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RS ARE oy FIME R b 22 A5 B 3R 1Y
PETAE, Jizp T HE s HE . ARIFEE
PRI G35 N 2 I | 3T s [ R R A 4, H
HEERN NG (Mads, 2019), #EGG M
F =t A RAUE i B AL B As 55y, 4
T T E OGS . AR AR AR AR 3 2 ()
KRFEER . NG L RIAEE L rHEd B,
TEAE TR 245675 18 B RiE SUF B R~ e 35 H A
REME A RO IR BGE AR RS2 . [ g
[, AT AR A 3 FIS5 R (Zha 55, 2017),

I fm HHA . 2021-03-09; FENZ: 2023-08-24

HETH . F%HARBIE4 (95 . 42030102,41971284,42371321)

1 e 0y AR 43 80 5 1 A0 46 e KAUAR vk
(MLE) . BEHLEEM (RF). P3RMH (DT) . SZH¢m
HAL (SVM) S5 5L TR J2 RRAE 2 500 (9 B 40 2 05
2 (Camps—Valls %, 2014; Z5fif 45, 2018). X
F)5 ik — MR YR N T BT B RRAE 38 T $R B
G EIEIE | SCER LA 25 B RRAE , SR IS R AT FRAE
32 (HHFE S, 2020) . B5855 5075 1k i B AR
FNTBTRAAE, M DL R 2 RS R 5 i 2
RS B AR SO, e R O R 2 . B
ENTEIE SEARM P L R, RS ik
Jrizis R T R RS BT SS (L%, 2018,
2020, 2021a). TR ) E o0 #) 7 A
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FEEBEFIMY (FCN) . UBIMZE (U-Net), 3%
2% (SegNet) , HERLXIRAEFRIMEE (Mask R-CNN) |
W 43 #] W 4% (DeepLab) . 43 #| Transformer
(SegFormer) . Z MW EFAL& M 4% (MFV-Net) ., PID
W 4% (PIDNet) S5E{RBETE L E M4 Tk (Long
%, 2015; Ronneberger %%, 2015; Badrinarayanan
4%, 2017; Zhao %%, 2017; He%¥, 2018; Chen
45, 2018; XieZF, 2021; Li%E, 2023; Xuff,
2023) o TREETE SC43 I 10 £ 3 dak v 3] 9 119 272 2T AL I
XFRRAIE S S R R 3 28— IR AU LAY [ 327 ), A
7 A 3 R 58 B o ) AR, (A 20 360 A TR A 32 R
P rEI I R E AR se k. AR, TR
IR TRRE MBI i, il B RAE A
BER E SRk S m LA P s AL, ik = SRS
IR AE S, ANREA R IG BARARAFAE, 15
Oy WA R ARSI | 2 SO A BE AL S S A
IR, () IS 52 1 25 A Ei 30 9K 30 05 ik 1 i B
AT M LA FH b 27 26 56 1R RN SE AR 1] 3= 5 1938
HE Iz R) (LindE, 2020), SHOTMHRE
PEZE o LA b RO 2™ ) 2 36 TR R i SO M)
ZRPERE, MR AESr R R SR RS H &, 2R
B 7 T 2 SR8 TR S )38 SUAR S

JE 50 HITEUR T SCAR R R X A0 D) e 5 5 Ay il 42
feik, MELUEAXACERE ., b5 e min,
NN R B RR T2 071, Q0 Bl i 18 i
A WA | ST Rt 2] AF . Al I T A
Jrik (Wu#, 2021) 38 3R SRR R S A Bl B9
i A T 2 5 I 245 1)1 2 D00 5K DA T 2E AT R RO o
Py FRATAVEA )r vk (Xu %F, 20225 Li%F, 2022)
0 BRI A % B BSORIAGE B 45 44 v o R 5
TR, LRIk (Dash 4, 20225 22K 7R
4, 20225 ERBHBIK %, 2022) @i B 2R55 07
OR35S I 2B RL v AR T I 28y
R Z HEERRE Y= T R AR A, X
WHOUE BEMA RS, R RT, EEF
FNOZAF BRI . FR B S S IR R R BOR 1Y
T, AR (Ontology) (Arvor 25, 2019) 1E R X%
FEE U S S M B O R e kL, A
AR FNIR R GE T . BTN T S i HE
AE ) AL RR A RE T o b2 RN EEAE i
ROZ%, A T ) B AR JE v L K B AR 2 ] R S5C
F, M THMEE I, GEHS I 4F 10 4 LA
Z I B SOCER AN e i G R, A B T 47

i PR A A PR AR, G T b S R B 25 R A SR
Ko Hi, HSEA R JE A AR S A E AL, b
Y1 B BRAE A AR 8 S A X G 4L T b2 R A
T FEAR I, M ARSI Z R AT T &R
BEEMIEZR S (Goodenough 25, 1987) . Hi2#{E EL
K (it 55, 2020) . HBERZIREGE (Hogan
GE, 2022) 3MBTBL. RGN L R AR IR R GE
EuR SR ERpS R A X iR S SN S A DO R G XL
H3E RS /DN, A PR B A B b2 {5 B R 2
— £ e R SR AR R A S BR MR B RIS, R
GiAL AN G Ak b Rk T A A, E i A Y
SRR MU, TN RE B TR B AR R
b 2R DL PR e D R Y A R RS B e 5 A
T Hb Rl AT, S A T AR IR A 2 A Ak R ik
FERE . PR 18 B AR AR 155 7 15 e 2 b 2E HTHR
A, FEUR IR O] AR R ] SR SZ R, Xl
19 25 R S IR 3h R i B AR RE R LA
JURER R TR (B 4, 20215 FEMAIK
K, 2022; 5KaK%E 4, 2023), 5] AHEAH
PRSP R 51k A H =7 S 56 HHEURTE
G, IR B AT HE B D) 5E GRS R R,
T B8 oo i 1R SR I B B T e . B A T
Er, ERYAMRER (Gui 5, 2016) HF M
SAR AR IR BUR Y, Mh2E MR EEHERL (Gu
4, 2017) #EHFIRT HARHY & o P g 4
AR, BAETEHE A b2 0 R
PRI X B AR R UL M R L A
Tk (RE 4, 2022) #%HH T 5 605 T 4k,
T AT 5 50 N TRk i — 5 4 ) g e B B 1Y T FE
DT B TR TR ARG B o M2 R P i 4 B b 5 T
ORGSR AT g e AR AR R, (R A TR
05k, HSORE R (Li%E, 2021b) . BK
B VR EE 27 ) 5 AR U D R A s 3K B s S A
WK M EE R (Arvor %, 2019; Li%,
2022) . TEZETAEY, Alirezaie %5 (2019) SZH
T AR PR 5 VR P 28 0 4% A A o AR
Ui RS B o R TR EETE o3I 45 A 4 U 22 1)
2% 0y B 805 #1775 DSSN-GCN  (Ouyang Fll
Li, 2021) {5 Bl 5 28 00 25 5 AR 56 R Y
S HERRE J1, FE VR T U4 N 4% A R IE HE B
PR BRI AT Y HAR S B Fh &, AT
et 2 R NI F IR AR T M, A AR
T S PERE . B AR R AT L A A AR
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PURMES & BOEAR R R (BB 4%, 2017), 2
T3 EAT B AR SR 0 D = R I 1 R 5
SPOUACTRIE [ 265 o 45 T 540 A s Rl 24 A T
W] B 3], Ao 2 R A TR TR Sy
el e S D= B S B el | R R R i

T BT, AR TREETE S 4 03 )
AR P S SR GURRE A T 2] DL e R A
) SCAR B S M SR MR, AR SCIR Y T o A
WIEE 5| T 18 B AR TR S #107k, (EH]
S eSS R HEEE R NBR R /RS R AN TE B R s
TR 27 2P 56 R TR A A S R 20 32 e 24 SR S A ]
AT, T A F2 TR SO FI 281 25
SR G 3 5 2 T S R o AR B SR AR
PRAE T 73 TS5 R A B A o SR ) 36 A 24 o ik
A A B AR, S RS A A 1 R A
PR KB I TR L i SCor R 45 rh o B E S5 R R
W], AR SCH A M2 R R 35 5 | S 1 TR BE T Sy
TR AT A SO R

2 g5k

ASCER M ITE R SRR AR E A 1, E R
375 b TR VT A - S 1R S R TR A
B, M FR R G 5] 5 5 R 29 SRR B LR TR B
SO 2R AR B ot~ R RURTE AL 2 5 1R
SRR R ST 6 A UL IR B 1 S ) T 2 AR A S S
MG RMENEL R, AR AR AR P il
SR R L ERAE DL A A RS AT 52 Bt 2 A
PELEA R, R a DB v P s ) A e 56
o M R IEIE 5 | T A4 R 2 SO B G 4 4 L
R R A LT S A G 3 3l 249 SRR S A ] A
AL BUE A P ROAR S AL R RO B, X
SCSiRE s R/ RE R ININE) o KoeE SRS C S iR el LT i
23 [A) 6 A I A S U SRR B AR B . 2 ) 3L A
A5 s~ 51 56 R ARURT AR 4 322 3 4 2 ) 3 A AT
TR o A i i 2 SRR 2 ) A 2 Tt L
AR A BT, R TR I T T
RRARFZ ARG, LSS X S A 1) 4 A 2 o
Jei A Bl 2 1) e A A 56 S TR S ol 408 S A s
TR 23, o (AR O LA 4 iy 2B
(6] 737 B B e 265 A B AR S, PR Bl (e T 3 4
A, DTS2 B SR 2 6] 73 A B 295 . TR JEE i S
3 ) I 28 AJE A A B 17 E 190 245 18 11 R RS Y T SC
Oyl o AR SCHR 7 U 2 — o S R A 3 5 5 69

HBGHRR EETE L #I07 i, REETE L # M 2%
AR A S o — 38843, I R IR T 45 (0 45
¥, AT AR TR B L BB dE. o T
B AIE 7 i 0 A, ARWE IR eE AR R 5 | R
MY EE 1 X3 %177 84 I AE U-Net #1 DeepLab V3+
X2 e L R 2 TR R TR SC A ) I 4% 5 i
NN A 2GS 255 40 I R PR B I 28 A, DA T 2
> B SR GRRAE 2R 7 AR A 23 ) e A AR | S

ol
2.1 EF AR EEE K B AR E R IR AN IREREL

2.1.1 FHINEEAE

b2 R P N7 A M A AR A Bl b,
ORI N N W S e o N NN NG R 5
LRI S A, A BT R AR A iz AR
o EESE ML E AR, AR SOl R 28 AR AR TS E
OWL (Web OntologyLanguage) fi i A< & . Hb 2%
ENNIESEAT R SN R 7/ PO s
(rs: GeoObject) MR, HpEFRMPRE: —
RT R ELEQFEKME (rs: Water) . B (rs:
Vegetation) . i /KHLTAT (rs: Ground) . Ak H Hb
(rs: Agriculturaland) . 34E M (rs: Urbanland) .
22 T H (rs: Vehicle) F1H:Ah (rs: Unknown) ;
TR RAE PR R B AN W (rs:
Lake) . {Wii (rs: River) . V¥ (rs: Sea). Hiifh
(rs: Grass) . B K (rs: Tree) . B M (rs:
Bareland) , Fi¢ Hi (rs: Wasteland) . #f #i (rs:
Farmland) . #3% (rs: Rangeland) . #3504 (rs:
Building) . i ¥ (rs: Pavement) . 4= (rs:
Car). #FH (rs: Ship). KAL (rs: Airplane). J&
PO ZR R ARSI ] B S A (A K A% 1 08 AR 2, b
FAREB RO JEmPE FEEATE R (oc: isA) 5 b
TEJEM, 48 (geo: adjacentTo) . ¥%E (geo:
surroundedBy) . 77 (geo: hasDirectionOf) %5 %5
) 3¢ R Jm DL M 25025 (geo: MaxClass) SE4811
JE . B2 ER RS R T SR A S
F, . B R Ll M, KR B
O Z R )RR 2SR
FIEVERIR TR R A R C R, “IEBET L
SR, NG CART R CTEBET ZE Al E
LR M OCR B Goit s PR Sk E] i e i
PEBTARAAE , A0 A28 S0 7 S R 1 3% o o B 0y 43
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REGGHRIE . WA AR AR R A AR, RS RIT (E2),
TSR AR RSB RT , HRL T 25

P RSO g i B AR
Fig. 1  The workflow of the proposed method

K2 g AR)Z A5
Fig. 2 The hierarchy of the geographic ontology
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2.1.2 BREFELRIFIRIRET

L VL AVES AL TN b K7/ R E R T Y S
FLAEZEN . AW A SR R . ) H AR Y 25 ) 2y
A2 b 2= S 5 AR R AR B, DR mT DL bR 28 214
By B 802 18] 23 A i BB ) A G AR A
B R, — ok, AR R AT LIRSS HAR o,
PN Z AR R RIR R R, 2B AR
R —RIFE AR RA R, FBEERA
A—HEPERRN, ERERRBR A Y H AR
A PAE S 2 AR R, B AR AR T
F 4 A 3R A e 1 Pk I RE 5 K b ) B AR Y
Rop il —I¢ % & itk . ST WY A RHE B8
R, A SCRLEG 52 G0 B R o0 I B BT s
BRI XA AR A S . F AR 2 AR
FREBIR R (SR e, BIRER b HE
A 22 BUGR B S S R SR A A2 2
g, RIS A ZH2E geo: MaxClass J& 1 . M4
Ry A ] 2C R R R ge i AR S SR e .
A5 SR obj, Al obj, 7825 6] _EAFAE AR, WP ¥ L
AL EME, L=7c4l (obj, geo: adjacentTo obj,)
Fono B ARG R . ARIEAY 25 ) 3L
Az R — R SR AR, TR SRRk
HAARASO R TE SRR PN e T+ AN R A R S S A L Y
AR, UK C. R, GeitHzssnil
TR C R SR I B P(C,), DL
BALRARAR B 20 R € M SER R P(C, C),
AR E T CRNAT H  AE AR ¢, SR B 2%
T Ak I K, SETRIOBER P(CC.), T
P AR

P(C.C;)
p(cic) = PC) (1)

PAZER C, i RTINS GETT 270
PRGBS A SEAR AR P (Cg ) A S
AR 358 P[] I B2 ) Ry SRR C v 1B B 2SS
PRI BER P(Criing Cravenen)> FHRIEZ (1) R AT
THE 7R A S SR B0 25 T S8 0N s
B TR ITHER P (Cpnond Conin )

22 i ENREE S| SRR EIE X 5B KAWL
EEINEEE

2 S AT R PR ] 3 v A IR R S AR G R R
WHT A 5 FWREE SR M2, 51907

25 5 A SR 90 % 3 24 TR SR ) e AR 2,
2 TR i AR 2 T 5 Sl S A SR G % 2 B
PLSEARTITAN A F A oai PR, SEEixsL ik
()RR AR PR 2 o SR ) e A 24 B o S AR (1] 255 ]
LA UK I 5 # Tk A 2 S 56 R A B0 H
K 2y 114 Bft 2 I 24 vh DL 24 B4 E BRI 23 8] 43 A
TR BE T SC 4035 ) 4% 3 e Ak A B bR eR 50K 58 B
T AT TR T A A o TR I LA E I 4% 11
SRR B b R B L A5 15 3R PR % 2 AR
PRI €, SR % 8 249 A S T € RN S A4 ] 3t
AR €, BARTHREALIT
L=4,+a{l,+B (2)
Ko, aMIB R EE, FHTIEAY €, A€ A SRS K
T O Y EAA
221 BEZWEAR
TR BE o S B0 4% dar th i A 28 A R A
Fe RV R HEREZAZY e RV IHRAR R K
P, RR B LA H AR I €, S
€, =loss(F,Y) (3)
L, F=o(1, W,), &()BERFRWEE L5#
P 2 114 J2 R A W S pR R, AR TR 1 S 4 Y
SRR TR ARG, W, ONTREETE Oy B 451
S8, C. HFW 53 3 R 2 005, o B 0
Yo
222 EEGERAR

PG SR AR B T A TR TS Loy B4, i
Iy REASEER F e ROV, X F 438 18 WU KAl
(75 B A ) 4 M 2 S . SEAR G4 3 2 SRR €
PABREE % 8 SO BT HEA T, B e R
FEEF XS (1 <i< N) SR NTA5E P,
(P, eS,) W28 {5 5 ) & D 4% 30 38 3153 Y (8
133 HAT I AR C T o, 3K AR R R S A
4R R BAERE MR Y, ARG AR SR Y 2 2 B
JiE ) B Y, RELSE 2R Y R s R U A S
PRI R T 3506, IS4 (E R Sy S A 3% 3 24 RO
Kelyo HARTHE AT

N
€=y Dloss (7.7)) @

A, ¥ = S0 N S P G

B, 1<i<N,
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2.2.3 E{KEHEEIAAR

5 S G A AR S R A, A
HE P RAR R €, LIBR 25 Hp 3 3 del R SEAR BT AT
B BCHE BRI 2SN, RS (1 <
i< N) RIS EGIE ALY, i Y, okl K
Hod RAGY 5 73 BIVE N Z SR 1 73 S B A5 T 5, A
RIGN R <k < C); HIRG RS IT70, Hup
NSRS, AR BN B BT A7 S (SIS, Adjacent to S, } X
S ATy (ARIA I m, S, S, (9 738 Hh 2B 42k
PR SR B 3 K6 A Y B R AR, A A A%
PEMESE PR B AR AR, 15 3 HA7 18 16 2
By E i H, e RC, %10 & AR o SR TR
Y HTAR A 8] 35 T TR A K R EFE; &
Jr RR A S PR A 5 T 2 [ 23 A1 ) 70 2 LA BE 1) 4
FIECSEIG Y H A, IO AT SR R T Y 1
(B AR O S MR ) S A 2 s 2k €0 BRI A 5K
ﬁ[ﬂ::

1 N
€K=NZloss (H,Y,) (5)

\ 1 &, ) ,
K¢,ngggwﬂq@)%=mﬂw,“

A

argmax(Y,), m, =8 O SR S, B AH AR SEAR AN,
gfUHE, 1< g <, P(CC,)FREHRER.

SR Jia) H A ST 24 SRR S A % 3 24 1Y
RANE 7R ZE LA S A TR N A5
BT ELAR R 1S ERAR A S AR 14 0 2 A R 1) o
BRI E T ARMAEA RO, Hip,
3 JB B TC R AR 2 v % S i) S AR I Y R R IX
S, SR A2 AR ) R A i
B TT A TN 235 R 2l T (AR B AR 15 3
FFRR SR 8 2 AT B S 1 4 2 A5
[ R LSR8 Z A A 2K, ISR JZ G0 10 2%
HEATAIR, R4 [ 327 S ARG R AE R
W VR IUAT RS, SRR A R A O T 2 A
I8 I8 S A 14 2 A R T R R P 1
A ZR A AR A B 245 (6] 43 A1 04 53 28 A5 R ) &
P52 [0 53415 1 43288 A 3 1) R L S 45 ]
PG, DRTTURN P A0 Af B 200 R B R 2% 2, 5
AT A R 24 SROH Sl 54 1 9 S U A B 2
9K Bl 0 R T SO R R 2 v, AT A S Ak o3
SRS 8] A

23 REBYDIINMEZHRKLTE

TRIETE SCo3 1 W 2 HH A 0 S A BE BT P R
PRARARY e R™ VTR GRS, i s w44
SRR B £, IO A TR BE T S o35 1
%o FET ARG IEB AT BIR €, 51 F R X
O EN MR AE U SR e vp B R 2 o) SR GO0 B 4
RN, (075 I 46 it A 20 1 4 2R o HRR A
s s eI ekt SEEIEIE e o e R AN
A LA R € MRS I TA] 14 25 18] 6 A R
B AR B 23 (6] oA, AT S BT o B S A 4 25 ]
oA B s

3 BdsAb I 5 4h

3.1 LIEHIEE

ARSCHET UCM 3 R A (Shao 7, 2018)
Fl DeepGlobe & EHHE4E (Demir %, 2018), UCM
B 5 20 3], A 2R B4 100 5K &
IR, RRIREMGRICT R 256%256 15 %, Hbif 43 HF
0.3 mo FEAHER AR ARIE I DLRSD $idla
(Shao 5, 2018), AU H 1725, S (Alirezaie
&5, 2019) WML, R T AR/ Z B R AR
ASCHFEARE TR 17 RETF T 828, I3 B AH
(Tree, Grass) ., #i (Bare soil, Sand, Chaparral) .
B % (Pavement, Dock). Z3 (Building, Mobile
home, Tank). 7KI& (Water, Sea), ¥#L (Airplane) .
ZEH (Cars) A (Ship) o BAZEHH 55 H
T A9 D 2 045 DR T o A 17 AT 288 ) 22 T ) A )
P, BBR T Field 8¢ Tennis court 2 W 1% . HF
X R A A% 8 = 1 ¢ I LI BEAL I 43
gRde . Bubde mikLe, 0l 1513, 189 AN
190 7K K%

DeepGlobe 1 7 55 73 A AR AL R AL T 1146 I
WK AERGEAR . BRSSO 2448%2448 1%
Ro NTARTE T 738, 7. #f . B7 .
AR KR BRI RS . BRI A 4 Sl
M . RS RILAE, or Bl 6 803, 171 F
172 MR PR o BN J5EAG 5 h 24 2] s R BT R/
256256 (R R EIMR . K5 BT )E A EIRI%L 8 - 10 1
W B BERLR 2 R 2R e . BT S AT, g
HELE 10272, 1280 Fl 1296 5K E% .

UCM 3 BB s A v, I 2 Jor fel ) A 1~ 1R
PG 2% 2 ) A ZFE R 3R 1 778 3 DeepGlobe

oAb
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B A B SR IR 2 PR . R
— AT AR AR B RS ¢, BB ER
5 C AR Cs Frb i BMEE TR IR 5%
PR, BIAIARE € SeiA i BLEY A 1F T 2B i
A ¢, TR IER P(CIC,)-

®1 UCMEBIRER LA EFMFTE
Table 1 Symbiosis conditional probability of each

category in UCM dataset
ZeH) MERE db WK ESE KR RHL RE OBHR
it 0.4840 0.7274 0.5369 0.0783 0.0100 0.5132 0.0027

I 0.5986 0.5332 0.3866 0.1747 0.0000 0.3235 0.0022

R 0.7150 0.4238 0.5241 0.0905 0.0716 0.6129 0.0707
5 0.8511 0.4956 0.8453 0.0158 0.0346 0.6184 0.0043
KA 0.3385 0.6102 0.3976 0.0433 0.0000 0.0354 0.3110
®AHL 0.1375 0.0000 1.0000 0.3000 0.0000 0.6625 0.0000
A 0.7929 0.4042 0.9633 0.6028 0.0126 0.0746 0.0014

M 0.0375 0.0250 0.9875 0.0375 0.9875 0.0000 0.0125

%2 DeepGlobe ##E 5 & J A L 4 KL =R
Table 2 Symbiosis conditional probability of each
category in DeepGlobe dataset

FO WBL A s Bk kiR B

g 0.8921  0.6625 0.2049  0.6040  0.5161
B 0.8019 0.6551  0.2285  0.5706  0.5027
Y% 0.8237  0.9061 0.2911  0.6570  0.5498
A 06855  0.8505  0.7835 0.4896  0.5463
KA 0.8200  0.8619  0.7175  0.1987 0.5774

b 0.7827  0.8481  0.6705  0.2476  0.6448

32 XRiIZERITMHER

TESE g A R R B b, ASCRA T 2 U-
Net (Ronneberger %, 2015) F1 ¢ # A9 DeepLab
V3+ (Chen#, 2018) B X HIFI4E . U-Net
Je— R T EUR S SUL S5 B B 2 [ 2%, DLH
i Ty — gk AL 2 A AN Bk BR O F A BT ) 44, BB
A R Ak B B R RN A K R S5 U Y 23 ) 1)
A, HoRHI T —FEIT “U” RS, A
BRI PSRy, i AT A BRI A 1A
RJE R BTG IR B R LRt 45 R . XA
S5k ] LIA SOt i S AR T a0 a5 B, TR
= T4 EIROKS B2 . DeeplLabv3+4& —Fh H T KM% 15
S EIEREE 2 AL, E4E T 25 RN

23 AR, DL B S 0 TR R O . RRER
FH 9 % — e g 4 b, R0 2R A9 2 ALk 22
P28 SR IBCRAE , 38 5 e A BURE RR IR g ok
FER G UG R E o 23 T B B A 3 23 T 47 5K
B AV RTE AR IS E B 00 T i 2 R
R CF R 2 R e B A 0] 4 S f ik —
SR EIVERE . DeepLabv3+1E EI 43 #14T 5
WS T A TERE . XTI RN ZR, 2R A
BEALEREE TR (SGD) FISE XA (Cross Entropy)
VE AL AR 0 % R R AETR S 7 > s, 2
B USG5 Fe F 22 R OR I, O T DR UE 9 2% Y i
S, RS R B 46 o7 ) AR PR AT N 281 2
(He 5%, 2016) o A3 2 A Hdfa 4 1 B4l KA il
PR REOR, WL, 1 UCM B s
DeepGlobe 045 4 I 192 > SR B A, 7000k
3X107 F 2107 3 4h, AR RIS EITT AR T
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Table 3 The sensitivity analysis of « on the validation set
of the UCM dataset(B8 = 0.5)

1%
B a=0 a=025 a=05 «=075 «a=10
0A 88.36 88.47 88.50 88.30 88.37
MIoU  76.45 76.66 76.83 76.85 76.60
FWIoU  79.30 79.47 79.49 79.22 79.30
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Table 4 The sensitivity analysis of 8 on the validation
set of the UCM dataset (a = 0.5)

1%
g B=0 pB=025 p=05 p=075 p=10
0A 88.41 88.34 88.50 88.39 88.41
MU 76.61 76.72 76.83 76.66 76.71
FWIoU 7933 79.24 79.49 79.32 79.34
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Table 5 The sensitivity analysis of a on the validation set
of the DeepGlobe dataset (8 = 0.5)

1%

f8br a=025
0A 87.37 87.50 87.18 87.24 87.24
MIoU 59.42 59.24 58.95 58.97 58.71
FWIoU  78.90 78.96 78.58 78.67 78.56
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Table 6 Sensitivity analysis of 8 on the validation set of
the DeepGlobe dataset(a = 0.5)

1%
feti  B=0 B=025 B=05 =075 =10
0A 8720  87.34 87.50 87.26 87.40
MU 5896  58.74 59.24 59.08 58.93
FWIoU  78.00  78.50 78.96 78.79 78.82
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Table 7 The accuracy of semantic segmentation on the
test set of the UCM dataset
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FEREMIZEAESE BRI 0A MloU FWIoU
L=4, 8145  61.26 68.76
U-Net L=40,+¢, 8336 70.40 71.56
L=0,+ €, +€ 847 7072 71.76
L=4, 83.67  66.68 72.33
Deeplab v3+ L=40,+4, 85.80  75.00 75.26

L=0,+ €, +€ 8595 7513 7549
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Fig. 3 The visible semantic segmentation of the test set of the UCM dataset
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Table 8 The accuracy of semantic segmentation on the
test set of the DeepGlobe dataset
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Fig. 4 The visible semantic segmentation of the test set of the DeepGlobe dataset
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Table 7 The accuracy of semantic segmentation of

various methods on the test set of UCM dataset

1%
- S
0A MIoU  FWIoU
U-Net(Ronneberger%,2015) 81.45 61.26 68.76
DeepLab V3+(Chen%%,2018) 83.67  66.37 72.11
DSSN-GCN(Ouyang F1Li,2021) 8429  63.03 72.96
AR5 8595  75.13 75.49
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Table 10 The accuracy of semantic segmentation of

various methods on the test set of DeepGlobe dataset

1%
ik L)
0A MloU  FWIoU
U-Net(Ronneberger %5 ,2015) 81.08  50.74 70.62
DeepLab V3+(Chen%5,2018) 8426  55.90 74.15
DSSN-GCN(Ouyang #1Li,2021)  84.57 5631 74.41
KSR 8574  57.84 76.29
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Fig. 5 The semantic segmentation results of the test set of the UCM dataset

(a) #0130
(a) Lake

(b) BRI 1

(b) Residential area one

() JHRIX 2

(¢) Residential area two

(d) 4H
(d) Farmland
U P E wu i [ s wie e
6 47 :7E DeepGlobe MR AE A X 5% 25 1

Fig. 6 The semantic segmentation results of the test set of the DeepGlobe dataset
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Geographic knowledge graph—guided remote sensing image
semantic segmentation
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Abstract: Although the Deep Semantic Segmentation Network (DSSN) has notably enhanced remote-sensing image semantic segmentation,
it still falls short of human experts’ visual interpretation. Unlike DSSN’s data-driven, pixel-level optimization, human experts rely on visual
features, semantic insight, and prior knowledge for remote-sensing image interpretation. DSSN’s pixel-level approach is constrained by
spatial scale, lacking comprehensive target inference and struggling to bridge structured data and unstructured knowledge. In response to the
two issues above, this paper proposes a geographic knowledge graph-guided deep semantic segmentation network for remote-sensing
imagery. We use the ground-object semantic information and geoscience prior knowledge extracted from the geographic knowledge graph to
construct loss constraints, thereby autonomously guiding the training process of DSSN.

The essence of our approach lies in the intricately crafted design of loss constraints. These loss constraints include the entity-level
connectivity constraint and the inter-entity symbiosis constraint. The former calculates the loss in the unit of connected domain entities
instead of pixels to achieve overall constraints on the entity. The latter embeds the spatial symbiosis knowledge quantified by the symbiosis
conditional probability into the data-driven DSSN to constrain the spatial distribution of segmented entities. The entity-level connectivity
constraint guides DSSN to autonomously learn entity-level feature representations during training. Accordingly, the segmentation results
become more holistic and suppresses blurry boundaries and random noise. The inter-entity symbiosis constraint adjusts the spatial
distribution of entities according to the spatial semantic information and the prior geoscience knowledge. This adjustment realizes the
automatic optimization of the spatial distribution of segmented entities.

Extensive experiments show that under the guidance of the entity-level connectivity constraint and the inter-entity symbiosis constraint,
DSSN can complete the learning of entity-level features. It can also automatically optimize the spatial distribution of ground objects based
on spatial symbiosis knowledge, thereby effectively improving the performance of remote-sensing image semantic segmentation.

Our novel geographic knowledge graph-guided approach to deep semantic segmentation in remote-sensing imagery has successfully
addressed the challenges posed by DSSN’s pixel-level optimization. By incorporating entity-level connectivity and inter-entity symbiosis
constraints, we have enabled DSSN to autonomously learn comprehensive feature representations and optimize spatial distribution. The
resulting improvements in semantic segmentation performance showcase the potential of merging domain-specific knowledge with data-
driven techniques, bridging the gap between automated methods and human interpretation in remote-sensing image analysis.

Key words: geographic knowledge graph, deep semantic segmentation network, entity-level connectivity constraint, spatial symbiosis
knowledge constraint, geographic knowledge embedding optimization
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