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1 B3R Kt AR, #ak KR 430074
2P ENRAE G ARTRESAT PO, BAITAIL 157000

WE: (B EFHBooin. WidmfliaE L (Synthetic Aperture Radar, SAR) U £ N 2% 2% )
FREE Y KT71, 552 SAR BB IEG A B0, KA S . 8 7 R B Bgem, (U776 A
WA LAR R EEARTC AR A TG, TR AE 32 5 A 1) 18 IR SR E AR R B PR UE B SRS =
5 XU SAR HAR e AT MRAL 3 R A 3 B IE RO (B G U R e S AR R JE R
R E B2 M 4% (Deep Convolutional Neural Network, DCNN) TR 22X (7775, HREUE RUKR
IEFIR, ARSI Sm A 15m PP IA] ) e PRI E 3 5. (S50 SKBedh R Y]. BT A
Eﬁ‘##%éﬁﬁ%ﬁlﬁl DCNN 3%, A PR E 300 KRR KT 80%, Hfwmiki RIS 91%. (&5
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43} 29 Abstract: (Objective) The lithology classification method based on pixel primitives, polarimetric synthetic aperture
5 30 radar (SAR) data and traditional machine learning algorithm is easy to be affected by the inherent speckle noise, and
6 31 the accuracy is not high. In order to reduce the effect of image noise, (Method) the neighborhood of large-scale
7 32 pixels was considered as the primitive to characterize the spatial aggregation characteristics of surface geological
g 33 units and the corresponding lithologic semantic information; Using GaoFen-3 dual polarization data, the polarization
10 34 decomposition is carried out first, and a 3-channel color composite image is constructed as the input data of the
11 35 subsequent model; Then, the deep convolutional neural network (DCNN) based migration learning method is used
i 36 to extract the effective deep feature representation, so as to realize the automatic lithology classification under 5m
14 37 and 15m spatial resolutions conditions. (Result) The experiment results show that based on different resolution data
15 38 and different DCNN algorithms, the total accuracy of lithology automatic classification is greater than 80%, and the
12 39 highest accuracy is 91%. (Conclusion) Generally, based on large-scale pixel neighborhood and DCNN migration
18 40 learning method, high-precision lithology classification based on SAR data can be realized. The lithology remote
19 41 sensing dataset based on dual polarization SAR created in this paper can also be used as the benchmark of lithology
20 42 classification based on artificial intelligence.

g; 43 Key words: Remote Sensing; Lithology Classification; Transfer Learning; Deep Convolutional Neural
23 44 Network; GaoFen-3; SAR

24 45

25

26 46 55

27

28 47 PR R R B B AR R, R DM A A KOO S TR, 5
i 48 WIRME. ISR AN RN R, RN, TR 5 LA M B B
31 49  BURKEEEZEN. KUK, TFREMHPERBEEARZN. a6, ZRE. 2HEH
32 50  WIRF CEEAESE, 2011 ADEHIEE, 2017) , fEEMESRTTHESG T —EMiEE. &
i 51 WBL, WA T RERNE I TS IR, £ AN LR H R ESORZ
35 52 BT —ERGAREORINER R, ORISR R 3 TR (KO85, 2019)
36 53 AR, XA TSR RS, RAE AN JIHEARIE R, TSR EHERR 1R R .
37 54 D, RS EERKE KBS T E A (EIEASE, 2008; KIRAE, 2018) .

- 55 [E] Py S22 SRR R E B EEAT T REIEIE . TEMRER X, BT St P e ki
40 56  BRBEBARCALK T — RINARIEART R &, WAt s ek (Liuetal, 2014; T
41 57  WKEE, 20155 PREESE, 2018) MOG#EVLACIEL CRATSE, 2013; ZHF-5F, 2020;
- 58  Sekandarietal, 2020: 2%, 2021) . AL, JeBERBRIE S Kb EINEE
44 59  HEZWMO GRIZEIFE, 2020; FE=K5F, 2021) ; HEMEHRES2ZRIEM, MH
45 60 fEfEgEEXKAEEEES IR, SEENHEEE T HERE", WESZIIESE
ﬁ 61  IBULECTIVARAESEI B ARG CRBNISE, 2012) .

48 62 H i fLEHIA (Synthetic Aperture Radar, SAR) H & KK &RME. SR I
49 63 &, JFHXIMEREA RS ERFETE. Rt SAR EBHEAH & R SLR I EE S TR E
50 64  HIBRALEE, W DURBOUY) BRI R SOHRRAE, ) TR B K (A,
> 65 2010, TEEFS, 2015, HHHESE, 2021) . AT SAR BT E B KT B R
53 66  H (Lietal,2021) . &M E (Kimetal,2019; Kaliaetal., 2021) . W3 %% 5 FE i K]
54 67 (Saepuloh et al., 2017; Liuetal., 2021) %Pk HFRERM (Peietal., 2021) , HPEEBNIE
> 68  BRjUED . HMAFLL Radarsat-2 WALRAR N EARI, JFRESHIK A PE L R S L AE
57 69 ERMRI GIKBSE, 2014) o Xie S5k FF M EHUFIAM AL SAR Bt JFhe 1A 1k
58 70 /3% (Xieetal,,2015) . Yuan %5FIF ASTER #1 RadarSAT-2 ¥ 4T &£ 2, 48 1 4
2 71 O (Yuanetal,2016) o Luf8iet “Mie—57 XURALEME, RAAN TRAEAILES

WWW. earth—science. net



o N1 O\ Ul e W N

72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105

106

107

108
109
110
111
112

HoERRF

Sy, MAsA. RiliE. ARE. BEMERSSSEET T3 (Luetal,
2021) o Bz, ERFEUMEICAIETE, 5% SAR BIMEIE G B R, TS B0
MeCAHRTE, 1 ELR A AN T v ARRAE i AR AE Hh 2 o M 1) 8 )2 0 XS R

TAER, 2 In 2 A I R G AN Re T BRI R B St H R s T, AT
TRJE 22 ST R K42 L T HLAE (Zhang et al., 2016; 3K, 2018) o PLBFIML M 2%
(Convolutional Neural Networks, CNN) AARKMIIRE S AR, [FH 58 KRR AR
71, BETTZ BT AT SAR B 118 R % 0 J5 (Zhang et al., 2016) o U1 Liu S5 % H A2 ik
XFPL I 2% A AL SAR BIMG, TE7E e X JF J 1 b 78 55 7 KWL (Liu et al., 2019)
Zhang %5 N5 T4k SAR SR I RG], #5772 EURE B Z M4 (Deep CNN,
DCNN) ; FEFRI AL SAR SAAG @IS [ AH A A7 Z 2 S (5 2, BT 7 LRI 43 2%
(Zhang et al., 2017) . Zhou % AFE T4k SAR FAZ M1 CNN W%, 33042 1 3t 4
FHGIE (Zhou etal, 2017) o FRiFETF 55 I A0 75 M5 A0 A0 25 K 40 v 48 5 [ADAE (S B IR
BEMCE RSBl T R A 0 28 GIRETEEE, 20200 o A2, CNN [ G K R AR B Y A
71, REMSHR R/ A R . Wang 2538 T XM AL SAR Hdfs $2 B A AE AR T
iR, 2NN EIMESHGE D eE, MNMIFRAM S, IS T B E M0 885 1E
(Wang et al., 2018) .

[F) b B AR FE A R ML 7 5 AR R BRI IR G A AL B . JURITFIR . SCEE R
fE; MEBEEX NS, ARG RRE L, R 55 IO 5 A B bR A 0 1 3
SR GUHRRAE, X2 5 % K H AR R B3k . 5 B AR R R R, SRE IR SR

R A8 AR 22 FEAL A 5 R TRRF AR AR WA R SE B [RI R FUIA IR B . I & 5530 1R

HIRRE R IE, BENE VIR B SR R A R R o R, SAR SRR A —E W)
FIEE, FTLGEREGR > “HHhR” (EE, AR S MR SL AR E AR X e R R, AN IF]
i VERE RO 52 AR VR RS I PR LR AT 200, X 38 B R 7 R B R A
fitfo SRT, ETEE TR S BRI e m VERE R SR FUAR AR B D, B PR
(1) By R A SR I e 2 SO AR ok = o TR 52 ST BOR TR B R AR ERE A BEAT I
g5, 1M SAR BB MIbRE MR Z S = Tk SR N b1, TAEER, SHMlEER=.
(2) B IXE RS DA BE AR SR AT R ER BERFAE R A o 55 4% T <5 - oM R /78
R R R B, AR B AFIEE . 45 BRSO B B & 2 R XAE
B, RREEGA ERA @R AN AR AR R IT RS, BT R R A
RIABRXME SURAE MR R RAE T 1% BRI, O 1 78 423 a P AE 7 5 RUSE B IR LRy
fiE, AXHETMET BT RS =5 (GaoFen-3, GF-3) XUKAL SAR HUH 1) K L 41 35k
HVERIESE (R CUG_GF3SD) 5 RJ5, FEH 7 —Fhdk T K RUZ R To AT AT AR 5 RF Ak 1)
VRO SRR, PR THE Y (R B R IR IUNUR AL RE T feJim s 6T AN[R 23 18] 73
HHE AR DONN SLEITRE 7 KBS, AT 46 e S5 SR AR A X A7 21k

IRTIFIWERSE-V &/ 3/

1.1 HARXER

W FE DX AL T RR R AR e A Ti Hh mg X, MR ATy ClnlEl 1 o) L
R DRI B XA 08 2, B R 2% MAgCE SRR &, o ZIRNE,

PATE R IN KA R A N T . XNEERER A S oa s R A, AU RIS B
Fo ARG SRS T R R BV S SR - L Y, a2t DX S o S A i 3
VPR AT R IG IFE H (KI5E0, AEAS KA RN R AL- AL AR T J AT
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23 115 Fig.1 Geographical location of the study area

25 116 1.2 BRHIEIR

27 117 ARURHF TR F B 77 GF-3 C ¥ B AL (HH R HV) AS A4 1 ety = p PR
28 118 N Sm. GF-3 LT 20164 8 F 10 HSE AN s & P 26— BUr Ik 1m ) C BB 2 1)
> 119 L SAR TR (LK 1 . KT GF-3 TREAMEHSE, BARZRIGHFN 2020423 5 1 H.
31 120 A& 1 GF-3 LEA MEMEORIEIR AR, 2018)

32 121 Table 1 Main technical index of GF-3 satellite payload (Liu, et al.,2018)

34 BB A AR T /m & %5/km B 75 X

36 HHER (SD) 1 10 ki

38 UFS 3 30 AR

40 FSI 5 50 XA

42 FSII 10 100 XA,
43 2 UG
44 SS 25 130 XUAL

46 QPSI 8 30 Ak

48 QPSII 25 40 EUte

50 NSC 50 300 MRl

5 G AR WSC 100 500 XUARAL

GLO 500 650 XA
55 PR BH (WAV) 10 5 oAk

= FRNS (EXT) N 25 130 XAk,

59 NG A 25 80 XA
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2Tk
2.1 ERBHUE TR 5B %R

K HH PIE-SAR SR THAE AL EE, FEAFER AR, SO WAk E MR 35
(C2HEFE) « WALKEEL LEE B AL . H/A/a BRAL A HhERRED S . 1% 7 PR 40 SR 17
KT I TE S, ARATE I X M) 53 A0 DLAE I KA RIS BOHERR D R 32, SR AR 40 %
A AT DA R0k S O AR, DRSS H B ArcGIS 10.6 BRI FAAR R AE 2
15m X H 5256

T EREAS S Al 7 S Tk A, A IRIRLRE . XUALFE B 1 7 1 R T =2 AN [R] 1)
HLREHURRFAE . 104 B AR IR AL OIS B RERAE & M RFAE, DR SR 250 B A
A5 BE SR AL SAR B 805 B RS . M EL T M4k SAR, Z M1k SAR FRELAI L
WA RS T M) B B AL LT R, gyl TR RRERE . RS, X kR
FERT AL — 2 FRAERILAE SAR 14 b, X EZWMAWEFRIIH . T 0 FIHRAE R,
X GF-3 XUk AL SAR #5817 Cloude-Pottier 73 fift, 152 7 AL BU S H. &R 7 AL
AL BN A o

RT3 R I TR RR BE 5 SRR S N B A, AR SR TR A ORI
WIEA KRGS B EEEEN A ) &8 HH. HV AL B f1E N Ry G, B JREL,
BATREER (B 2 i), HERESAR A ANSEE . BT R EUR AUEROS Y, SAR
EUR IR A — WA 5], EERAFE B . ASURBIF FUE Ik 26 P R it (1) 5 =08 ¢ B B e i )
0-255 Z 1], BRLRUEFCAF G — M 0 286 A5 AL PR ai N [R5 1 MR T bR S, AT
TR P22 ST RS R R R AR o B 2R PR R, o G B R kA7 3 0, 2 — PPk T 5R 50 il
MERAE, REWEAE— @ FRE bR IR 2 S B ) ] e 1k

: T

K 2 W7 X SAR R E BB EEDIVIGEIE, A EDIEMER S EI5O
Fig 1. SAR false color composite image (The left is the initial image,

the right is linear stretched image)
2.2 CUG_GF3SD SAR A #IEEHNE

221 ESFREEE
BARETHARX 1. SHMFERE. &0 54528t A %N GE3 BERS
A%, KA AN H H ARG, B3] 7B 50 X0 BCE P R K (K )25 i P 45
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SRJE, FEEFANSBIRAE KSR E BT IR E R, TR T A R A TEA K A R R
HAEAEARZE R (B 3) , AT AR M AR Ve R B 7 X B dE AR TR N
K&, Fa, s, MEdERY, BUROKAE.

—

B s [ R I s A S
B ko B R ECERY A A EERE

B 3 Wt 7T DX PEAT AR K 7 A1 1 K B A B IE e 5 A

Fig. 3 Constructed lithology and surface water distribution, field verification points and photos in the study area

2.2.2 CUG_GF3SD SAR ¥z &4

T2, FIH ArcGIS 10.6 FAFLERT Tt XAEAN S HIX I B ALIZE B — & B R i R )E
LKA OO RN B AR I B 5% . dn SR CAR IR/, NG B ERVE, AR
SRR, MARXBIEER G S EEE, MR SOERE 48x48 fENALIEERE, BIa K/
B8 15m Ml 5m; I )a, BRSBTS B ARG EA RIEBISCARIE T, I e R 4 .
i #2 H Python 4 s H 255 He BEIEFEA S0/ EORIE 0T 5% X A AH S #4201 53 A T AR Al o
CEARLHI R 2> o E, 2l Sm M 15m 7> PR 1 5¥E € (CUG_GF3SD_5,
CUG _GF3SD _15) , ®AEHEEEYIE 6750 dkFEA, LA 300 5k, i INKA 2500 5K,
#4150 5K, FriE 300 5K, FARCHERI.2000 5K, ZKAK 1500 5K HI T KR 43 A S ZRIR 4y
BRI, KRR Z o dhAh, XT Sm a HEER AR R ARG, e T — MR &
(CUG_GF3SD_MS5) , &FHHIEENEIELE CUG_GF3SD_5 1 2.5 %, 3£ 16875 k14 .

Pt (B4 W 6 KHZEAL, 435100 15m PR AR (i S fion) L& Sm
IHERG CE 6 FTR) 5 fEiEAN “f” #%a, AFRECE IR S KN h 48.6MB
AU129MB: 73 AN EE— DA — MR (04 1L 20 v 5D, BERIZRIN e 0 F
WS (OneHot)

Wik s AE 6 s s, 15m 2 HFRAEEREEKELE, feRiA g s0h UE
B T Sm arHEER R B TE 2 2 REEENER, REREE.

2 A FIBAEIRAE S HCETEA R 1 b A

Table 2 Proportion of corresponding categories of sampling points of different data sets

HEsE FARCHERRWI(%) | BB (%) | KIE(%) | AE(%) | R INK S (%) #+(%)
CUG GF3SD 5 1.85 448 51.51 16.35 0.91 34.96
CUG GF3SD 15 1.85 4.48 51.51 16.35 0.91 34.96
CUG GF3SD M5 0.13 0.34 3.65 1.09 0.06 3.44
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HIRE o
W 2.tif
%If}” " 1 " X . ' - 3.tif
Ei=) FEERy KK bar= ERNES =t E PR
wE 0 1 2 3 4 5

Kl 4 CUG_GF3SD ¥ 4E Hiik &l
Fig 4. Content description of CUG_GF3SD dataset

HEHRAKE
-

-
ii

BAEN
FAEUERY)
K 5 CUG_GF3SD. 15 $df 4 % H M5 o S 15 e
Fig 5. CUG_GF3SD 15 dataset display of various classes

“u. I

R RKE

SO R
H B

Kl 6 CUG_GF3SD_5 ##li 4 %5 23 B H 4 18 B
Fig 6. CUG_GF3SD_5 dataset display of various classes

2.3 RAGE

DCNN 5 2R R R ICFEA A R R0 R, A 5 B W& S8 8. i+ 240
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BAATFRRNE R REIRE, KRR T — S TIE8 2% 2] (1025 118 By gAY
ZAEAL R, N EEON ELER B 1) 48x48 [ K R B A 2R AR IR G B 4 ifi i Vi 30
FUBAR 3 s R 48%48 A3 G AT T - VPN AE B2 . Eofdctth, 120 T ImageNet 1
JE4E ( Dengetal., 2009; Krizhevsky et al., 2012) (TR AR, SR 5 K A P Hdie
ST, TIHREL SAR SR G RUREHFAE: fefia, I SoftMax 78 J8REEAT 732K

B AR ImageNet [ B A MG H 5 5 SAR 2 GBI BB Z R, {H72 ImageNet il 511
PIZE AR, BB S B UG B — L@ AR, WEEaAIL 4. Xk 2. J 2 8 R RAE,
REARS T2 T SAR G Hl A M2

DCNN A4

ResNet: | DenseNet:
ResNet50 enseNntl2l%f

ResNetl101 enseNethQ‘:i

| VGG16
| Ve

__________________ . By e e S
w RN g | s
VGGI16 sl
Atk N Ak Fedi
DenseNetl21 | 1
BRI | BROR | | BN | RE0E !
K B K By |
ResNet101 kel § | : 1
TRMAR2E B e I
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, :
puim i 2L I

I: Hisll 4SEEEWZSIT  SoftMaxZ#ETT

P 7 B TR 2 ST R ISR AL SAR 51 73 Jpi 7Y
Fig 7. Polarimetric SAR lithology classification model based on migration learning
and large-scale neighborhood

ARHFUER T VGG16, ResNet101v2, L DenseNet121 45 3 A FIER T L Fil
SRR . Horh VGG16 2 28 M (AR 4, SRR R X f] 5, AR T At 9 A o) 2% B 72
M7 EN A SE =M/ (Simonyan etal., 2014) . ResNet101v2 il i BEKIE R 1) 77 K
RIS, FAC T BER AR RICRE, IIgREEER (He etal., 2016) 5 i DenseNetl21
i 33 DenseBlock ¥t BLHRG fir A 2 E LK, > 7 S8R, REBE G B T 2k 10 1) A

(Huang et al.,2017) o 3T SELS, —RIIUEA KA TR R CUG_GF3SD 4 4R (1) T SE

TP =R R R B R AL SR E M 20 AR AL SAR S ARCE PERFIE RO RAERE Sy &I T A
SR I TS 22 ST AR R AR AL SAR 5 PR/ SRR

AR R IRETE B S, & ERE M RIS 2K IR AR X RAE, PRk A
38 3/ DCNN R, ik gt X B e A b, DRIMCSR A 1 0 A8 A T 78 AN i i 11
M. IR 3 MR, VGG16 AN R M 4%, DenseNet121 A1 ResNet101 v2 /&4
XY RILE . 2 BT LAERE TT X B R A RO AT S N, Vg AR AR R 2%, — 2
AT LAZR S PR ST M- o A0 R s R IR HY A s B3 F ) DCNN AR (i 77, B
e i T E Y ) DCNN B,

2.4 BEITHN 4R

KHFRIREE, SRR (Overall Accuracy, OA) , RIEHEFE, LLK Kappa RECKIT
Wror ke . Hor, BRE B2 RN AR K IR 70 RECEAE A R A1) L EE, OA s2 ) 2R45
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RS, s (1) Brs. Kappa RECE M T — BRI HIHEER, 7T LLSE N2 ML S ik
Iy ARG RN S < AN — B, il (2) Frios.
ZiNi
0A=5; (D

NARGE PR IEW 0 KRR AR, X TAGRITA MR A%

P, — P,
Kappa=+—4- (2

Forp, Po oo SRIEHA MIREAS SR LUSAREAR R PONTRIEFERE & — AT IR T — 51 i)
A, SR FRRE HAR AR LAREAS 2 )75

35200 R S R i

3.1 SLWIMERSHIRE

SCESLE 64 £ Linux 5T, TR SIHESE TensorFlow 1.13.1. PyCharm {445 i
17 HE{4HCE N NVIDIA GeForce RTX 2080ti i, EAF N 11GB; K] CUDA 10.0 #k4T
GPU I it 5. JIZREMISUESE IR LI 9 1, 5 fa idhA7 4 B0 H kA T8 FE PE s
SRR SIS R A RN SR 25, FFRIERIEE I G0 E, #K/ (Batch
Size) N 512, 313 0.0001, EAIKEL (epoch) 4500, k(] Adam, FESH N
0.9.

3.2 SRGERS R

TR 3 AMEALGT Sm R 15m A HFERRLARIN 7 RS, FRATA T A HE A [FE
SRR AESE (CUG _GF3SD 5, CUG GF3SD 15) , JEiEAT 7 2 41528 . K 8 A
B9 73 il 2 15m 43 HF 2R BAR bR 25 5 A [RIRFAE SR I 45 43 2 45 R Kot B (PR HE B, 1 10
AIE 118 5m R4 R, £ 3 /& CUG _GF3SD 5 fl CUG_GF3SD 15 44 76 A A 4410
FEHUM 2 T %20 1) 73 FAG FEXFEL

UEAN, Sm 73 FEERI SR B A8 15m BdE 1 10 6%, KIS 2 17— 5Sm 1%k
g (CUG_GF3SD . M5) #fA7scss CEs bk Ek 2) , Ho—RmMEEy it 2.5 4,
DAESRAREL Sm 50 )4F md (RIFT B R 2, HEHBER: NIRELEE, BEHETFEREZH
5 2 AT X RRAE D ar e R 12, Bl 130 R 4 Fs.

- HAR RS FAHN ) T W 2,

3.2.1 CUG_GF3SD 5 #1 CUG GF3SD 15 $UiR&ESIERXItL 594
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Table 4 CUG_GF3SD_MS Classification accuracy of backbones networks
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% (5m) H K&

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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