI LIRS &R 1 = B ER T 5 50 A6 7 0 (5 B K e,
B E R E U & =5 DEEREEBI LS 1 m 1) C MBE WM E AL EX
PR, R RIRTHE de——R “FikE”, 5 @ KR HAR U0 SRk TR AL,
K IRE R AR . ARG AR RE 7T, ok B RBUERIR . WS EUE I 2 2=, # 0] LABE T H
%. HAG, 4k SAR (synthetic aperture radar) EA4N. (TE¥) 028 IR SEAEDI VAL ) « W2
(R AKRARIZ )« ol (BRI 23 2B mfli T ) o S (i Rr o R MEVEAL ) FIZE R
(FEROASIN . H FR IR/ 53 28) SG0UA &2 IR B9l

IR XE, 2R, X5, 25 ETHUN BB K PolSAR fA& /3. thE Al 5 B8R, 2022, 52: 1900-1914, doi:
10.1360/SSI-2021-0126
Liu X, Li L L, Liu F, et al. Scattering graph convolutional network-based PolSAR image classification (in Chinese).
Sci Sin Inform, 2022, 52: 1900-1914, doi: 10.1360/SSI-2021-0126
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et SAR & —Ff LB sUBLBE BRAR T ik, RIS R AR« oW I A A2 S e s BLAY
HUBLAR ST A 2., ORI B AR BOR. b I A/ L B KRR, RS54
FFPAGUK; RIS REN o B b, ATTERIIAL T2 T 5 H xSRI Glos R A B BT ARJR, fg
FRALR] WL AR RAZ LASIR A7 S (10~13],

etk SAR 7 LibiE 20 AL, AR SRAUEM G 2 e, MRS B R B R E A — 3, B
EMNFERAL SAR BRI A H A TR LR JT 1. 502 E B AR, ik SAR EGEME
P LE R R 2, A Bt 1 G At 55 A7 3 R IS e R 5 AR it 5 i 5 3K
FSAG PR D 5 M 7 45 33K A 38 O T M PO (P . AR DRI i R, R 2 WAL SAR. R Hodl gt 16
Sk BRI (A (14151,

WREESE 2T BT HaB K22 2 Be 70, LRFEB R &M 2 R I R PIHE, /8BRS R I
H 7 H R RE O] r R R BE 2 ) IR AR Dbl At SAR B 7 S )t N 1 — M T AL
Zhou 55 71 FEH T — M T IR BB Z M AL SAR B IXKT5E. SIER AR TR R %
KM Z AL SAR Bdls )7 — AL 6 4ESTRFIER B, XA 4 Z BN, 135170880, Gao 55 18] 42
H T — PP X0 SR EB R M AL SAR BUR 7y K071, 125 IR SIAE A TR 4
B2 2% b, KX A7) SRR B AR IE o e R Aok, 2R, FIA Softmax 73 AR AT IX
SERMIEBEAT 4028, Chen 55 191 S T — P I T MRACRHE IR B0 1O TR BE G AR 42 I R Al AL SAR 1
B R L, A% 0 RE AR 45 6 H A SR LB AR A AR A2 0 ) % SR, M e e 3 Py 2 i g e AN
A HE AN BRI AR AL 5 ALK SR B BT Hh Y DLMOR A BhiR BB AR 45l 2573 28 4%, S e 2%
173 AERE. Jiao 55 (200 AVRFEHERR B S i 0 4 ik, 45 Al SAR e i) Wishart 7041, 2 1
— AL SAR BRI RMIHTIT %, ZINE B R IR, DU SRS Wishart BEE, A5 A FRZ
W2, $Ei Wishart 4%, K HAMIHES, TERIERZ Wishart M%5. Zhang 55 21 @1 7 — M S {H 5
Mz L%, TR SAR BB RIESS. BERMEMERRNZ . Wiz BRZE . BiEE
B R Z 5oy R B R B0, Mok, X Ls I 25, HES T 36 T BENUBARE ™ B (0 5 2% I ) 45 1% 4
. Bi & 2RI T R T SRR ST IORAL SAR B80T, BAERIH 3235 21 AR
SR U ZRIF B AR LR I 28, T P BE A AOREAS SE i FAE 55, B Ja R /R R (Markov) BEHL
SKIESREE R P LR. Lin 5 250 481 7 — A TGRS RN SAR BIG2KT7i%, s 7 —
T B R om T i, IR HION it JFEs & 2GRS, SCBL T 72 R, IATLUE ), Rk
& SAR EEHUN LB I, — B & T8 N AT R 8, BF 7038 410 =R U Re I, 04T TR
I TR

BB AR 22 0 25 1) HH B SR 2 B O AR A3t 1O ) S8, IR IR L T3 22 AR L A 4 4 2k
T (37 5 A7 G RPN 44 1 1r) )2 A R LA S5 A4 B8, ASid P AR RO L R AR S5 R ) Bcdls,
BRI T LU ENZ — 3. 18] (graph) & —FEa i, BT DT TR 4 L EE R %S &
T4 8E. BT R M2 T ANMA, JAFRORAIMEZ IR IE R R 2 LA SRS Bl
AT B B U0 A5 0 5 2 P 81 PRl S R s, DR b Pl A AR 22 o 245 ) S B g3 486 [t 1 e o SR 3L T
W, B BRI R4S, B Joan Bruna T 2014 SRR 291, 435 A TR BE SRR A £ FE A
ERRL. BB LS, B Kpif 5T 2017 442 29, & 918l (graph) 45450 AL BER AL T — A
BB R, SRR A 21 bl T BB BB AR 22 P 2 52 2 B0 L. G RR 25 R B ARph 4
PIZE AL B PR IS S A0 78, 534k, EIGARMZ M 28 ydtiiR B _EAS AT 2 TRl A A FE SR R R L 17—
T 259

BRI, V3 B P 2% A R TR PR AR R 0 SRR S5 T S T AR 45 R 28~36) Wan 48 8] S0 T
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Scattering * Grash
rap.

adjacency matrix

* Polarization graph representation

1 1
1 1
1 1
1 1
H characteristics and H
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scattering matrix =~ bec--m----m--f-----------
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" Data representation raph convolutio:
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1

1

]

1

1

1

1

1 >

! ld network [ Result
1

1

1

and feature extraction

1 HESEERMERRL SAR B HEIEL

Figure 1 PolSAR image classification framework based on the scatter graph convolutional network

—ANETIN B SO FI A S GRS TR0tk & 2K 8 TERBUK IR ) BN SO R, b TiE
57 SGER B XA 73 BO AR B H R PR WA, 3t — 2D g X 2 RV B R SO &, Mo AT LI L
S B R SR AR I 12— 42 A ) X RO PSR, Cheng 55 B4 S T — MR TG K A0 -G AN
2% 1) PoISAR 573287515 (MSSP-GCN). 7 kKRB R AR A BT i, 78 70 A R 2 i sk
PRI 1 AR AR 2 I A5 B TS SAR, AT R R AE R RUE PolSAR R 7y 2Krb. I & A I
B P28 it PR AR 3R 0000 SRAT 55 1 S B0 7 S8 A R A3 59 RURFAE A R 25415 R

gk b, ISR BT R A RIS AL SAR BB 73 P K SCHE R, 5 e AL SAR R K 1)
FUARHICH B, A ST 7 5] B ST R B R AR B 1, SRR AL SAR R I» RINHT 1.

AR IR M ANET, 1 ERIELLT:

o SR T ML THUN BB R AL SAR EHR 2 RITi%;

o R T — MET U AL ) BRI SRR AL U L

o KRR VE AR S BB AR 28 45 6, RBEAT 25 S

o TEHHEAE PolSF _EIGIE 1 SHVE A R

2 HHEERNE

AR FITEUS BB 4 (scattering graph convolutional network, SGCN) FLyEBEARHELL I 1
s, Bgetkth SAR B0 BAES, I etk SAR Bl RIR SRAESEEC . Bt 5 B R R <A
G L 7 AR X 3 7 T 4.

2.1 Rt SAR BUEFR R E4FAERE

etk SAR BRI AR A —Rh 3 77 3K, I8 S WL, e DU IR I IRl A5 5,
SERUSAR LR, MR AR AR AR, A SAR JE I R S AR AR 2K, SREUKP () FIE E
(V) X PSS AR AL FRLREDR, SRA R F AR B e SRS, BHAROU T, Btk SAR (RN R E A
R LR AT LA ¥ B T AN LR ), fe & T LS 2 4 AMRAZ RIS (HH, HV, VH, VV). Hrf,
HH 7R K RS AR, VIV 3RoR T U AR BRI, HY FRonK-F A A B, VH FoR
3 B MK R

XFFRAE SAR BG& P EEMER AIER, WTEUR RS> 2 x 2 IEHOEFE A, AR
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PR NACRINFERE S, U07F Fros:

Sva Svv

[SHH SHV]
S = : (1)

B, X A — AR, AL a ~ h TRAEAAL BURE RS S, & e RIRAE B W R
SHH =a-+ bi,
Suv = ¢+ di,
Svua = e+ fi,
Svv =g+ hi,
Hod i FoREREAIT, Suu, Suv, Svi, Svv 2o AE K EHAE 5.
ASCHIRFAE SR T 15 e T AL B gm i 23], 4R B
B atbictdil) |0 0 ilel |d| )
= e+ figthil] 000 h "

Suu Suv
p(S) =9
Svu Svv |
Iflilgl O

X T B2 R U, BEAS T RO IE 75 ZE A — A — eI, T TR MR R A, BRATRI AL R
SO R AT e — A 4 x 4 BORERE, HARMUARE R AL — 5. [, A3 (3) ATEAE H, Ak
HUR SiBS o —2FHIT RN 07, BB RIUR M 0" TR BEATHIALEE, W7 £ 1 5 o7 L Hh DA (24 (1 5
Ol FrOABATE RS 51, 152 16 4ER A&, 0k o

~ - a+bi c+di
LP(S) :<p = [a’b707070707|C|7|d|7€70703h707‘f|’|g|70]7 (4)
e+ fi g+ hi

bi0 0

o 2

[e=2ENeY

AheR 00 FIRAM, AT RE A (B B A e AR AR
2.2 HMEMHFMENEZEESRT

et SAR Hudhs HOHC R R 18 R RS HE 2 HOME 5 R AN TR SR AR A SO [ A [ i S [
ST MBLE. ARAEA R A, HUSBLS R N BB BN AU 5. b, BORARAF
T AR EDWHB AR ] 1 S IR LR, PRI R S B A ik L, Ao ELRR U Iml 5. K 2 4
LR 280 IR S 2 S 0 TR R BT TR AP RR LR I B S s EE AR L. 265 3 P AR 2
)7 1 B A BB 7 B R 4R, 5 An R R A7 X3, SXRP A7) vl LA AR BEU R, FLAI
RSN B AR 220t 22 R, R 0 e B AR AR e ke TR A FR i

X RIERYL, RAHE TR ORI, IXASE R, SR BARRIREE S, XEE S Has
Z TR AR B 11 BN, AR LEB . AR 0t 2% P AS [ B RS (A EAT i, 2 — BRIk

ARG W28 RAGIA AL SAR a5 2% (ORISR 5 1. 45 22 PSS A2 14 [ 3 28 I A 4] o) 2% v
(R R R A Atk HEAT ML 1 2 25t 7RI B A kAl AL SAR BB B %o 5 70 R M Bh L,
K 2(a) FIH T AL SAR AR B — R, BRI SAR BG K ks 3 UE & RO LA 43 18
(RIS B, (R AR RIS S 2R R P EEE 2B, 1B 2(b) R T B 45 f)
AEZ T, WXL 2(a) AT (b) LK, ATLUE H, B 2(a) T REUNE 270 2(b)
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1 1.0 0 1 0

1 01 0 0 0

a e 01 01 00
00 1 0 1 1

“ 1 001 00
00 01 00

2 (MERFE) (a) HHHFES (b) BRI 3 (MEMEE) (a) BTHEXRS (b) WBIRIEMR
RE Figure 3 (Color online) (a) Pixel relation and (b) adja-

Figure 2 (Color online) Comparison between (a) the scat- ~ CeRCY Mmatrix

tering characteristics and (b) graph network

v

(@) ®)
4 (MERFE) GEBGFEERE

Figure 4 (Color online) Scattering characteristic modeling. (a) Single point scattering; (b) single point pixel relationship

T L] AR IE R A AR AR L. 2R A, WM DRE PR AT &5 B R AR SO T S, XA
S5 RAE T AR R MR G, R XA A AT HE.

EEMZE T, BIE XN G = (V,E), V R, E il A1 Zm v A E, S
TRV IRRIE X FHEIGEH (AEERE A). X € RVNXC) N RIRFEAANL, O FoRFHIER 4E 5 s i@iE
. AeRVN FoR N M RZERRAR B3 Gl 7w, B 3(a) Ron—1MEA 6 TWAME
GER, VR L BR T AN R 2 A0 5 AHESRSN, BN E OAER, XKV A, B 3(b) Roan 5K 3(a)
XF LR R, FT LA, 6 DT R B> 6 x 6 FIRERE, RoR T s (A B RO &, A ERE
RN NALE RN 1, RZN 0.

bR EIUR RV B AR DA AR TR R A RORgIE b B A Oy s R0 B 4B T mUok &R B 4 45
T MEER BB A B, B, ARMUUAT S R, I 4(a) FRRTBUE Y, OB R AR
RELCERALI . TEFP R, XWAFEHUNLEL. 55—, US4 s, anlEl 4(b) s, BAE i) g
RTINS B, BRI R R & BRI AR5 s 5, W AR £ AR IRAE
WX R, k RS F£K 4(b) 1, BL 5 x5 FEIGEOAH], 3% 25 MEER S, i — OB E0m 24
SBIAE S, XAE AT AR — > 25 x 25 BORRIRIERE A, F il Ay i g 7y 5

A j = exp(—||lz; — ;][ /5), (5)
b 2y, 2 FoRX A E G R EE R, 0 R RIEBER TS, UhogENSE, 4
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NxW | N<I XM, | N<I <M, <M, DM e
| |
> oee > > >
H: Node feature L - Softmax
NxN
& HEV=o(AHW
W: Adjacency matrix
Input Graph convolution Fully connected

5 (FUERIRE) BB

Figure 5 (Color online) Graph convolutional network

R 1 ERNRESR 1, 25 2 22 1/2, 8 3 252 1/3, DAURHE, 55 n 202 1/n. BEATFEAE FEXT N )
FIMGHFIE R — 5 x 5 x 16 [NEIUGHR, nI# 25 x 16 [HIA.

2.3 EIERWE

FERMGALE T, SRREIMS R B, BOY BRI U, B3R AP0 A B A B
KA. IRMAET R KB S Ea b, WA R, 1f S ERALE S &, Wl LB E R 177 K
TR, EBFIMEE (graph convolutional network, GCN) HI4% -y JEAEE R FH i 1945 B s Bk
A7 R A T AR BT BT s 3. R AR B 45 b BEATHE S AN A i 77 UK 5 Bl feh e X 2% [ 4 22 194
25 T B UL HME SR, AT AR AR AR I SRR AN A JEORE AT RURFAEREAT SR, MR P Kt gk
AT R AR, TS 261 ZE R b, AMERT DAL BEEERR )L BEAR A% B A HHs, 75 nT AbBERR L
1573 [ Eetls, ISR T SRk, AT AT ks AE T =3 1] P4 S m] U ST 4R $h OGHK.

KT B ERERERE, EEME PSR, FIHHE R (Laplace) 223, & HIH (Fourier) 42
B TR @ B — B g AT 3 IR, A3 2] B g G AU A, ST 3 X A
i HRE. T B R 2 R RGP 4, 245 AR RN AT BAR R Y

HY = o(D~2 AD™: H'W'), (6)

He gD ¢ RN*D RIRHE 1+ 1 Z0FE, N 2R, D ZEE4EE. HO RRE 1 21045
k. W HO = X RN, o 2BeEREL, @5 7] LURA ReLU, Sigmoid 5. W 25 [ JZ1]
SMME. D AD 2 FoREFRA IO B O R KR AR, BHE KRR A = D 2AD 3,
A=A+ Iy, Iy FoRBAIERE. D REHRE, b Dy = 32, Ay, FoREAT TR A E R0 /A 7oK
(AL E b BRI R A & — AR HOERE. BT LMERE IR (6) FTLATRI S Ay

H = g (AH'WY). (7)

T PA— AN E SRR 4 R R BRI AT A, B ERNE . FGRZE . SEEA— Mt 2,
gitganiE 5 pis, RIEXWF:

Z = f(X, A) = softmax(AReLU(AReLU(AH W)W 1) W?), (8)
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Horpwo, wt A w2 ZAEKIRES L, HY = X, B EL ReLU(z) = max(0, z) 73844

1
softmax(x;) = Eexp(xi)7

9
Z= Zexp(:z:i). ©
9 5% 14 451 2 BRI BBOR FH A2 SRR, 7 LT
F
L=->"> Y. InZ,y, (10)

neYr f=1

Hrp yp EARCHIREAR. P ARRRJFRIEEEIEL, 50 R0OSMBREE 80 n M f 233K
AEARRGIAEIER S|, f)a, v DB e M SRR R I 2% 2 5, BN 48R T BEHLBG
DAL SFERBEAT IAC AN R A

2.4 ETHSIEIETRMEH PolSAR El§7%

etk SAR B 7 KR — TR R BN 70 RAL ST, S Haad SR W A o B& e — MR R R
B

FNR, 4 AT HUS GBI AL SAR & TR, WHVE 1. 708 8 B EE: (1) Xt
JEUUR BAR AL BSOR FE FE EAT DAL BIUH 2, £581) S;, X — PR R I R HBOE MRk AT 75 8iuie, 1R
B AT (2) AL AR R 2 — A R SC RO, R H R s — 4E RO AR R X, SR A2 B
NG R, MENT SR (3) 25 RS EE MR Rk, BT IO A, WIS SR IRIE R A; (4) 4%
RN =, B RAE SAR BIGEE, el —4ERAE A &, (R 75 2 AT EIERE, LRIy B R R 4
FIsAN; (5) i FEARIM 2% 45 B 85— 2 % HH IARAE, 12N Softmax 7» RARHEAT 7K, (6) WE
& BEIERMSH SRIEEESE, RABENLGEE T R 4 AT AL (7) MIZRIIZRTERL, TR
FREARSAL (8) M INZRIF IS KL, AR EISIESLIRRITERE, far 70 8458

Algorithm 1 Scatter graph convolutional network

Input: Polarimetric SAR image.
Output: Classification results.
1: Encodes the polarization scattering matrix to obtain Sy;
: Unidimensional processing Sy gets X, as a node feature;
: The scattering characteristics of the node are modeled to obtain the adjacency matrix A;
Input X and A into the graph convolutional network;
: Inputs the last layer of features into the Softmax classifier;
: Updated 4 and 5 by the random gradient descent method;

: Meets the stop conditions and the training is completed;

: Output classification results.

3 SEWERRDR

AT T B UE P BT SR AOERE, 20N 4 DE AT A, BRESREdE . LR BE . Y
fRbr, BAREER T
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(2 (@ (O]

6 (FEIREE) PolSF SEETIL. (a)(c) RFFEMETHIASLILRXER, 15 SF-AIRSAR,
SF-ALOS2, SF-GF3, SF-RISAT # SF-RS. (f)—(j) #5I 2% ~aY4xicE

Figure 6 (Color online) PolSF dataset visualization. (a)—(e) are the images of San Francisco area under different sensors,
including SF-AIRSAR, SF-ALOS2, SF-GF3, SF-RISAT, and SF-RS. (f)—(j) are corresponding ground truth respectively

# 1 PoISF HIE&ENA
Table 1 PolSF dataset

Name Time Resolution (m) Size Class Polarization Country Band
SF-AIRSAR 1989.08 10 1024 x 900 5 Full USA P
SF-ALOS2 2015.03 18 2784 x 5056 6 Full Japan L
SF-GF3 2018.08 8 2304 x 2912 6 Full China C
SF-RISAT 2016.08 2.33 4928 x 6391 6 Dual India X
SF-RS2 2008.04 8 1380 x 1800 5 Full Canada C

3.1 KR

ATCR A LB 42 PoISF 7] 128 4212 G045 5 @Sk [ IH & Lt X A A SAR Hidls, X
5 g P53 30 5k B AR (9 T2 ANAS ] (S 1R]. Bl SR i DR AR C B T AL I I 6, Bk (5
IFTAL, 22 BN BRI, DREFEEERFER, Wk 1L

3.2 SINgE

FESRIG H, FEAREN L RE M R H BE SO B A SCR AT HE SR HE S b i 2%
(SAE) 31, BRI ZE ML (CNN) 191, B H g4 (CAE) BT, 2 RIZEE R EIEHIMNZ (MSSP-
GON) B 9T S LA AP, AT L EE RT3 M R W B T 9 JEHIMES, Z5H008 (I; 128;
256; 256; 256; 128; 64; 64; C|, Hrb T A% X MI4ERE, SEI8 PRI S K/NA 31 x 31, ¢ AR
BRI 2R3, AL D, BRI 2R AR B BENLIE L 1024 AN, )T AR ICHEAAE S

1) https://github.com/liuxuvip/PolSF.
2) https://gitee.com/liuxu-vip/PolSF.
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#%* 2 SF-AIRSAR #iE LMD HEER
Table 2 Classification accuracy on SF-AIRSAR

Method Montain Water Urban Vegetation Bare soi OA AA Kappa
SAE 0.7048 0.9642 0.9981 0.9986 0.6677 0.9567 0.8667 0.9337
CNN 0.6609 0.9715 0.9978 0.9967 0.6876 0.9579 0.8629 0.9353
CAE 0.6140 0.9640 0.9980 0.9962 0.7182 0.9593 0.8581 0.9374

MSSP-GCN 0.6320 0.9680 0.9950 0.9908 0.723 0.9618 0.8618 0.9432
SGCN 0.7454 0.9767 0.9974 0.9966 0.7488 0.9684 0.8930 0.9512

FEAS. FEZRMBL, W28 A 2 80 F 01 R4k 5252 Xavier, ZESE 0.9, 2221 % 02 0.01, IIZRIHER
/INJE 64, ASCEREG Rl I ERYE RGN Ubuntul6.04, IR 22 SIHESL A Pytorch, F£F 4% /& Python.
fE I R TAESE /2 64 G RAM F1 GeForce GTX TITAN X GPU.

3.3 THMER
FENERE VAN TR AR 73 S EARKE FE (overall accuracy, OA). “FIJFE L (average accuracy, AA) Fll
R ZEL (kappa coefficient, Kappa). B 7o/ S AKE E OA:

M
A=— 11
0A =1t (1)

Hrb M RDBIRERANE, N R REEARRAEL N TR
1< M,
AA = e ; N (12)

Horp ¢ AR i ZRBRG], M; =5 0 K REH, Ny 25 i KEIFTA AN

OA—P 1 o sy s
Kappazﬁ, P:ﬁ;Z(’L,:)*Z(:,z), (13)

Hrb 7 RIRIEERE, Z(i,:) RHE i TR, Z(:,0) R i FIOTRZAL N RN
3.4 SIIREER

N T AR AN FL B AE PolSF A4 ERREE R, WK 2~6 ME 7, I 7 5
1~5 1773 H)5E SF-AIRSAR, SF-ALOS2, SF-GF3, SF-RISAT, SF-RS HI45 %R, & 1~5 5173 5%~ SAE,
CNN, CAE, MSSP-GCN, SGCN [f145

3.4.1 SF-AIRSAR HIESLIS4ER

A SIS B A2 26 E AL & AL T IE AIRSAR T 1989 AT IH &1L X ) 4 Wik SAR
FEIE. 2P0 10 m, BEK/NZE 1024 x 900, ARid T 5 AN, 0. 7K. 3Ty A
i Bt RFRICHHAFRICA B O, LI R IR 2 FIE 7(a)~(e). MK 2 FTLAEH, A SCHHEH
BRI OA A ET 96.84%, & Tt b 7k, 7R Mg B G, Ll Rl R R 33 79 K 5 L
MGy, I RAER R BAR, A 60%~70% Z 18], A SCHTHE H P FEAR X X LSRR T T 4~8 DN E sl 5
2 K SRR IE B T e 97.67%, b SAE Al CAE & 1.2 NE 2 A4, B MSSP-GCN Al CNN
B0.6 NE AL 3R 4 2, BRI RIAE Bl A 2R Al AT, SR B] T 99% LA b 4y 2R R RTAL L
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% 3 SF-ALOS2 iE LN ALER
Table 3 Classification accuracy on SF-ALOS2

Method Montain ~ Water  Vegetation High-Density Low-Density Developed OA AA Kappa
SAE 0.8991  0.9999 0.8734 0.9368 0.9862 0.7150 0.9644 0.9017 0.9419
CNN 0.8884 1.0000 0.8523 0.9420 0.9975 0.8122 0.9693 0.9154 0.9498
CAE 0.9263 1.0000 0.8559 0.9413 0.9986 0.8210 0.9716  0.9239 0.9535

MSSP-GCN 0.9128 1.0000 0.8726 0.9408 0.9932 0.8765 0.9733 0.9327 0.9582
SGCN 0.9044 1.0000 0.9027 0.9405 0.9965 0.9233 0.9770  0.9446 0.9623

* 4 SF-GF3 HiE LMD EER
Table 4 Classification accuracy on SF-GF3

Method Montain  Water Vegetation High-Density Low-Density Developed OA AA Kappa
SAE 0.6282 0.9997 0.8913 0.9776 0.9710 0.8285 0.9595 0.8827 0.9365
CNN 0.6076  0.9999 0.9270 0.9947 0.9962 0.8001 0.9630 0.8876  0.9420
CAE 0.7312 0.9999 0.9150 0.9887 0.9779 0.9895 0.9755 0.9337 0.9616

MSSP-GCN  0.7219  0.9999 0.9355 0.9854 0.9788 0.9802 0.9758 0.9336  0.9622
SGCN 0.7107 0.9999 0.9807 0.9862 0.9993 0.9760 0.9808 0.9421 0.9698

HE 7(a)~(e), ATELE B 7(e) SEHGT HSLHIMIARIC I, 70 SR45 R & v e A A b, RoR AL
e R Sk B B X 7 SRR e

3.4.2 SF-ALOS2 ¥iBSLIS4ER

ZSEIHE R H AR B A RILRETIE ALOS2 T 2015 £ T IH & LS X ()4 ik SAR K
%, A PR 18 m, BB R/NE 2784 x 5056, FRic T 6 MNISAHLY), /il 2 it K. fERE . =
BRERT L I . P RIX. ARSI bR A B, SR s R IR 3 I 7()~(). LI
BACIRAR LR 3, SR, AR H I EEIA R T 97.70% [PUEAR o IS RE, T H AL WA
BT, BT S5 AKX — 2 WP AR AT T RE e TR o B T R XX — 38, X LR SAE,
CNN, CAE, MSSP-GCN 43542 71.50%, 81.22%, 82.10% il 87.65%. A AT H 5L SGCON i£%] T
92.33%, & TR EEEGE 10 NE AL B 7()~() XFH AT AR i, ASCERRIIT R X 402K 45 5, A
X ECIE M 5] XEFA 3 JE, ASCHEEIRE T 3~5 AN E AL HABSE AR LSRR AR T
S RUERR I 3 MNMEFR R

3.4.3 SF-GF3 #IESLISsE

ZIR 2 T E R RS LA TS S 3 5T 2018 AT IH S L X A4k SAR
EIg. == #R 2 8 m, FMER/INE 2304 x 2912, FRid T 6 ANFEHIHY, 7l il /K. B &
BRI L ARSI JFR X, RARCHIHIIFRIC N B, SIS B ILR 4 FIE 7(k)~(0). WFK 4 1
OIRARRRTT UG Y, AR SCHE SRR I SRS FEIA B T 98.08%, Kappa RELHIAF] T 96.98%. M 1 2
LR 20 SR 50 T DL AR SO LE SAE AT ONN i T3E 10 AN E 2 5. BB 6 KIF R IX a2k
53, WTLLEH SGON Lt SAE Ml CAE ZpJl4 & 1 15 A1 17 DN EJ0 a5, XFEEE 7(1), (m) A1 (o) ATEA
B REAH, 25 3 SR A AR T LB 2, AR I SRR HER 2 98.07%, AHXT 3
XFCEERE T 7~9 DNE S L W RIS R AT LA 7(k)~(0) F .
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% 5 SF-RISAT B LMSHLER
Table 5 Classification accuracy on SF-RISAT

Method Montain ~ Water  Vegetation High-Density Low-Density Developed OA AA Kappa
SAE 0.5810  0.9964 0.8393 0.9807 0.9814 0.4564 0.9255 0.8059  0.8866
CNN 0.6624 0.9940 0.8332 0.9396 0.9988 0.4682 0.9289 0.8160 0.8913
CAE 0.6248  0.9986 0.7792 0.9344 0.9918 0.7480 0.9375 0.8461 0.9048

MSSP-GCN 0.6288 0.9973 0.8124 0.9412 0.9903 0.6752 0.9401 0.8409 0.9113
SGCN 0.6440  0.9967 0.8400 0.9571 0.9893 0.6562 0.9440 0.8472 0.9144

& 6 SF-RS2 HiE LRI ELER
Table 6 Classification accuracy on SF-RS2

Method Water Vegetation High-Density Low-Density Developed OA AA Kappa
SAE 0.9997 0.9579 0.9640 0.9683 0.8915 0.9772 0.9563 0.9673
CNN 0.9987 0.9591 0.9491 0.9829 0.9624 0.9796 0.9705 0.9707
CAE 1.0000 0.9934 0.9816 0.9915 0.8383 0.9856 0.9610 0.9793

MSSP-GCN 1.0000 0.9872 0.9834 0.9871 0.9266 0.9877 0.9769 0.9801
SGCN 0.9999 0.9896 0.9875 0.9883 0.9581 0.9924 0.9847 0.9891

3.4.4 SF-RISAT ¥iESLIG4ER

%SG BE L FI T IR 3 & LR R ik RISAT T 2016 E30ET 1H 41 L8 X XU AL SAR K
B, Rl B R AR SO T XA SAR HlE, RS ER R B, R IR E R 0. 2]
SR 2.33 m, BUER/INE 4928 x 6391, Aric T 6 ANIEHIHAD, Bl it K. BB, S
AR R X, RERICHIbrC N B, LI R R 5 F1E 7(p)~(t). M 5 15r2K4E
FRAT LAE Y, AR SCATHE tH I SETE 2> 8 hr b, SR IR L L ~F 35093 K5 I Kappa REFRTFEI T
i, g alie 94.4%, 84.72%, 91.44%. Horb LUBHE S HEI R BUAS AN EE B0 45 3, BIanss 6 28, RIJTF KR
[X. SGCN fEHF K XX HMLE R L SAE il ONN @ 20 NE . M 7(q)~(t) AL ELE H,
TR DX IX PR AL 7(t) 362, HANSEAEKIEAE —5~5 AN 73 s (A1), AR SRR AR T Xt
A= SPR

3.4.5 SF-RS2 ¥iESLIHLER

%S BRI K B 8 A LR T A RADASAT?2, 2008 4F 445 T 1H 4 1L 5 [X ) 4= W2 1k,
SAR K. 237 $E 2 8 m, BIER/INE 1380 x 1800, FRic 1 5 MR, 73 HIEK . WM. &%
FEWTT ARSI . PR X, RARCHIARIC N B, LR ILE 6 MK 7(u)~(y). XIEEEG
() 3 2 25 AR #R i, IR 6 mT LUER H, X LBV FIA SCHE i S i T 95.00%. SGCN #5381 1
99.24% R AHERRZE, fEF R XX R BT T HON R R3S, Lk SAE f1 CAE 20l 17 6
12 NE 4, B MSSP-GON 5 1 3 ANE 4 AL ST 7(u)~(y), FTBAE Y, TP R X 20 3at BT
1, B A, 5 LS.

Z5 b, 1€ PolSF a4 1 5 M PolSAR i i Se 45 vl LAE th, AT % SGCN B
T IAF I R R, R B P K N Kappa REHA FTIETt. Feilth, 75—
LGS R 200 R R BAFEON R, R R T AR SCEIERIYERE. R Ah, I R EAT A
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Figure 7 (Color online) Classification results. The first to fifth rows represent data SF-AIRSAR, SF-ALOS2, SF-GF3,
SF-RISAT, and SF-RS, respectively. The first to fifth columns represent methods SAE, CNN, CAE, MSSP-GCN, and
SGCN, respectively

R DA Y, iR SR TR RE (PR T 3 B KON S AR R 4R B T SN UL, SRS E Y, FATIAN
XHESRAEH TR S A 02848, X AE T BB AR &% (R e vt IR0 I A2 T G R R 45 B g
FEHRR R MU 2R, IITREAT A RRAL, TN HAR AR, ST RAIIRCR, Wk 7 pis, A
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Table 7 Computation times

Method SF-AIRSAR SF-ALOS2 SF-GF3 SF-RISAT SF-RS2
Train (s) Test (s) Train (s) Test (s) Train (s) Test (s) Train (s) Test (s) Train (s) Test (s)
SAE 300 55 312 120 322 88 325 130 300 60
CNN 348 75 322 115 320 92 300 125 283 80
CAE 321 40 315 117 315 95 323 128 325 52
MSSP-GCN 318 43 317 105 321 91 318 131 308 48
SGCN 308 42 315 104 317 96 321 132 311 47

R TR, B FERIN R Z A L, BRI A, IIZRREAERUR — 2, R+ K1,
FEAS S IECH A R . I (8] m] A, EHRORST B R/ 0 18] o 2 — S0

AR XA SAR BIGIA 73 S 00 T, DA AL IR FE R 9Bk TExt &, R it LB, 4

T HCYE TU 2 B o8 K8, R P 000 PR IR R 1, A B B I 28 5 A AR 2 X 2% (R R AR AN 22 ST RE T, Mt
THUSEERM S RAL SAR BIG 73 IR, IMHRR kL SAR BRI RIFER 5L, %
B2 AR, ASCHR A ST A RO 2 8 Bl AR, AT 28 AL SAR R 7 R IAE S5
FEARRI LAE R 4 EANTR N H R FEAR A B R 1 (1 Je A

S
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Abstract In this paper, we address the problem of insufficient feature extraction and the difficulty in inter-
preting the polarimetric synthetic aperture radar (PolSAR) images with all-day and all-weather capability and
propose a novel scattering graph convolution network for PolSAR image classification. In terms of feature ex-
traction, this paper presents a one-dimensional representation of polarimetric scattering coding. Simultaneously,
considering the target scattering characteristics and the complex relationship among pixels, combined with the
graph theory, a novel graph representation model of scattering mechanism is proposed to describe the complex
polarization scattering mechanism. Finally, a polarimetric SAR image classification model based on the scatter
graph convolution network is proposed to improve the decoding and classification of the PolSAR data. The exper-
imental results regarding the five images of the PolSF dataset demonstrate that the proposed algorithm exhibits
superior performance.

Keywords scattering, feature representation, graph convolutional network, PolSAR image, classification
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