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BEHMASETE T DCCM SCBURFAE A 28 551 07, e A5 AHXIRGRE B 70 R IERE

&2 AIRSAR & HH AR L 341 53 2545 B 70 Kappa R3]
Table 2 Classification accuracy and Kappa coefficient of HH polarization in AIRSAR dataset

TRRIE AR, DT A [ A% A ) K gl L fE

1%
e DT SVM
MLPH Gabor GLCM CCM DCCM MLPH Gabor GLCM CCM DCCM
E 35 33.84 45.54 40.62 50.37 60.61 75.46 83.76 88.46 72.94 97.18
it 40.01 55.52 37.86 62.90 72.69 78.22 82.43 83.99 76.17 95.81
FRAK 63.17 69.33 62.60 70.31 79.52 83.96 81.31 92.85 82.27 97.98
EEG 41.20 49.91 45.20 59.88 68.02 89.89 81.42 80.94 73.06 95.03
INFZ 1 51.26 73.63 48.32 77.89 84.48 80.83 90.47 82.71 84.66 98.35
sk 43.23 61.16 38.00 71.99 78.66 69.09 84.64 76.48 83.93 97.66
+5 59.23 76.44 55.48 75.78 82.48 76.22 86.73 81.36 81.78 96.82
R 48.38 57.74 5391 61.32 73.03 94.69 92.25 92.70 74.35 97.38
Hi b 59.45 50.76 51.82 63.78 71.53 74.39 71.54 82.29 75.92 91.42
THEEAT 40.17 50.24 45.77 46.35 61.95 75.58 75.49 80.88 65.45 94.72
K 62.50 74.86 51.31 82.12 88.86 90.80 92.97 86.69 85.73 95.94
INAZ 2 42.96 53.96 42.42 62.36 69.98 84.49 78.93 80.91 71.76 94.22
N3 61.74 79.78 53.24 83.33 89.01 84.59 90.62 75.66 83.92 96.90
KK 51.44 72.56 77.42 73.29 82.39 84.97 95.86 94.79 83.89 98.51
) 85.43 98.29 81.44 96.01 97.71 91.86 93.75 99.95 97.36 100.00
OA 51.29 65.13 50.69 69.45 77.69 80.65 84.98 83.03 79.64 96.51
Kappa 46.83 61.94 46.16 66.65 75.65 78.85 83.59 81.43 71.74 96.19

(g) Gabor-SVM (h) GLCM-SVM (i) CCM-SVM
Big Ak ki IS EEaN [ER By
K% 22 Iz ks B as
E7  AIRSAREds HH A Ak 7 245 R
Fig. 7  Classification results of HH polarization in AIRSAR dataset
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Table 3 Classification accuracy and Kappa coefficient of VV polarization in AIRSAR dataset
1%

5 DT SVM
MLPH Gabor GLCM CCM DCCM MLPH Gabor GLCM CCM DCCM
E 351 26.73 32.67 31.60 37.26 52.30 90.16 80.36 85.69 57.52 92.89
it 34.05 54.45 37.85 58.77 71.60 74.79 82.18 84.37 69.08 95.61
FOiN 60.73 65.60 65.70 62.19 77.42 77.95 75.62 94.17 7277 96.51
R 58.04 68.63 45.06 75.23 83.79 90.27 88.57 83.86 81.09 97.51
INE 43.14 63.45 47.69 64.04 72.90 75.86 77.84 82.76 72.61 94.55
e 40.26 48.41 39.69 56.52 65.78 74.43 77.85 73.95 72.98 94.80
+3 47.55 60.33 48.16 56.27 68.38 66.41 79.58 75.28 67.73 93.07
7SI 40.00 54.79 54.10 60.44 73.58 93.75 88.93 94.18 72.86 97.25
i 58.06 57.88 57.42 64.81 76.17 78.42 74.40 79.89 74.49 92.93
B 58 37.12 50.03 43.85 51.75 63.28 76.16 75.14 79.07 62.77 92.32
K% 61.15 78.17 48.90 84.07 91.34 94.55 94.85 84.43 88.82 98.88
N2 37.41 51.73 38.73 54.58 66.32 79.62 74.44 81.82 65.56 93.62
NFZ3 56.46 80.36 51.86 85.88 88.91 80.43 90.53 79.44 87.24 96.83
K8k 42.71 64.16 73.15 57.10 72.66 77.26 94.13 94.43 75.27 97.70
oY) 34.54 71.44 74.37 51.14 68.40 90.05 97.24 98.76 65.82 97.82
OA 46.90 61.33 49.15 63.48 73.97 78.09 81.65 82.65 73.78 95.22
Kappa 42.04 57.80 44.49 60.13 71.58 76.02 79.93 81.03 71.35 94.78

4 &

(g) Gabor-SVM (h) GLCM-SVM
Hio etk [EE S EEEEN [E By
| EEeE Kk IS7HN EESEN EUEE R

K8  AIRSAR Kl VV AL » 45 R I5]

Fig.8 Classification results of VV polarization in AIRSAR dataset
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(i) CCM-SVM

(j) DCCM-SVM

MVV AL B B 24 K - F, AT LA Oy gt LR 25 5 A7 A W S 11 B G A e A B & 2
5 HHWALE MRS5S, vTLLES], GLCM 5K TESVM 0248 1) GLCM Jy B Be A H PR T AR 4t
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R, (HJLPEY Y BB & F RIIRMEER,
BIRAE/NE3 FIONE . MILZT, SRR
HAK Y Gabor 75325 Al MLPH J5 325 U B 22 2 78 b ) i
Gl P RE R SE R . X T RE

W T GLCM S BARFAEAT I JF AT N SAR RS4RI
PR 0 8 REAR o b F MR AT 23 T4 L o % B HCA D7
%, DCCMIUTERUS TARMFI 7 RER, 7 epiiR
B, I H) 5 S B TR T

4.3 UAVSAR¥EEMY T LI

S B PG R HLER Lk B & ik UAVSAR T
2012 4R B I K Manitoba i X 508, K/ K
10111325, XA 784406, wififez |
SREL NEE L Ok REL FORMEY) FIRE A
ARG HH AN VV AR AL EHR 3 51 E 9 (a) (b)
Fiiw, BEAHGE 10 s

(a) HH AL (b) VV it
(a) HH polarization (b) VV polarization

K19 UAVSAR %%
Fig. 9 SAR images of UARSAR dataset

B =
Fk
*

| EEkE
IR

| ESEEST

P10 UAVSARHd FL{H
Fig. 10 Ground truth of UAVSAR dataset

all

X HH B AL ESHE 19 4 53 2kG B2 Rl Kappa 3 4K
k4R, RS RME 11 R, 7EDT
Sr2EE% L, DCCM ik iy MR B AE k8 T
84.92%, CCM JFikik®] T 77.66%, T HAl )5k
AN 70%. £ SVM 43245 b, DCCM J5 ¥ iy e 4k
SrEKEE (96.95%) , i il HAh % 7% VL
GLCM ik (89.56%) 1 CCM ik (85.23%)
B TARE R4 2R EE o TN7E ATRSAR %548 [ 3R
UF Y Gabor A E I R BURE, BRI
79.96%, BLAN, MLPH J7iEAE AN 32585 L or 2550
REB R, BAARKT EE AR 60% ., JLFN 5 k1Y
Kappa 7 £ /5 {8 5 S04 43 SO B 52 30 5% 1 1) 0%
FRo AMER I, FEXT I kPR BE B o B 1% Bl
T, DCCM JTIEARIHARTG T3 i Jeas 5, emt
T DCCM Sy FRFAE 7F 3% 1 50 55080 L H e A7 5082 98
EUR BT UFE R, BA AR,

%4 UAVSAR##E HH AR AL st 4 53 2545 £ 70 Kappa R ¥
Table 4 Classification accuracy and Kappa coefficient of HH polarization in UAVSAR dataset

1%

A5 DT SVM
MLPH Gabor GLCM CCM DCCM MLPH Gabor GLCM CCM DCCM
[N 58.53 45.42 DT 61.17 70.42 74.68 74.48 91.17 77.74 98.36
FORHEY 54.39 47.81 54.66 63.75 72.47 69.62 75.86 90.04 79.52 96.00
KE 66.57 82.90 70.47 86.30 91.12 58.59 85.71 88.80 89.54 97.30
Fok 56.61 46.15 62.11 61.55 71.10 73.35 57.17 93.70 77.14 95.60
N 46.00 73.46 66.56 80.66 88.09 47.34 84.13 87.59 86.71 96.97
ST 62.89 57.57 65.67 70.55 79.71 68.73 75.96 91.90 80.42 96.58
e 51.18 74.22 60.49 79.81 87.93 58.29 81.09 89.90 85.92 97.33
0A 54.87 69.43 65.16 77.66 84.92 57.30 79.96 89.56 85.23 96.95
Kappa 42.94 61.69 56.26 71.97 81.09 4525 74.80 86.87 81.42 96.17

gAY REE IR K AT AT, B e ] MLPH
FEKEBURE T/ANE . KRG #eE Sy, W
DY B A3 ZROKE FE A IR . 5 ATRSAR %045 2610,

GLCM J5 :7E SVM 432528 L HUS T 80 B9 43 20k
B, HAMSEE IR E B A KR RiRs3s, 817
TEW A JTERHY R MR, o4 5d s M A
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5o BT IEFEUR 2 Ja 220 L an Hi = )
Bl AR AT SR AR . 7E SVM 2 2848 |
Gabor J7 5 FOKR ISR . /NFE Fllaie A2 55 b W) 7
R ZRVE, PTREJE th T X LR AR AE Y 0 808 1
RO o B LU AR . SR AT LAZ B, DCCM 7k

I

(f) MLPH-SVM (g) Gabor-SVM

| EZ N KES

(h) GLCM-SVM
ETl FES

BRI T X JLZE M B T AR A 2E, HAH
Gabor 75 T Wl W 2l , W 7 DCCM 7E $2 Bt
SAR FUE I B AN st S0 22 S i o LA 3 . R ok
Ui, DCCM Jr kIS T M e i, HorKRiE
B, A3 A b e P T A

(j) DCCM-SVM

(i) CCM-SVM
xa [ e b A

Bl 11 UAVSAR #idls HH AR AL 5 JE45 R
Fig. 11 Classification results of HH polarization in UAVSAR dataset

XF VV AR AL (14 14 53 20KS B Fl Kappa 24X
mEs prR, SREERME 120w, WL
455 HH AL B AR — 3. DCCM J7 146 DT
FISVM 43 2 2% 1B B AR oy 565 B o Bl ik 8] T
87.33% f197.40%, e LS APERE. A L H A
J5¥%:, DCCM J7 i %f VAR BE 42 FHIk 31 7% L) I
R H], GLCM J7 ¥ 7E SVM 702588 b i) B Ak 1
Bk E] T 90% L I, (HRHAE R A K
HEE (K12 (h) ). #ENE GLCM S0 R R K
REAR A H R FH SAR EUE AR 2R Z ] iy 25 Tl A DG
T FECT LM B, A, M CceM Jr
%, DCCM J7iEXfeAs | /N2 M SERT 55 b 1)
JEROR A o3, FERIEI T O 1 AR B T
FE A b 2 W SCHE | T A o] o PR R b

454 AIRSAR B4 FIl UAVSAR B35 (1 52 56 45
W, AT LA A DCCM 0 HLRRAE fiE 0% 43 b b 12 B
SAREIM& T XfF ., 42Ty il #riid: . g

T DCCM SRR 1Y 5328 7 WL 6 PR e 854l 1 1 R
T fe b 0 oy e85 3 . 1% 07 1R BB S T 4T L 3 N
SAR BG4, WD T s 2 mBIRE, 2
T+ T SAR BG4 43 vk g . BbAh, HHHC ALY
i, DCCM 7 k5 3 ny 7 B 45 RE e 5 .
W, XF RSN A F
44 ETHERHEMERHYHRIIE
ARk, MOk B R B 2 ) T RS A
SAR PG A B 45 2 B T i o b o 81 s 11 O
JE 24 2] Dy i B Z n] R R A R s A R R
TE N SAR BEURHEME, L& R4S A & KR AL
PR R B 27 ) 7 R R T N e ) — A~ R B
WAR . AT OT LS A CNN TR SC LIS
UE DCCM SCHRHIE 5 VR BE 2 2 I ik 25 B T A7k
AATRA T 14RAM 3)2 CNN (Chen Ml Tao,
2018) HEATHIA AP IS SLE, LR EE A QIR 13 T .
I 3B . AR E 21 A4
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BRI AR 15%15xm B RHE G, Hid
m B EAE R . XFT DCCM U ETT 7, m=21.
3INEBERZET, AR T 30,0 60, 12041 K/NA
22 MERE, BEEK N1, BN ERZEZ R

WE T =122l Rz, P K2, &
J5, XEEREENH T Dropout IENAL ¥, SKIE
i 37 Softmax PEECH H I 246 F 0 %) 28 51 B 2%

x5 UAVSARHUIE VV RIS KIEE
Table 5 Classification accuracy and Kappa coefficient of VV polarization in UAVSAR dataset

1%

%5 DT SVM
MLPH Gabor GLCM CCM DCCM MLPH Gabor GLCM CCM DCCM
bR 64.19 46.97 52.85 57.34 69.91 83.97 74.80 91.32 76.18 97.55
FORMEY 52.96 45.48 51.43 61.13 71.19 70.66 72.97 86.82 77.17 92.12
K5 68.22 76.43 72.01 82.49 88.96 68.97 80.26 89.71 87.59 96.95
ok 95.18 98.80 69.62 99.49 99.58 98.84 98.03 94.12 99.85 99.98
N 53.08 76.22 67.02 82.99 89.88 53.78 83.81 88.49 87.60 98.07
MZERTF 65.79 64.02 63.75 74.74 84.08 75.11 77.54 91.47 84.26 97.36
e 51.20 75.01 63.92 80.46 88.86 60.11 80.75 91.31 87.97 98.61
0A 62.10 7278 66.29 80.11 87.33 66.38 81.57 90.02 87.05 97.40
Kappa 52.04 65.87 57.69 75.03 84.11 57.09 76.71 87.45 83.68 96.74

Lﬁ

(f) MLPH-SVM (g) Gabor-SVM

(h) GLCM-SVM

(j) DCCM-SVM
b b

(i) CCM-SVM
KE BRMEY)

K12 UAVSAR #dls VV AL JEEE R K
Fig. 12 Classification results of VV polarization in UAVSAR dataset

TN FEAN ES-
Convl Conv2 Conv3 Dropout
30@2%2, 60@?2x2, 120@2%2,| (Ratio=0.5
Stride=1 Stride=1 Stride=1
4 N
15 T T 240
m Max pooling | (Max pooling Fully
[2x2,5tride:2 252, Stride=2) (Connected] | SOftmax

K13 CNN 2 45H A
Fig. 13 CNN architecture

SEERXT b T B TR AR A ) CNN DR T A
FRFFAEAY CNN, 1 25 & T o 380 I 14 TR B2 2% >0 i,
MG # RE A F TRBRREMIRE S k. 175
BT OO IER CNN L SR T 5 Fhae BERRE 43
S5 CNN 2546 LIXT LA R SCHURRE g PEBE, L dE
GLCM. Gabor JEJ% . CCM F1 DCCM Zr FRERAE .
T 5 B 25%25 AR AR —5, X
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HL5 SRR ] B 25%25xm B EMG R, SR
RTOR NS} 1Sxm VB R 455 A o th T45 & 8oy
TERY CNNTE 10% W 255 T 0 A5 FE Y T 35 5 99%,
PEREZFE RN &, BT AA IS I 2R i B R 5%,
DAEXT LU [FIRRAE A 50 25 PR RE . BEAh, ik HUKE 25
A SVM 43 2848 [ DCCM 027 i m AT L, LA
P AL Ge 7 e MR BE 24 2 7 ik Mk RE 22 57 . S0
R 4 IR 0 20K5 1 F Kappa 22 BUVE PEM 4545

AIRSAR $4fs 1 53 245 B A1 Kappa 2 £ U1 3% 6
Jii7s o A 3T IR AR E s 1 CNN - (LAF {8 FR R 46
CNN), HF 2 BERAE AY CNN 7643288 BE Fll Kappa
FHOA BERT . Hd, MLPH-CNNHUS T
WAL 2K (98.92% F198.78%) , W& & T
DCCM-CNN (98.91% #198.62%) . X Al fig /& i T
MLPH J&—# 22 R YRFIE, X AN [ RS Y s 4
o b K BENS B AP MBI A . (X 580 T MLPH
FRIEAERE R (7548), T E R R 2585 A4 hk
PG, WM RETE 4.2 15 AL 5 A8 3L 56 Hh U
REFIZER . M Z R, DCCMAFMESERE (214F)
AN K MLPHFHER) =32 —, (B T 5 2ZHHIER
FEEE, UL DCCM FRAF 2 a7 3 M S 40 . GLCM-
CNN Fl CCM—CNN f9 53 206 B2 L LR PR RIREAEAR T
1% Feifi o MAEAL GE 57 2585 13RI AT 11 Gabor JIE
W SORFFIE LS 6 CNN J5 W SR IBIB 245, AEHET
SUHR A CNN HORS e fiK . AMER R, A5k
DCCM-SVM B ZHE 1 (92.78% F190.78%) T
J5L i CNN  (89.96% #187.26%) , 1] SAR ¥4 &
B2 45 A CNN R B U AL 58 7 i i . A
W, 456 F THRBURRE 25 THR B 2= 5 ik 2k
PERE R A RGRTE .

6 AIRSAR#(#E5 15 E 1 Kappa R #

Table 6 Classification accuracy and Kappa
coefficient in AIRSAR dataset

1%
. HH \AY

OA Kappa OA Kappa

J5f CNN 89.96 89.03 87.26 86.07
MLPH-CNN 98.92 98.82 98.78 98.66
Gabor-CNN 96.52 96.20 97.38 97.14
GLCM-CNN 97.50 97.27 97.41 97.17
CCM-CNN 97.45 97.21 97.76 97.55
DCCM-CNN 98.91 98.81 98.62 98.50
DCCM-SVM 92.78 92.11 90.78 89.93

UAVSAR U35 1453 285 5 Fl Kappa 2800055 7
frs . BT MLPH-CNN 7£ /9 28 Y1l 2k vp Jo B 8,

R R TE RS o 456 4.3 3T MLPH
FRIE DT IRIRVE T 228 s o, o] DL I &
MLPH FRAEFE 1280 IR B HA X 53 B A 2L
FEAE B, ZEE I, DCCM-CNN §48 T HefE: i 43
FHERE (99.43% F199.57%) FilKappa 250, HIHE
G CNNETF T 10% LA I GLCM-CNN L Hf T84
U AS B (99% H198.83%) , WK & T CCM—CNN
(98.03%#198.30%) ., 5 AIRSAREEZEL, DCCM-
SVM WL HUAS T e J5L i CNN B4 19 43 2580008, BRIk
BONIE T 454 AURBLER (%) JE 2L
#7 UAVSARHIES 215 E 1 Kappa R3]

Table 7 Classification accuracy and Kappa
coefficient in UAVSAR dataset

1%
- HH VvV

OA Kappa OA Kappa

JFlf CNN 82.71 78.14 89.01 86.12
Gabor-CNN 97.38 96.72 9231 90.34
GLCM-CNN 99.00 98.74 98.83 98.53
CCM-CNN 98.03 97.52 98.30 97.87
DCCM-CNN 99.43 99.29 99.57 99.46
DCCM-SVM 94.28 92.82 94.96 93.67

ZE LTk, 454 DCCM SrHEAR1E A CNN fig g
ARAETE SAR EHG ML o 2tk e . BURAL 5+ 19 4
RKEER ., ML TS24, CNN[ESAVERETE fn
SR, (H B2 R A A CNN 2R 0 2 i 4
MREPE . ARSI IUE T 454 T TH B ar i e:
fE] A — 2 T+ CNN A 25k fiE . FEZS A ac i
FRAEAY 7 ¥R, BSR MLPH-CNN 7 AIRSAR %4
32K BE I 7 T DCCM-CNN, {H DCCM J5 ¥: %
RRIE A, BETE M S AE . 3R 2RER 1Y
BUS S 25 9 . MLPH #1F B AR REAS HE B L L
S, AH R TR IR AR R O A R, R R K
oy 2 25 A4 e & ¥ AE o JF H MLPH 7 ik £
UAVSAR %icdis b 3RIA Rl . i 4 & A a0
B 47 AR 50 2K B Kappa 28 80 #R1 RE HE K
DCCM J7ik o JUHOEAEMERR A X AL 55 AL G2 0 etk
I, DCCMIUTERMPCH SR 2, Uil DCCM FHIE
Rl AR SAR EUR SCHERE .

S oMIE

51 EEFEHRSH

AR ALE G /3 2 28 LK 7E MATLAB R2018b Fiz
17, FEECE A Intel Core i7-10750H CPU@2.60 GHz,
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NA716.0 GB, CNN L5 7E python3.6+Tensorflow1.13
[i217, CPUC#E H Intel Xeon CPU E5-2699 v4@
2.2 GHz, GPU B¢ ¥ & NVIDIA Quadro RTX5000,
B SO FH LR 7 5 A R AR AR IR 23 2R B B Y iz 5
W8, R IR, T ILAIT LR DT 7028 m}
AR (1 s LA, FrLAC AR AP ETE e .
R8 AIRSAR¥E L WiZE A 1E
Table 8 Computing time on AIRSAR dataset
Is

WRES FFEHEEL SVM CNN
MLPH 460 53 3765
Gabor 2 21 2544
GLCM 738 27 2193
CCM 177 8 2385
DCCM 250 10 2344

&9 UAVSARHE FHiEE A E
Table 9 Computing time on UAVSAR dataset
/s

Tk FEAE 4RI SVM CNN
MLPH 705 251 /
Gabor 4 194 5463
GLCM 1435 214 5659
CCM 312 122 4084
DCCM 460 130 5463

GEAPIFR N AT LR B, 7R R 4R B Bt
Gabor 7L IR Fe e (/NF5s) o HR, MR
B CCM ik (177 s M312s) . HFAIIA T Jr i
5, DCCM Jy ks AEmT (250 s #1460 s) AH
X} CCM A BT, MLPH J73:F1 GLCM J7 v FET
£, MLPH J7i:#ERT 298 DCCM A9 1.5 8 2 4%,
1M GLCM Jy LA AR T4 3% . b Beidiz
A () 35 S A ) R A A 2R A O, R
25 W B 43 28 8] S 23 22 k5 43 28 A Bst ] AR
FESVM 4328288 I, CCM J5 6 F1 DCCM 7 i 2 FE T
5 1 . GLCM J5 ¥ Al Gabor J5 s 40 K FE I} 29 K
DCCM 7 1.5 4%, 1 MLPH J5 &5 i T4 AiF 4 7
T e T AERT Fe K . NN _E 193z 38 B fa) 132 IR 55
TR R AR, VA B ) A A A
AR AT L& B, MLPH J7 3 th AR 4E 1 B 2 5
FHAMTE, s g 2 K

LA LR, T LLE H Gabor J7 154
TSR O B AR B, (ELA5 21 ) SRR AR AT B e =
SRS T, e — B . GLCM JrikfE

UAVSAR #5048 Lo 2E By, AR AR $2 HUR 43
AR A AERT . DCCM J7 35 75 iz S FE I b Af L
MLPH J5 ¥ 1 GLCM J7 47 — & L%, JFHAEM
SRS U TR R SR L el L
DCCM J5 i3 W V- 1 s S 80R My v fE

5.2 SARBEGEHXITL BRI

AL 0G4 %, SAR IG5 91
K BHAS LR . A i3 o 20 285 90 ] B 2ok T
TR LSS A B M R R, ENITE RS
o T HUARNER SR BEAR K, v MR R A X
3ol 4P Sk AR B ELXH Lb BE R JE o 3k kit T bR b 4 B
SUPRIRBORF], 5 DL GLCM AR —38 4350
HURSAE, B E S Re T b ERE, s
W fin A MR AR R AR 50— 8 WK BE 8. ik
B A5 A7 A T BB 2 (AR TGS B B R 1) I DXk
PRI AR R BE G b, N5k T Hop iy 8o
HHE. MEZ T, DCCM A] R 434t % g
AT, ENBEREBR KNG RAES ERAE
B, TESAREME T SUfE BRI oA R

14 (a) JBR T —MEAER B SRR X
Ik SAR & Y) -, DA v AT AU 21 i 5 4 5 14
SRS, B 14 (b) WK R 164
IKES (GLCMITR B AIEUE) R EIR, Xt
He A R o A el e BEAR 25 T, ) B
SR,

(a) HALHT
(a) Before quantization

Bl 14 SAR EMGYI F Ak Ja xT e

Fig. 14 A slice of SAR image before and after quantization

(b) b5

(b) After quantization

T E fE AT LA SRR TE R S A H
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JEE B RUBE A3 A7 AN — S0 (] 8, FH 2 PG M 5 ok £y
HERFIEAS R AR AR Z B BES . BbAh, S Tk
SR ISR ASAS B X FE BT AL R R, XA U 4
URFIE S, VIBRAL 3 s S o5 3 o0 PSR
BENMEERNER 10 R, WEPALIES], DCCM
1 Gabor I8 I 3 9 i P G PR AN 5 28 A I SRR
RS TR S M —2RNIER b, i, DCCM
R S B B A A ) X A PR BE . 1T GLCM 4AE A
MLPH FEAE A S0 —ZE P R 5 L0 ARSI, 560
T AL BRAEXT R B A T B SO A B —

B
w I]rﬁj o

(a){HI3EHF
(a) Rapeseed
KIS A5 s i sl i) SAR BUR I A

Fig. 15 Slices of SAR images with strong scattering points

(b) BT
(b) Pea

F10 SEHHFRVFHEE—XNIEHE
Table 10 The ratio of inter—class distance to inner—class

distance of slices with strong scattering points

FHAE

HEE
DCCM GLCM Gabor MLPH
B0 2.93 12.86 5.10 56.08
Z[H] 3.59 13.57 5.65 57.03
&)1 N 1.22 1.06 1.11 1.02

53 DCCMHIEHAE

R B DCCM 44 3 J 2 41 %) 5138 1 SAR &
BAR A, (ARAE AT U 2] 258 18 SAR 1P .
PLat Ak SAR G R B, 4 45 W Ak 3m 18 T k) 1 1Y)
RSB R AT PR

k=1 st St St Sy Sty Sty Sw Sw swl (5)
K, ThRERR biiE, bhRRmRas o E.
FE A sy, 2278 HH AARAS 35 19 B R SCHUN R R 56
—AME., TR EE WL DCCM

N
Ciy = DK ©)
i=1

AL DCCM AL T 258 [ 4 JBE i 1R 3C

fF 8, WA E T A E E 2 A (5 B .
ik, @ik DCCM it —2mETHEEARE . N
MER I, DCCM iy 28 50 B 14 2 15 A 5 TR R A
WIEECA G, AR p Ak SAR EI& H, DCCM Ky
— 20 3X3 T 2250 R . TR XU Ak A A Ak &
1%, DCCM 43 51 % 1 6x6 F19%9 fl 1 7 22 5 [
R %) 2 X AR 0 2 SUATS AR X I IX AR R A
¥rom g, mAEXH AT R FR AR SR E . A
A BIAR R Z [ A OG

6 4 it

H3E IE SAR BG4 & B B RN W T, B
Bt A BRAME B BB TN R . X,
ARG LS ) S PR A BN BA T SAR KR AT 15
B, P T 5t N SC O
ASCFERH ARG (1) $#2HT DeeM, #a
BooHh R — A, BT AouE R R,
TR B YRR o 3 PRI AN [R5 ) A
SRIZASL, DCCM RERSHRS 4 H A F% Js3 B R 3¢
fHE o WAL, DCCM W] LAEZE 52 B0 o5 B s i g
T AL ERAE, XT3 SV EECR A SAR B 2 A
FAFRIE N M. (2) $FEELT DCCM SUUFRE . %
RRAIE 8 3 % B AR e i3 T R T SAR B8 23 A A 3
iy T SO SO R R B )8, H DCCM ¢
TEHERE ARG, oW R 24 RS Ab B, LS I,
P T —Fh SAR KR ik . T EBERT 45
g rdedn, NG WREE Ik, BAKL
(52 M

I EE S AL Gy e M CNN, R SCHE AIRSAR
FTUAVSAR B4 1T T X s st 25 1%,
ARG 2 as b, B orik i oy Bk W E L T
HF GLCM ., Gabor JE I A1 MLPH [ 70 28077, &
RS R TR B 7% LA I o 454 CNN AU SE 56
DCCM J5 it R B 4 1 00 55 19 43 2 P RE AR A i A
f@PE . ARkmy TAED, FRATHH EES S 2 ik .
Z A9 SAR B4, #R9¢ DCCM 7£ £ 3 i SAR &
1% LR, BE— s E N T RE

2 % 3k (References)

Aytekin O, Koc M and Ulusoy 1. 2013. Local primitive pattern for the
classification of SAR images. IEEE Transactions on Geoscience

and Remote Sensing, 51(4): 2431-2441 [DOIL: 10.1109/TGRS.



744 National Remote Sensing Bulletin i & 54k 2024, 28(3)

2012.2210428]

Bi H X, Yao J, Wei Z Q, Hong D F and Chanussot J. 2022. PoISAR im-
age classification based on robust low-rank feature extraction and
Markov random field. IEEE Geoscience and Remote Sensing Let-
ters, 19: 4005205 [DOI: 10.1109/LGRS.2020.3034700]

Chellappa R and Chatterjee S. 1985. Classification of textures using
Gaussian Markov random fields. IEEE Transactions on Acoustics,
Speech, and Signal Processing, 33(4): 959-963 [DOI: 10.1109/
TASSP.1985.1164641]

Chen S W. 2020. SAR image speckle filtering with context covariance
matrix formulation and similarity test. IEEE Transactions on Im-
age Processing, 29: 6641-6654 [DOI: 10.1109/T1P.2020.2992883]

Chen S W and Tao C S. 2018. PolSAR image classification using po-
larimetric-feature-driven deep convolutional neural network.
IEEE Geoscience and Remote Sensing Letters, 15(4): 627-631
[DOTI: 10.1109/LGRS.2018.2799877]

Chen S W, Wang X S and Sato M. 2012. PolInSAR complex coher-
ence estimation based on covariance matrix similarity test. [EEE
Transactions on Geoscience and Remote Sensing, 50(11): 4699-
4710 [DOI: 10.1109/TGRS.2012.2192937]

Cheng J, Ji Y Q and Liu H J. 2015. Segmentation-based PoISAR im-
age classification using visual features: RHLBP and color fea-
tures. Remote Sensing, 7(5): 6079-6106 [DOI: 10.3390/rs70506079]

Cheng X J, Xu J, Liu Q Q and Lu J. 2014. Extraction and evaluation of
texture features in SAR images for urban land cover classifica-
tion. Geomatics and Spatial Information Technology, 37(4): 47-50
(BRI, A, X PERE, Bl . 2014, T 3 T b 490 43 25 19 SAR
EURSCHARRAE RIS 04 . 2 525 R B AE 8, 37(4): 47-50)
[DOI: 10.3969/j.issn.1672-5867.2014.04.012]

Clausi D A. 2001. Comparison and fusion of co-occurrence, Gabor and
MREF texture features for classification of SAR sea-ice imagery.
Atmosphere-Ocean, 39(3): 183-194 [DOIL: 10.1080/07055900.
2001.9649675]

Dai D X, Yang W and Sun H. 2011. Multilevel local pattern histogram
for SAR image classification. IEEE Geoscience and Remote Sens-
ing Letters, 8(2): 225-229 [DOI: 10.1109/LGRS.2010.2058997]

Dekker R J. 2003. Texture analysis and classification of ERS SAR im-
ages for map updating of urban areas in the Netherlands. IEEE
Transactions on Geoscience and Remote Sensing, 41(9): 1950-
1958 [DOLI: 10.1109/TGRS.2003.814628]

Freitas C C, Frery A C and Correia A H. 2005. The polarimetric G dis-
tribution for SAR data analysis. Environmetrics, 16(1): 13-31
[DOTI: 10.1002/env.658]

Gao G. 2010. Statistical modeling of SAR images: a survey. Sensors,
10(1): 775-795 [DOLI: 10.3390/s100100775]

Geng J, Fan J C, Wang H'Y, Ma X R, Li B M and Chen F L. 2015.
High-resolution SAR image classification via deep convolutional
autoencoders. IEEE Geoscience and Remote Sensing Letters, 12(11):

2351-2355 [DOI: 10.1109/LGRS.2015.2478256]

Geng J, Wang H'Y, Fan J C and Ma X R. 2017. Deep supervised and
contractive neural network for SAR image classification. IEEE
Transactions on Geoscience and Remote Sensing, 55(4): 2442-
2459 [DOI: 10.1109/TGRS.2016.2645226]

Guan D D, Xiang D L, Tang X A, Wang L and Kuang G Y. 2019. Cova-
riance of textural features: a new feature descriptor for SAR im-
age classification. IEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing, 12(10): 3932-3942
[DOTI: 10.1109/JSTARS.2019.2944943]

Haghighat M, Zonouz S and Abdel-Mottaleb M. 2013. Identification
using encrypted biometrics. //15th International Conference on
Computer Analysis of Images and Patterns. York: Springer, 440-
448 [DOI: 10.1007/978-3-642-40246-3_55]

Haralick R M, Shanmugam K and Dinstein 1. 1973. Textural features
for image classification. IEEE Transactions on Systems, Man, and
Cybernetics, SMC-3(6): 610-621 [DOI: 10.1109/TSMC. 1973.
4309314]

He C, Liu X L, Kang CY, Chen D and Liao M S. 2017. Attribute learn-
ing for SAR image classification. ISPRS International Journal of
Geo-Information, 6(4): 111 [DOL: 10.3390/ijgi6040111]

Jain A K and Farrokhnia F. 1991. Unsupervised texture segmentation
using Gabor filters. Pattern Recognition, 24(12): 1167-1186
[DOTI: 10.1016/0031-3203(91)90143-S]

Jiao L C and Liu F. 2016. Wishart deep stacking network for fast POL-
SAR image classification. IEEE Transactions on Image Process-
ing, 25(7): 3273-3286 [DOI: 10.1109/TIP.2016.2567069]

Kong J A, Swartz A A, Yueh H A, Novak L M and Shin R T. 1988.
Identification of terrain cover using the optimum polarimetric
classifier. Journal of Electromagnetic Waves and Applications, 2(2):
171-194 [DOI: 10.1163/156939387X00324]

Lee J S, Grunes M R and Kwok R. 1994a. Classification of multi-look
polarimetric SAR imagery based on complex Wishart distribution.
International Journal of Remote Sensing, 15(11): 2299-2311
[DOI: 10.1080/01431169408954244]

LeeJ S, Schuler D L, Lang R H and Ranson K J. 1994b. K-distribution
for multi-look processed polarimetric SAR imagery//Proceedings
of IGARSS '94-1994 IEEE International Geoscience and Remote
Sensing Symposium. Pasadena: IEEE: 2179-2181 [DOI: 10.1109/
IGARSS.1994.399685]

Lee T S. 1996. Image representation using 2D Gabor wavelets. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 18(10):
959-971 [DOI: 10.1109/34.541406]

Liu HY, Guo H D and Zhang L. 2015. SVM-based sea ice classifica-
tion using textural features and concentration from RADARSAT-2
dual-pol ScanSAR data. IEEE Journal of Selected Topics in Ap-
plied Earth Observations and Remote Sensing, 8(4): 1601-1613
[DOTI: 10.1109/JSTARS.2014.2365215]

Liu L, Fieguth P, Guo Y L, Wang X G and Pietikdinen M. 2017. Local

binary features for texture classification: taxonomy and experi-



FEUEFIFRIEAS - SAR G I7 itk BT SCH Iy 2 6 B A4 1 05 vk S ) 7326 15 745

mental study. Pattern Recognition, 62: 135-160 [DOI: 10.1016/j.
patcog.2016.08.032]

Ojala T, Pietikdinen M and Harwood D. 1996. A comparative study of
texture measures with classification based on featured distributions.
Pattern Recognition, 29(1): 51-59 [DOI: 10.1016/0031-3203(95)
00067-4]

Ojala T, Pietikainen M and Maenpaa T. 2002. Multiresolution gray-
scale and rotation invariant texture classification with local binary
patterns. IEEE Transactions on Pattern Analysis and Machine In-
telligence, 24(7): 971-987 [DOI: 10.1109/TPAMI.2002.1017623]

Oliver C J. 1993. Optimum texture estimators for SAR clutter. Journal
of Physics D: Applied Physics, 26(11): 1824-1835 [DOI: 10.1088/
0022-3727/26/11/002]

Pentland A P. 1984. Fractal-based description of natural scenes. IEEE
Transactions on Pattern Analysis and Machine Intelligence, PA-
MI-6(6): 661-674 [DOI: 10.1109/TPAMI.1984.4767591]

Qin F C, Guo J M and Sun W D. 2017. Object-oriented ensemble clas-
sification for polarimetric SAR Imagery using restricted Boltzmann
machines. Remote Sensing Letters, 8(3): 204-213 [DOI: 10.1080/
2150704X.2016.1258128]

Tombak A, Tiirkmenli I, Aptoula E and Kayabol K. 2019. Pixel-based
classification of SAR images using feature attribute profiles.
IEEE Geoscience and Remote Sensing Letters, 16(4): 564-567
[DOI: 10.1109/LGRS.2018.2879880]

LiJ P, Fu L Q and Han Y. 2010. Parameter design of Gabor filters for
feature extraction. Optics and Optoelectronic Technology, 8(3):
79-83 (ZEHEME, ATHEE, A% . 2010, I TAEAESE I Gabor 3§
WS R S AR, 8(3): 79-83) [DOL: 10.3969/.
issn.1672-3392.2010.03.020]

Li Q, Zhang J F, Gong L X, Xue T F and Jiang H B. 2018. Extraction
of earthquake-collapsed buildings based on correlation change de-
tection of multi-texture features in SAR images. Journal of Re-
mote Sensing, 22(S1): 128-138 (2=, 5k 5 &, BN, BEME K,
FEUHE . 2018, SAR FIR A HIARFF AR DG AL fL A I (14 72 T L5
PLEC. 3 EEIR, 22(S1): 128-138) [DOI: 10.11834/jrs.20187185]

Tuceryan M and Jain A K. 1993. Texture analysis//Handbook of Pat-
tern Recognition and Computer Vision. Toh Tuck Link: World Sci-
entific: 235-276 [DOI: 10.1142/9789814343138_0010]

Ulaby F T, Kouyate F, Brisco B and Williams T H L. 1986. Textural in-
formation in SAR images. IEEE Transactions on Geoscience and
Remote Sensing, GE-24(2): 235-245 [DOI: 10.1109/TGRS. 1986.
289643]

Wang L, Zhang F, Li W, Xie X M and Hu W. 2015. A method of SAR
target recognition based on Gabor filter and local texture feature
extraction. Journal of Radars, 4(6): 658-665 (F-3, 5K, 2546, it
e, WA . 2015, T Gabor I i #5 R = F8 20 JRAFAE 42 W
SAR HARRBIFLIL . B iK%, 4(6): 658-665) [DOI: 10.12000/
JR15076]

Wu W J, Li HL, Zhang L, Li X W and Guo H D. 2018. High-resolu-
tion PolSAR scene classification with pretrained deep convnets
and manifold polarimetric parameters. IEEE Transactions on Geo-
science and Remote Sensing, 56(10): 6159-6168 [DOI: 10.1109/
TGRS.2018.2833156]

Wu Z T, Hou B and Jiao L C. 2021. Multiscale CNN with autoencoder
regularization joint contextual attention network for SAR image
classification. IEEE Transactions on Geoscience and Remote
Sensing, 59(2): 1200-1213 [DOI: 10.1109/TGRS.2020.3004911]

Zhang Z M, Wang H P, Xu F and Jin Y Q. 2017. Complex-valued con-
volutional neural network and its application in polarimetric SAR
image classification. IEEE Transactions on Geoscience and Re-
mote Sensing, 55(12): 7177-7188 [DOI: 10.1109/TGRS. 2017.
2743222]

Zhao Z Q, Jia M and Wang L. 2021. High-resolution SAR image clas-
sification via multiscale local Fisher patterns. IEEE Transactions
on Geoscience and Remote Sensing, 59(12): 10161-10178 [DOI:
10.1109/TGRS.2020.3039847]

Zhao Z Q, Jiao L C, Zhao J Q, Gu J and Zhao J. 2017. Discriminant
deep belief network for high-resolution SAR image classification.
Pattern Recognition, 61: 686-701 [DOI: 10.1016/j. patcog. 2016.
05.028]

SAR image directional context covariance matrix: Construction and its
application in terrain classification
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Abstract: Synthetic Aperture Radar (SAR) is a kind of high-resolution imaging sensor, which is able to work under nearly all weather and

illumination conditions. SAR plays an important role in earth observation. For single-band, single-polarization SAR image, however, there’s

only one complex scalar in each pixel. So that the information contained in such single-channel SAR image could be quite limited, which
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limits its performance in various applications. Since terrain classification is one of the typical tasks in SAR image interpretation, this paper
takes it as an example to demonstrate the problem and gives our solution. To address the above problem, this paper proposes a representation
for the spatial information on SAR image—the Directional Context Covariance Matrix (DCCM). DCCM obtains the variance of pixel
intensity in several orientations inside the neighborhood in order to make use of the context information. During such process, the target
pixel in extended from a complex scalar to a group of matrices, so that its information content is increased. Besides, the matrix form also
enables some of the advanced matrix algorithms to be applied to single-channel SAR image. On the basis of it, the DCCM texture feature is
derived, which can better represent the texture properties on SAR image and shows better discriminability for different land covers. Then,
the texture feature is combined with two traditional classifiers as well as the Convolutional Neural Network (CNN), respectively. Thereafter,
a SAR image classification scheme is established. To illustrate the performance of proposed method, terrain classification experiments are
carried out on AIRSAR and UAVSAR datasets. Methods based on three commonly used texture features, the gray level co-occurrence
matrix (GLCM), Gabor filters and Multilevel Local Pattern Histogram (MLPH) are taken into comparison. On traditional classifiers, the
overall classification accuracies are increased by 7% on both datasets. While combining with CNN, the overall accuracies and kappa
coefficients are significantly improved with DCCM texture feature than the original SAR data. The proposed feature also shows nice
efficiency and better robustness when compared to other texture features. The experiment results indicate that DCCM is an effective
representation that is suitable for SAR image. DCCM is efficient, robust and easy-to-use. The proposed DCCM based classification method
can improve the classification performance of single-channel SAR image by increasing the pixel information content. Beyond that, DCCM
could be a promising method for many other SAR image interpretation tasks.

Key words: SAR image, representation, directional context covariance matrix, texture, terrain classification
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