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USRI BR A . 258 SAR HW) 3264
IR A AR T LATE 5 H AR A 3545, 40 Pauli 73 fif
(Cloude Fl Pottier, 1996) . Freeman 43f# (Freeman
HiDurden, 1998) 4%, 7 —LEARGEAYJr ik il LIA
P KM (Song il Yan, 2017) . i AL HLSTHHLEE
(Chen%, 2013) Z55CI SAR Mo, Ay —sbay
FHRHLA Tk, WSVM  (Sukawattanavijit
5, 2017) . PSR (Mishra #l Singh, 2014) %,
Bl R 7 T ORI K e, BOR B £ /9 SAR
Y o 2R 38 ok VR B 2 2 T ok SEE L 4N ResNet
(He%§, 2016). DenseNet (Huang%¥, 2017), VGG16
( Simonyan N Zisserman, 2015) 25 KMZ 2500 )71
1 FCN (Long 2 2015) . Deeplab (Chen %,
2018b) . {ERE ) (Zhao 55, 2022) 4Fif L3 H| M
Jiike

A TARGE D7 i, Al R TR B8 27 > RE A BEOK 7
SAR B4 JF S Bl s KSR L o 38 (R A% 4
20225 I HE A, 2023). HI—JrTH, B
X BSCH R, [ AR A I T AR DR 4K
Z W E] (O’ Mahony 45, 2020) . HEG, K H A
B I 1 ) o 2B AR AR WA T, AN GID O
SFHARSE (Tong 55, 2020), 3% P E 60 2 A
B3R, R T AR GE 50000 km*s WHU-Hi 04 42
(Zhong 55, 2020), £ 1 2N Z bRy G ig &
B MR X R Eis R (528 45, 2020), {4
o T ARG HEEN 0.5, JGIEE 2 400—1000 nm
M EIESE15 s AIR-PolSAR-Seg Hii4E (Wang %,
2022), 1 T 500 5K HERA 8 m 1 512x512 [ 4
WAl SAR E% . H 2B SR, PR E .
P20+ 5 1) SAR Bl E2r 2 e L., "I UL, SAR
BARAH L THAE S AT . T Z B8
(Tong %, 2020), fFEEUHE & B BB S, JUH
ML AEE SAR B 2R B Ay PRI

AR SR e 534 T 28 18 AR GE AR U 22 IR AL
PR B, M T LR 2 4E R SAR Bl 4R AIR-
MDSAR-Map (Airborne Multi-Dimensional Synthetic
Aperture Radar Mapping Dataset) , 7 7 " [ A9 7
FAAE T T TRV 9548 59 BB 03 o X J, L2
100 km’s HHEEME TP, L, S, €. KaiX 540K
By A SAR M5 i 23 PR A6 2 G B X
LAY 9 R M B o 2R AR 4 o R A AR AL T )
— AT ZRYGR AL 2 48 )2 SAR Bl . W 2 A
6] P BT 5 55K, T[] 20 B R

ANTEE B . AN R Ak 55 X6 ] — b 9y 0 JUART .
FrtE SR A s [RIINE, 22 I BE SAR B 5 o
FG R E AN, AT T 03 B 4% e B TR 8O0 AN [+
ST B o U s 534k, AT LURR U528
LR 2 B Z AL RIS Rl G HUY) 00 205 1
TE AL B A il |, A SOR IR 2 2
rh g ML E 53R T, WUNet (Ronneberger 4,
2015) . SegNet (Badrinarayanan 4§, 2017). Deeplab.,
HRNet 55 JEATPPA I8 70 2R ROR B 4F 9 HRNet
(Wang %5, 2021; SunZf, 2019) {4 baseline,
3 SR AN D) 25 35 Be SAR i dle 4R A7 ik — 20
SEER UL, PR FEAS [R) i B A [ P Y REUR
TESCHERN b, 421t 2 IB T 15 31 Y 28
2R Y BB 5 5 vk M 2 A B oy R A R A
ASCER RS T, RG2S DB e AN ) ) b A oy
FAF, VIR Z4EE SAR i) 3 J SR IR g

2 ZYEFE SAR i) A E 4R

T AR B i R L YL BE SAR BUHE R ) 4325 1 B
Mg, AR SCFE s TR AT IR IR AR A5 B B A e
iR ERE [, 1 e, W IEAR B R AT AL B
e A G o I A o R AR 2 s ok, R4
W 25 L IO ) H BRAFAE , I flG 22 R s ) R A
XA T I 25 5 AR R P I 5 4 17 A R0 A
MR AT IR, o0 B 25 D B 5080 XA [m] Hb ) H
PRI IERE T Bn, SRk Rha G kg, S
LU SAR BUSHWY ks 4025
21 RUEHIRRER AR

Ji 06 A FH 1 o3 L LA S TR IR R SRR, F
5 R R T Y 60 3B I KA, bR RO 2B
TR, MXHARSPRTEE N 1 dB, 46 X8 5 & bRkl E N
2.5dB, REWM AL EEILT-25 dB. B Ak E bk
BE A IR AR08 T 1 dB, AL AR T 157,
e Ak B B R AL T -30 dB. A% XA T ik e 44 7
THALIA SR, A X2 50 km®, G
25100 km’s FANXIHIE P, L, S, C. Ka, 514
W B 1 2 Ak SAR Bl F1 s o0 HE SR 5l .
o, ZYERE SAR B ASS M 457 A T TR
2 B AR AT ] 2 2021 43 H 28 H, L 4EJE
SAR U T 20204F 12 A 25 H3HG; TTIR4 5B B
(1) T A AR U ] 412 2021 4F 3 H 14 H
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Fig. 1 The generation process of SAR images
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A E S AL, M6 2 =25 XAR ST %
FE DU A & DSM B ds . 2 Ja A7 A shug ik e
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MATLAB i imageLabeler T Hilt15457E ., 288 (+
WA IR ERE bRl — R 2R (A
BIFNJE /NG, 2007), 458 WS BIFFE IX S8l i) s 4 2
R, RSP B ik SAR R . m e Bk
7 PRGN 1 X 1 ) B AR 14T 28 00 T 55 A T
YA 5y R 92, BIEE L BRIESEIE I
B E CANR 2 iR o WA T iR 26 IR0, i)
KA A AR (Zheng 55, 2023) AR, ¢
H A AL AT R 20 T, T 4 SRR S B Y A
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Fig. 2 The generation process of optical images

x1 FRRHEER

Table 1 The information of raw data

B X I bidE3 IrHER QAT /m
b 0.2 2160
p 1.0 4800
i . L 1.0 4800
WA T
S 1.0 4800
C 0.5 4800
Ka 0.3 4800
b= 0.2 4000
p 1.0 4800
.y I 1.0 4800
VLI I PH B
S 1.0 4800
C 0.5 4800
Ka 0.3 4800

M3 Al LA, 2 X A5 bR IR e e —
i, FEIGRd B A A TR 2] o e i3 T
AN B A I ) e ) O )R 0 o T o A
R B P AE—B, FEIRIE 5 T REAR YL R il £ o
By MR YI T O R B O, (2R AR 1
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SRR AR TR, RCRTDGE AL R R, RBARBEC Y A
MEFYAREAR. [N, TR RS O AR T LI SR B AU AT R
®2 EHNEXREN A RGBE

Table 2 Classes definitions and the corresponding RGB values

eS| ik RGB
K TR KU WA K BT 6 TS K R X (0, 0, 255)
B Vet VDT BRAT M AT M R b R (139, 0, 0)
THE BRI N IR B A R OR D (83, 134, 139)
TkX AN KRR R X (255, 0, 0)
AR i SRR TR AN AR N TR 5 (0, 255, 0)
X S R MR RS AT B INT B SR X By 2 X (205, 173, 0)
R SRl el S bl A5 bl DX 4k (139, 105, 20)
HAti AP AT, g 5 (178, 34, 34)
FEIH FIH (0, 139, 139)
e B Kai B & e IR

(a) MERIH T T

(a) Wanning, Hainan

(b) VL7848 5 S
(b) Sheyang, Jiangsu

K W 3 Tk PREHL X Fhitid Hfth FH
B3 PIANIKIRZ AR B BOL-7 PR Ka D B R S X R 26

Fig. 3 The optical images, Ka band images, and the corresponding labels of the two regions after processing
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Table 3 The slices number statistics of AIR-MDSAR-Map
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Table 4 The information of two selected regions
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0
Kik R

Eig DX AREM AEX MEKX HA FRES
BEUES

(b) TLIRE SR E
(b) Sheyang, Jiangsu
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P4 I DXk A 1o S 4 s ] B [ s 28 o T o5 L A9

Fig. 4 The selected test dataset and the proportion of the two regions in different land types
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e FUEBERAARRDIAR, N, HEE
AR BOR B AMIE 259 BeAE g Il 2k
BRI R BOR IR 6. U8R, WHTATE, A%
LRI RATIREARY A S, H X 5
A E, Pl PR B SR TR

24 SABRIBENTEIMNE

R HE 4B 7 2t SAR G 115 2 4
GYIE, R 2 M TR U3 F Y 19 26 S5 R Sk o A R
ZERy . 4l UNet (Ronneberger &2 2015) i SegNet
(Badrinarayanan %5, 2017) AWt A KL 746
UM RAE RS OR 208 R E, 4800 2R
FEERAE R RS, AR e, il
B2 5r25 ., Ml Deeplab (Chen %%, 2018a) F71,
KA E (Chen 55, 2018b) FITRELF] 43 25 45
B (Howard 55, 2017) TEHwfth a0 4 K& A%
14 S A7 Y FIRRAE 9 Jmy 06 22, R A R AR R RE .
fH 23X F FCN (Long %%, 2015) =AY M5 454 ,
TE T RAE B AR 3 HE 38 00 20 7 b 27 ATk A b ™ 2
TEWRENE R ER, Hik, 78 0rEd, R

W B8 BUUR 2 0 SCRRAE () [ B4 55 o3 B B A5
Gy uhEL,

AR 3R R0 B S B S AT A
i PR o 2 P4 I HRNet (Sun %5, 2019;
Wang 55, 2021) #47F—25 5258 0E . HRNet
BAHZA0 3, B0 L BA R R RN
AE 1. o PR S AT LIS UIR 208 AR, X
DK B B A BT AT T 40 114 735 0 PR 3 Rk 5 2
YERT, AR BR300 SCHR G 2306 SCHRR AR, 7E X ]
AT R S B B4 . 78 HRNet $2 HURR
fER R, B2 0 L E BTG, (15
EREA S PEREFRIR, X ZE HRNet £ Z F(E
55 Hh 5 B KA EE L U 22 — o HRNet 45 44 41
KIS Fitzs o AR SO R 451 2% BRBCR 28 SUIR 2% R AL
Loss, HAKTFRE BT .

Loss =—i(y,~10g§i + (l - yi)log(l - QA’L))
AP, n SOEL, ¥ NS I FARAY LS AR
SR 1 2R H PR RTINS 2R
2.5 s EIFM IR

AR SR BB i b 2 1 SO0 1 T TR 52
Jf- e ToU  (Intersection over Union) . A 3¢ If Hb
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B5  Er P M4 HRNet(Wang 25, 2021)
Fig.5 HRNet (Wang et al., 2021)

SIFH ToU: MRS RS AEZ MR X (3) Mk (), WK, p, BRI T
LI SOF BHRIE 1, BEUIRAS RS I KRRy %,
TARB M, SRR . S AT RT i - SR
o - 3 A RITIE S SR

.
target [ prediction @ 5 3C ELURH 7B T ATR-MDSAR-Map 1 H 7 |
target U prediction RS FH B TR T 2 3] 5 v R M) 4 2 45 R SRy
PRI FWIoU: ARIERDIOIHBLBUR 355, AWEHABELRSHIE, Lkl 2 M
XK 10U BEFTIRLR A, SURHSMEAT s W05 LA ST B AR L XTI
R YOI S B KA B

D e 3) 31 BEEERSAR MWK
zzpij l:lzpij + iji ~ P

BEMEF R PA: MEIE# G R L0 L R
RECEA B, BATHRIRAIE .

IoU =

FWIloU =

311 EEFELBERMON
NV IZBAE S, AR SO L T F AT oy

i WIFHk . R R4 R HL B
i 3 R C U B AT S0 B0 R R B

PA =5 “) UNet, SegNet. Deeplab 1l HRNet., #5837k 00
Tl SEFLINE S A

x5 BEEFEECHKR MY EHER

Table 5 The land cover classification results of baseline algorithms in C band

e by
Kbk iy W TOX ME fEXK MEE i R
UNet 0.577 0.225 0 0.041 0.553 0.328 0.581 0 0.017 0.632
SegNet 0.634 0.258 0.011 0.420 0.192 0.301 0.656 0 0.013 0.611
Deeplab 0.624 0.337 0.048 0.243 0.310 0.298 0.655 0 0.041 0.623
HRNet 0.724 0.563 0.483 0.612 0.612 0.512 0.736 0 0.663 0.784

13 STIRT, UNet. SegNet. Deeplab ZEAM  BARHENR , i IF A 4b J0 b 76 0 B I (26 BB 22
BESE 1 055 4 5 BUR U HRNet, BORFH Z6 55K 0 JiTAL
Yesit 1. HRNet fE 2T (RISTE A0 B, M2

B4 s B
P AR FON R S My (eI F b, L2 HEBSTRERMAAN
MEDLRE S e A T S B B S, TEH 2 5 at e B0 A B/ R, HRNet fEAS B4 45 a4 2%
b TR AR . B R A SEGE  EICH . PR HRNe T 2k 1 100
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WESY T . B S X AIR-MDSAR-Map H 4 44~ i Bt
FAOMh HE AT M B 53 2 DL UE AN [R] 3 B A (] Hb 4
Y 43 28 WU, R D 58 0 M e DA — 2D R 5T
Z W B G T o TEIINZRRTEL, LA HRNet18 24|
Mg, A TREEBEEGRET, T8 TkEA
ImageNet F(H84E (Deng 55, 2009) (1Yl ZRpiny

WIIR AL 2% 2 R R 0.01,  $51 2% pRBCH 28 S 4 2%
YIGRFEA K AR 512x51248 Z (98] F b BEAL R
256x256 K/ho S E BT IR 6. 5 Ka il
BU AR DL 6, AR SCIE 4T Linux R4t 1,
FH Wi NVIDIA GeForce RTX 3090 Ti GPU 523K,

®o6 HMASRMINGSHIZE

Table 6 The training parameter settings of land cover classification

SRS B B BEARRGE  ISRRGE %L I Epoch Batch size  #IUR2:2J% Flip

1 bt 18377

2 p 582

3 L 582
512 256 HRNet18  ImageNet 200 16 0.01 True

4 S 582

5 C 2687

6 Ka 7909

K3

Hi

(a) YIZRFEAS PR

(a) The images of training samples

(b) VNZHEARSE
(b) The labels of training samples

bk

FRIEY

B Tk e {EBIX i s
K6 Kali Bl A il

Fig. 6 The training samples of Ka band

F VBRI ERIERILEL T, Bl 4
(1) EMHE E, CUR BRI 2] AR T
b XA R, S B A AR TR X b et R B 41
B, e U XHE E XA R, AR
15 Ka I BE ERETF B0 JE R . (ELia4ahn L,
Ka # Be R iR 4, C U B S5 AT T Ka P BL .
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BRENAUWC, Ka, SEFPEMERE: Sards
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Table 7 The land cover classification results of HRNet18 in single—band testing dataset
BB IAFER/h b FWIoU PA
K3k ZS:i e Tk MR fEEX FdEM M RS
b 54 0.708 0.494 0.495 0.513 0.598 0.582 0.719 0.042 0.550  0.6202  0.7644
P 2 0.6151 0.4433 0.3056 0.4472 0.5444 0.4515 0.6485 0 0.5575 0.5461 0.7035
L 2 0.5854 0.4703 0.2755 0.4512 0.5180 0.4317 0.6626 0 0.5565 0.5434 0.7031
S 2 0.7303 0.5082 0.4038 0.4904 0.6260 0.4790 0.7405 0 0.7494 0.6298 0.7691
C 8 0.7241 0.5634 0.4831 0.612 0.6124 0.512 0.7362 0 0.663 0.6482 0.7842
Ka 17 0.7647 0.5773 0.5220 0.5810 0.6130 0.5474 0.7518 0 0.5024 0.6540 0.7878
i AR, A R IE AR, WS Ka ) W Be b AR AN £.(M,, D) FRIAZ

B b AT Wy o et s A4S AR E . BdE o
ROPEEE CUL B S P Bat AT i et 5%
el grasta], STk BLIH AL .

iR SAR B & i %

X155 o HER ML 2 0% BE SAR B 52 8 s )
2, BB SAR BUHE X AS R (9 ) R AR
AR B RO . R, BB R Y B bR
RSy SRR )

321 EEEE

H12& 7 70 BT TR, AN 5 BB VI 2R A5 21 (Y A
TURSANE) ) H AR 09 0 26 B8 AR o AR SCHR I Y
PR 5 T7 95 th 20 PR BE SAR I 575 2] AL Y
PEATRLS, BRI TR, RS ROBIRL AT
T

BRI R R ST I AN T P

class = maX(Zﬁ(Mme))
K, MFEREL

3.2

axis = classes

D FRBE, b RERWE, W]

BiAll
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J5 X WE AR AR R AT resize BAE . 4 2 Ben A

Hi B resize BIAFE RS, HaEAT A2, SRR
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Fig. 7 The strategy of model fusion

XF L7 A 8 AT UL A A B I 2k A
RIPHATA U R, A5 B Fe R L) 43 28 25 AR 7K 38
BRHE . ERE . OPRFELHE . FPREHLAE 5 ML) 1k
N REMN; TELLEGHIR L, FWIU 5 PA 435
5 5] 0.6866 F10.8130, Hb 5% B il 52 56 45 S i
10%—15%.

RS ATRIKBRRAMEHMM S LER

Table 8 The land cover classification results of the fusion of different bands’ model

RIS

ToU

o : - FWIoU PA
R i B KB EHE EEE TOK MM fEK R MM R
C.Ka.S 0.7925 0.593 0.5421 0.5988 0.6518 0.5516 0.7752 0 0.6923 0.6842 0.8108
C.Ka.L.P.S )t 0.7912 0.5892 0.5565 0.5887 0.6487 0.5646 0.7778 0.0153 0.74 0.6866 0.8130
C.Ka.L.P.S 0.7827 0.5825 0.5209 0.5912 0.635 0.5444 0.7745 0 0.7271 0.6781 0.8068
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Fig. 8 The schematic diagram of land cover priority definition
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Fig. 9 The visualization of land cover classification of different fusion strategies
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Airborne multidimensional SAR land cover dataset and
fusion classification method
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Abstract: With the development of Synthetic Aperture Radar (SAR) imaging and deep learning, the use of deep learning to classify land

cover in SAR images has received extensive attention and applied research. In this study, a high-resolution airborne multidimensional SAR

land cover classification dataset is constructed on the basis of the high-resolution airborne data of the Chinese Aeronautic Remote Sensing
System (CARSS) for Earth observation, namely, AIR-MDSAR-Map (Airborne Multidimensional Synthetic Aperture Radar Mapping

Dataset).

The original data are obtained by CARSS, and the platform is a modified Xinzhou 60 remote sensing aircraft. SAR and optical images

are generated in accordance with the standard data production process. After imaging processing, radiometric correction, polarization

correction, and geometric correction, the original SAR data are preprocessed to form Single Look Complex (SLC) data, and then geometric

processing is used to generate SAR DOM products. After image enhancement, splicing, and rough correction, the raw optical data are
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preprocessed to generate DSM data, and then semiautomatic filtering is performed to produce DEM. Finally, AIR-MDSAR-Map contains
polarization SAR images in bands of C, Ka, L, P, and S and high-resolution optical images in Wanning, Hainan, and Sheyang, Jiangsu, with
the spatial resolution ranging from 0.2 m to 1 m depending on the band.

AIR-MDSAR-Map divides the land cover into nine categories and generates fine pixel-level labels through a semiautomatic labeling
algorithm. In this study, the classical semantic segmentation methods in deep learning, such as UNet, SegNet, DeepLab, and HRNet, are
used to verify the classification of AIR-MDSAR-Map. At the same time, we test the classification sensitivity of different band images to all
kinds of land cover objects.

This dataset includes multidimensional SAR images of the same place and time, which can be used for fusion classification research. In
this study, multidimensional SAR data are fused and classified through different fusion strategies; model fusion classifies land cover by
selectively fusing the models of each band, and the a priori fusion uses the prior information of the classification results in each band to
distinguish land cover on defining the priority of objects. These two fusion methods outperform the single band in the performance of some
types of land cover and improve the FWIoU and PA by 10%—15%, the FWIoU reaches 69%, and PA is 81%.

AIR-MDSAR-Map can satisfy the research and application requirements of different users and can be used to study the characteristics
of the same land cover object with different resolutions, bands, and polarizations. Moreover, it can provide a strong promotion for the
development of multidimensional SAR applications. The AIR-MDSAR-Map will be available at the ChinaGEOSS Data Sharing Network
(http://www.chinageoss.cn).

Key words: remote sensing, airborne SAR, multi-dimensional, land cover classification, deep learning, semantic segmentation, AIR-
MDSAR-Map
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