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Abstract: The lithology classification method based on pixel primitives, polarimetric synthetic aperture radar (SAR) data and
traditional machine learning algorithm is easy to be affected by the inherent speckle noise, and the accuracy is not high. In order to
reduce the effect of image noise, the neighborhood of large-scale pixels is considered as the primitive to characterize the spatial
aggregation characteristics of surface geological units and the corresponding lithologic semantic information. Using GaoFen-3 dual
polarization data, the polarization decomposition is carried out first, and a 3-channel color composite image is constructed as the
input data of the subsequent model. Then, the deep convolutional neural network (DCNN) based migration learning method is
used to extract the effective deep feature representation, so as to realize the automatic lithology classification under 5 m and 15 m
spatial resolution conditions. The experiment results show that based on different resolution data and different DCNN algorithms,
the total accuracy of automatic lithology classification is greater than 80% , and the highest accuracy is 91%. Generally, based on
large-scale pixel neighborhood and DCNN migration learning method, high-precision lithology classification based on SAR data

can be realized. The lithology remote sensing dataset based on dual polarization SAR created in this paper can also be used as the
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benchmark of lithology classification based on artificial intelligence.

Key words: remote sensing; lithology classification; transfer learning; deep convolutional neural network; GaoFen-3; SAR.

0 515

1 R b TR TR 2 A Y SR R X
Mo R A K SCHE RS TR A 0 IR A A
T AN EEN R — FERE RS T
PR DL K B i Gk EEAH . K
WLk W98 P DR B R AR W a2 R
JE 22 S A LI A # (T E A 4L 20105 6 I 4
2017) , AE 5 M4y 25 05 B HUAS T — 2 1 R .
By B, A 2 0 98 5 3 T K 09 BF A0 T/ A&l 4%
e EANZHEEEEWBEEARZIIE R T —
R TR R R 18 RO T R
BT AER R (IR 45, 2019) . SR T, 33 F s =X 32 0
PERR RCRAL, R = AE N T HE DL S 3k g T, B
PR BRI £ B R, 3 4 ok 5 pE g & A 3l o
2 B E S (I AR 20085 9K 55, 2018).

[l P A2 3 A R R A Bl R HEAT T R i
WFFE . FERR R X, 56 T 20085 M s 6 1 2 15 15 3
REZREW T —RINAMAFEAR T LA R, 0
YoHEFE B EE (Liu ez al., 2014 T W &5, 2015; B%
B0 %5, 2018) A% i VG BC 2 (4B B AN AT 28 %
2013 ; 8  F 4, 2020 ; Sekandari et al., 2022 ;2=
,2021) . BE b SR RS AR A A M oy b —
TV A A LT A A (TR AR O AR, 20205 B =
KAE L 2021) B I BUAR BT R By 2 KA i B
EME A SR AEFERAE SRS, AR
BB T8 5 87 MGGt 2% Jr vk 50E 6% T i
T ARME SR BB A MR B (RSB )I4,2012).

4 W fL 2 7 i5 (Synthetic Aperture Radar,
SAR) H & 42 RBF 4 KAE & B R MRS, JF H
Xof b FRAH W B — o 0SB E M fk SAR EER
G AL R B S T M) F A E S, AT DL AR
B b 9 () ) PR 1 R SCERARAE T2 T b R IR BT
BRN KM, 2010; TEIE,2015; Z LA
R, 2021) . AT SAR 38 A 57 F EAE P AERCE R
PR (Li ez al., 2021) JEAE M (Kim et al.,
2019; Kalia e al., 2021) . 1 B % 5 % il I (Saepu-
loh et al., 2017 Liu et al., 2021;Dai et al., 2021) .
Feik HARIRI (Pei ez al., 2021) %07 i, ‘A0 A 814
KPR &R (2014) L) Radarsat-2 4= ] 4L 52

G Bt IR, O R B b XA M Wl 5 T fE ol AR
5B Xie er al. (2015) 3 T 3 F ] & ML 2
A2 W Ak SAR ol R R T A M 4 25 Yuan er
al. (2016) F] 1] ASTER I RadarSAT-2 ¥ 4ff # 17
EHMESSE R A T EEE Lu e al (2021) 3T
CU AT — S XU Ak R s L SR N T RE AR RN HIL
A EG A A A A K A R A
R a AT Tk A2, Bk LR
JL N K TE, B % SAR ER [ A BE AT WS 5,
AT 5 2K B e L4 A, Bk N Tt
FEAE XE DL AE % A A 2 e UF R
A, 22 70 2246 20 UL 2R 48 A e T
HORW & e ot B e h ny 4 7t o 2 T IR EE A T
TR oy KAt T ML (Zhang er al., 20175 3K &,
2018). L4 4 B4 22 W 2% (Convolutional Neural Net-
works, CNN) 24 {2 9 % B 27 > AR, P58 R Y
FEAESE IR 77, 91z T T SAR HUHE Y 1 Jk
E 1% 4325 (Zhang et al., 2017). 4 Liu ez al. (2019)
S Az BN 4T M) 4% F Ak A SAR B4, 75 P4 %2 11X
TFRE T b A 5 2 K 9E . Zhang er al. (2017) K&
T AL SAR SZAR B AR HLH N7 T H IR E B
FR Bl 28 I’ 2% (Deep CNN, DCNN) 5 Jf i i #% 1k
SAR S A58 18 ) A7 A0 A7 25 25 & b 15 8., i
77 & Mo ] H 4325 . Zhou et al. (2017) 3 F % 1k
SAR AR CNN W 2% A 048 & 1 4 R T 2 26
KB 5K TR X g (2020 ) 38 o W Ak 4 ff 4 AE A
A5 K A 4E S ) SO B KRG R, Sl T
+ M7 T4 2E . B 2, CNN F H 58 K 4 AiE 42 B
AE 7, BB 68 4 & Lo R /BT W A o SRR R
Wang et al. (2018) % T WM fb SAR %k 41 £2 B iy
FEAE AR TR B S A A B ME &R H 30 G Y
i, DT T J 25 PR 43 28, JF HUAS 17 A6 van 1) 4 OKG BE
[7i) 25 b, B2 A A AN T3] 1 0T 5 5% AN ) R 2 3 Je ]
B A AR @ U IRAR (SO R 5 A B
5 DX 5, AR g s RO b, b2 A A Tk
i 55 A 7] b J5T 4% 1) 2 TR 1l 550 RN S0 BRRAIE | 33X S b 5T
K H LR AL 5 B U N TR Y A5
T R B il R Y 1 AR 22 B AL Y i JERORR
TEAE S B Ak 58 B . ) 28 i U 1 i) 2 B L i 4% A AL
PEWR 2R EORRIE  BE05 Oh 1E JR H Bl R R PR LA



55 113

25 5 45 < T VR B AT 1 LR fl SAR 8 R P (R P 1 30 43 3K 4269

WO ER A R B, SAR SR A —E M B,
AL DAARIGHS 73 B b 32 715 2., Ab RS 19 UG ST AR AE
AR 2 AR i, AN [R) P 38 ik 37 5 25 S Ak etk
3 308 3 R P AR AE AR A T 20 1 3 R B M B A 26
(A BRVE LA . AR TAT, YA 3E TR B 2 2] $E R T e -t i
OB FEMIR D, FEAR AR (D ARTEA T
T BRI A TR M BRI R e = IR S HOR TR
KA AR TEREASHEA T YN LR, 1T SAR EUG 1 bR WA S
9 E W MR NG, TAER K, 38O 4 b
Z (2B K A PE(E BN RE BRI 5 B UA 34
TRIERE PRI . 54 P45 - b R /78 5 2 ) 1 R
BAEARTR A& AR FTE A 454 DL 805 BIE
B R UGE U B B G AR BT — ALY
ANFRIN) AN B b AR G OT SR R BT R ARG
FEIR P SURRIE M MG R R AE 3 L, T 78
IR A AR B RS TR B R AR AR SO el
#7 £ T &S =5 (GaoFen-3, GF-3) Rk
fb SAR 4% B K R BE 41 3 A Mk B HE 4 (R RR
CUG _GF3SD) s8R , #& i 7 —Fp 3 T R REAR
JC 48 AR BRI Y A M R R SR L) R
TR Y f B KRR AR SR RAERE ) s I )m L T
AN TR 25 [6] 43 B R BOHE AR ) DOCNN B LR R T
PN NI AT € I E: BNV e

1 BF5E IX 5 80 IR

1.1 HREHER
TFGE XA B e VT 48 rE B 1 a5 T P e DX, 4 )
YLHT VG AL J7 1), b SR LA (L B B KR TRk =, b

I 2 MR W L A A T R AR L LAE
B TN K FAE B 9 T N 2 R4 R
BT AR T, AR AR A TR B R A v AR AR
& IR AR RO Y e WA BB S e B e ol
), 2 M DX 37y S U A s 3 1) R T A o
e QIR AN N <1 o AN = e | v | o N 1
1.2 EREIERE

ARG E 72 GF-3C 3 BE XU Ak (HH Al
HV)REA 550 | 908, = R B8 5 m.GF-3 1
BT 201648 H 10 H ) & 5, o2 v [ 5 — i o3 o
K1 ml CHIBIZHAL SAR TR (WE D). KM T GF-
3 TR B AR USRS 20204E3 H 1 H .

2 W Ik

21 EBRHEFMLESEEERE

¥ PIE-SAR #{F #F 17 % 48 w4k 1, 3 %
£ 15 52 BOHE e e 22 WA B MR Ak R R e (C2
HBE) M AR B LEE U AL B CH/A/ o R AR 53 %
M B g 5 AL IR o BRI BOAR LR T ML
515 8 AW 52 X b ) 43 A LA AE B TN K2
FAS TCHE FR W) o, SR AR 4 BF R B s v LU A
B D SR B R S I S 5 R Are-
GIS10.6 #AF 44 52 AR B R A 2 15 m X b 52 5

X T AN ) A R AR D7 20 T I8 L R Dk, AN TR
0 FE AL R B A P 3R T S AN ] A R G G R
fiE . Hu Wy B b 008 A B (5 B BB R AE £ & 1Y M R
fiE, A1 It AR B 24 1 b ) 1 A0 A5 R 4 = iR fk SAR
G 43 K BE 16 S B AH L T 54l fk SAR, 2 i) 1k

R1 GF-3D1EBHHMARAER(XAFMKKE,2018)
Table 1 Main technical index of GF-3 satellite payload (Liu and Zhang,2018)

AR £ Bk 53 HE (m) I 5 (km) Wtk Iy =X
WHHREA(SL) 1 10 ARl
UFS 3 30 AR Al
FSI 5 50 WAL
S FSII 1(3 100 WAL
SS 25 130 WAL
QPSI 8 30 EX &t
QPSII 25 40 KRt
NSC 50 300 B AL
FI G X WSsC 100 500 AR AL
GLO 500 650 A Ak
PGB (WAVY) 10 5 R
bR  (EXT) IRAg N 19 e
= AT A 25 80 XA AL




4270

HiBERBL2%  http://www.earth-science.net

54T 3

BT WX SAR B (05 i EE
Fig.1 SAR false color composite images
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Fig. 2 Constructed lithology and surface water distribution, field verification points and photos in the study area
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Fig.5 CUG_GF3SD _5 dataset display of various classes
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Fig.6 Polarimetric SAR lithology classification model based on migration learning and large-scale neighborhood
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Fig.9 Classification results of CUG_GF3SD _5
a. EAHPR% ;b.VGG16;c.ResNet;d.DenseNet
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Table 3 Classification accuracy of backbone networks under different resolutions
F IE 2 I 2% FYE/IE S A Hil S R i€ ISES e ERNKE EL OA Kappa
VGG16 CUG_GF3SD_15 0.79 0.86 0.87 0.65 0.94 0.69 0.89 0.78
CUG_GF3SD _5 0.86 0.65 0.93 0.89 0.87 0.82 0.86 0.71
CUG_GF3SD_15 0.76 0.57 0.86 0.55 0.94 0.62 0.88 0.73
DenseNetl21
CUG _GF3SD_5 0.86 0.64 0.93 0.89 0.87 0.82 0.85 0.68
CUG _GF3SD_15 0.64 0.47 0.78 0.35 0.95 0.67 0.85 0.66
ResNetl01v2
CUG _GF3SD_5 0.84 0.60 0.92 0.82 0.84 0.75 0.84 0.67
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Fig.11 Classification results of CUG _GF3SD _M5
a. HAHFR% ;b.VGG16;c.ResNet;d.DenseNet
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Fig.12 Confusion matrix of CUG _GF3SD _M5
a.VGG16;b.DenseNet;c.ResNet. 0. 85 1 AE RN K 552, 85 45 3. A2 5 4. KK 5. M HUHE R B
Fz4 CUG_GF3SD_ M5/ ¥R ZHEREME LB E
Table 4 CUG_GF3SD_MS5 classification accuracy of backbone networks
FEAEAR BRI 4% (5 m) RO R WA TKAR i A N A At OA Kappa
VGG16 0.90 0.84 0.93 0.89 0.91 0.85 0.91 0.80
DenseNet121 0.90 0.84 0.93 0.91 0.90 0.82 0.90 0.78
ResNet101v2 0.89 0.82 0.93 0.87 0.90 0.80 0.90 0.77
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