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Fig.2 Flow chart of the proposed fusion algorithm
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Tab.1 Data information of the experiment

Np Vi

S 1 Y L Tt
sg b B BRI e ey wn
HlLo® 17
378 x404  0.25
gap1 M e o
ﬁTﬁj— /ﬁ\ﬁg"ﬁ{%(3 i@- 192 %205 0.5
) ’
moa = 9
1159 x1 211 3
gapr My o x
T =5 (F s s s
i)
) WOE S s s 20
gz oM e (SAD
FEDPRT W Landsa8 (4 sy x1051 30
R0, 3 i)

3.2 MEREFNHIRE

g VU RS L TR RE L AR SR ST A
SSIM Y% i 55 ( spectral angle mappig, SAM) | 2% H.
JE (degree of distortion, DD) \#JJ5 HL iR 25 (root — me
an — square error, RMSE ) F1 40 %} JC i 20 4 &) i 22
(relative dimensionless global error in synthesis, ER-
GAS) T Ry F WA FERR X R £ BRI .
Hr SSIM ] LARAESS F FRAE DR A7 58 88 i, HAE BOR,
Al A RAAR TR R 5 SAM R DL B Rl A 45 SR i
FHHFRRE , (BN A /)y s DD T LA & il
BB T IR G AR AR DG R LR, DD
AN RILEBUN  BilE TR B R ;. RMSE Al DU 4 )R
JERE R DBV 4R i FMU )N ERGAS AL

SRS ARG T, Rl 55 18 ) ERGAS {EL#/)
WU A AR R G TR o B SSIM AR AL 4 b
PEOME PRI AR s (1) - (14) frs
< vF ’ vo >

[vello Ivells

DD(O . F) = ﬁv [ vec(0) —vec(F) ||, , (12)

SAM (v, ,v,) = arccos( ), (11)

2121 CO(ij) - F(i )
MN ’
(13)

RMSE(O,F) =

R: /1 « ,RMSE(i).?
ERGAS = 100 x -~ |=¥% (22 (14
r ey RSO

i

K foGiup oSG, RIEER 0 5 G G F X}
N Cup AEE AR M,N R EHR AT 5L
vec(+) FEPHE I S B 10 55 vy, v, N R ER A
R RO CIE i Ry R, IR B ARG R 1)
2B HE s B IR EME B w, R ER &
i THS A5 155 |« AR 31
3.3 XfEERI

SEEEE AR 6 Fh L A O R T X
oo a4 THSPY  PCA HCS!' ™ T /N 43 fift
THS 75 #e (1 fill 4 55 37 O NSCT - 3™ K o 1y
NSCT'™ £y J5 v
3.3.1 FWFEMN

B — L SE P R E 3 s, BB RO AR

(a) Jilfi SAR 14

(d) PCA Jrik

(g) ¥ NSCT

Fig.3 Fusion result of experiment 1

(b) Jil - A%

(e) FET/NPARH Tk

(h) NSCT 33y
E3 LB—mEER

(c¢) IHS Jrik

(f) HCS Jitk

(1) A3



51 (RN

R AR R A AR RIE S BUE 19 SAR S50t A AR & - 103 -

F, SEBeid KL 3k SAR 5218 5 Kb &l 3 i iE 14
RG5O 4 K R AR IO S MR I . ES5
AL SE B B 5 T, BP9 NSCT 53k LIAN , HorJr ik
PIRERS R SAR FZAR P 0 4 R AR 1 B B R 5 R 15
Hh, Herh THS J73% VHCS J7ik PCA J7 i A A SO
LR A5 R ISR SN T o (e CTE R5 BE
J7 T, THS F1 HCS W B 1 800 7 A OGIEH il 2
TN 4 J5 5 R NSCT SF-24 2 Fh AR AL T
B RS B T B (A T8 (EL R 19 R L, PCA
J7 P2 NSCT J7 3k A8 Jey 3 DS A 7 AE BRI 6 1
HHHl AHELZ T, A SCHC kRl A 405 2R 0O 3% 41 il
N CTERHIE E M A

S T SCERAS R NIEL 4 PR, EERON T,
Hii =24, S5 i@ ok GF -3 (9 SAR #2185

GF - 1B M 2L Bl &, BAM L2 B P =
JEBERSE O AR R S, FER = 2B R A 4
FIRLPRROSE I o 645 P P AR 5 48 5 T i, #5300k
BREADEC AR P o 2R AL AN I SAR AR
MIZEFG R , AR IRl B 25 11 THS  HES LI
PCA TR S 4 R s B2 s e Bk, Ot i 3
TR ER TR E 19, B B4 10 5k BRI T )R
R SAR SERBHOC AR B i, NI
TR T E T A e LBt B a2
W0 AEICHE PRI BETT T, 56 T R R i) 3 b7
TR LA ¥ NSCT Jy 3 8t BT 2 19 't 15 41 it
NSCT -3 I T/ IR AR e 19 595 70 AT AEAS [F) 7
JEE 4 R AR L, T A SR 16 RE A% T T 50 88 il
FHIRSZ R B RAIE o

(a) Jilf SAR M4

(b) A%

(¢) IHS Jrik

(d) PCAJ7i%

(e) FET/NUALHITIE

(f) PCAJ7#

(g) ¥ NSCT

(h) NSCT 35

(i) A3

E4 RBW-MEESR
Fig.4 Fusion result of experiment 2

B SIS AN B 5 PR, EEG 5O L
FIWITA , 250 3K Landsa® FIM§IE—'5 SAR 4
FE K SAR S8 i M B RR IR 1 6 BB 1R,
TR EAT 5 A ADLIE R BRI S AR . Tr4s
FEVRFAE 52 B8 BET7 1T, 45 S I RERE SE BURFAE TR A5,
Hi THS 1 HCS J5 32 (9 3 S OR B e B ik
U, NSCT R FIAR SCT7 3R ACRAHIE , A T oAb 5

IEE L DR A 1) B D S8 B 5 FE el ORI E DT 1
AT ARSI 7 I AR 2 R P B AR DG
H e A TIE A, NSCT -2 M1 T/ i A2 4 1Y
7 1 BRI , B A 42 R G (B R R A T, ~F-
P NSCT A SCEE ORI, Y1 5 B 3 vt i
IR . GAKE L =P AR SORER G4,

LR o fi e



. 104 - H %R

Y

2023 4§

(a) Jilf SAR 14

(b) Jstht

e

(¢) THS Jrik

(d) PCA Jrik

(e) FET/NUARSE T ik

(f) PCA J5ik

() T4 NSCT

(h) NSCT 45

(i) ASCH

ES IH=MEHER
Fig.5 Fusion result of experiment 3

3.3.2 ZEIIFH

XPIUFP T R T 45 R AN 3% 2 s 45
3 I R AR P 45 Rk B TS5 W R AE TR 4
J7 1T, IHS 1 HCS W 75 1 SSIM (B f K, B 4544
TEPRFFBE e AR SO 1) SSIM fH IR 22, AT 8¢
2SR R IR OR R B . AE G R AE R A B I
SAM,DD,RMSE Fl ERGAS M R [a £ B 52 b T b 4

2 2 AXBEMTNIEE

Tab.2 Objective evaluation indicators of
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An SAR and optical image fusion algorithm coupling
non — local self — similarity and divergence

FU Yukai', YANG Shuwen'*”, YAN Heng', XUE Qing', HONG Weili', SU Hang'
(1. Faculty of Geomatics, Lanzhou Jiaotong University, Lanzhou 730070, China; 2. National — Local Joint Engineering
Research Center of Technologies and Applications for National Geographic State Monitoring , Lanzhou 730070, China;
3. Gansu Provincial Engineering Laboratory for National Geographic State Monitoring , Lanzhou 730070, China)

Abstract; Currently, the high — quality fusion of SAR and optical images is a hot research topic. However, the
significant radiation difference and weak gray correlation between SAR and optical images greatly reduce the fusion
quality. In this regard, this study proposed a SAR and optical remote sensing image fusion algorithm that coupled
non — local self — similarity and divergence. First, images were decomposed in the frequency domain. Then, the
non — local directional entropy and divergence were used as characteristic parameters to guide the fusion of low —
and high - frequency components, respectively. Finally, the fusion components were reconstructed to obtain fusion
images with clear structural features and rich spectral information. The comparative experiments verified the
effectiveness of the proposed algorithm in fusing SAR with optical images and its superiority in maintaining
structural features and reducing spectral distortion.

Keywords: SAR and optical image; non — subsampled contourlet transform; global feature; image fusion; hyper —

spherical color space

RERE: = W)



5535 %45 1 1) H &
REMOTE SENSING FOR NATURAL RESOURCES

2023 4£ 3 J

BE Vol. 35 ,No. 1
Mar. ,2023

doi: 10. 6046/ zrzyyg. 2021460

U B IR, = A, HL 5. B0 Deeplabv3 + 115 43 B 5€ 08 [ (40 BRSO RL[ T ). A AR BF J5URE )%, 2023,35 (1)
107 = 114. (Zhao L. H,Yuan X P,Gan S, et al. An information extraction model of roads from high — resolution remote sensing images

based on improved Deeplabv3 + [ J]. Remote Sensing for Natural Resources,2023,35(1) ;107 —114. )

Pt Deeplabv3 + [ R 0 B 58 2t JB 2 150 i 4 HUSE A2

RAR, EAE, AR, 8 R, hhiE
(L ERABRIAFELHRIBS R, B 650093; 2. @ #mRE R LR EEELEMNLEALA LR

B, B 650093; 3. AT M SR KFHHAF 5 TRER, KHE

671000)

T FOUE G T8 BRI T TAAE 5 70 W 318 B AR A7 AE $R PSR 2 TR I 2 18 19 1)L, 2 1 Bt Deep-
labv3 + ) i 70 e R 8 SR AR TE B SR UL . >R ] MobileNew2 EF4FAE4R UM 45 5 Dice Loss R EUHIZS & , 007 H
AT R 3 AR R (G R IBORS FEE 5 T PO, S B s B IBORS JBE 14 [ I I A R S M A TN AR
FRESR o T O URIE % S ORI 4 O S 2 SR AR - (DI SCHR 19 B AR BRI R A g 70 38 B 1R B B AT
e, B2 IBE B B0 B VAORS 35 31 98. 71% , BLAT 50 R JORS 12 5 ()7 41 B J8% ¢ 38 12 077 11 2% 7 2 F- 24 UK s 3]
120. 05, BERIS KRN 5. 81 M, G A b HeJSURERY B e e A, R IWIZ07 10 2 1 I RCPE R BER o %05 TR TE R i sl
D ZRHE T AE INEACR A [ ORI T BRI RE B EE , O 48 15 2 T i 20 B SR A A B R IO J3E A B2 4R A3 17— Fop

BB SR i

KR IR EHREG RS 5 15 0 E]; DeepLabv3 + KR

HEESES: P2 XEIRERS: A

0 7l

guill%

TE o NRAEANE 5 TAEh AR AT s R TR
AN R AR AR T R I IO Bt , S I AT (A
e Rl T A AR A as A7 AR b A 3
DUACIR T B IR C B, 8T 25 I0URS: €20 B U0 % i A i
o IEPEAE SR B A BAE B SR R A
S R A R o A B AR DU A
J&  RIRER A= R R e B S e i, HATE 2
BB G, I H ok S LTS BEZ ik
S M ) R A 14 2001 R S R R, I B AR B
(RLBEBRE 2000 30 | i )2 T Sl 5 0 O O
) ARH R Ak, DA D M A 4542 BOE #% H bn {5
SVEEIINE, sAh, BA AN [ bR i) 3 %7 TR
SR A R LA AN TR R RE L TR BN
AN [ LA AR ] D' e [ — 3 % B A A DT
FIR, 48 RZHGEHHRBCR 2 A i k)20, F A )
AT R T BN T 40 5 3 I AR 0 L, i B RE Y
JLU % e B2 IO £ L, Kass %52 S22 1) Snake

Wi B EE: 2021 -12 -27; {&iTHEA: 2022 -04 - 12

NEHS: 2097 -035X(2023)01 -0107 - 08

Sk B PN R PG R AR AR AR AL R 50 2
BRI 5 Ghaziani %6 45t ) (8 % 53 42
WGE 770 5 Sirmagek 251 A1) T 101 S A ) 143 52
PLHIFEATIE B3R, 2 A ShAiE g 3R IO LAY
BB e 2 PUIRS B AR R IS — R ) A
R, — P T AR S ) 3 B R B B AR A K
AT M PRI B R . NI, BP9 —
i B B HET A 20 BEER B B AR Y TE B S IR0 R B
AR ERIE XL

TRIE 2 2] L A W — D00 3 AL bl 7
AT BN TV R IR YR AE i, 0 ROBE AN AR R 5%
e (scale — invariant feature transform , SIFT ) #1775 [n] B
JEH 7 E (histogram of oriented gradient, HOG ) 4%, Ifij
TR > HH 2B A B B0k A0 & i BT A e
TEESH LS e > o IR EE 2% 2] 28 ) TN 28t 1)
R RS A T 18 22 1 S 1) A% 1 AT 552 B2 B0y B
KRR AR B B B A S EH L
SBOAE SRR TR 2 2D FE B LS H g 24, 3L
TE G BTN 3 20 53 B AR B TR S8
SR JUAF AT O B 22 118 2 3 W TR B2 2 2 I T

EEWB: WK A ARG FH 2 7 W R R 7 2 A R AL DE T (45 . 41561083) 1 Z- NN/ A0 I 38 3t 14
2 RO 8 BRI T (45 - 41861054) JLRIHEH) .

F—1EE: BLST(1998 - ), 55 B LA BESE 05 [ 0 S IR (R AL B, Email : 2919404153@ qq. com,

BREEE: H (1964 - ) 20, Bd2, 1L A S0, 5807 1) B I 508 R . Email: gs@ kust. edu. en,



- 108 - A % %

WoaE R 2023 4

T SRIAR I I 143 ) . Mnih 2517 J5 S48 4l
TP 2 ) 28 ( convolutional neural network , CNN) $2H)
TRIRGE AR Y I8 B, IR B A BE HL 3 ( conditional
random field, CRF ) #£47 J5 4b BRAN AL 73 FIRICR , {H 43
FPRS A A I S AR IR 5 S L
BT ETF /ML E B E TR (mini - batch gradient de-
scent, MBGD ) F1 3£ 7 #8{ 4= 1l - ( BFGS method ) A
CNN 7E3E 4 I E R ROR , 45 R K] BFGS kA
T SRR RE N2 182 o) RS R (), N2y
BNt R P AR B T R R B8R AR R G I LR
Long Z&" B H T 4% B 2% (fully convolution net-
work , FCN) , He BT T X BURHEATIR R Py 7302, B
XPEEMG AR A T — ST, DT A e 13 L)
ST ENZR 5y R )8, FCN 24 CNN )5 2%
e P R E e AV I W& AW RN e 2 AV D B
JE—ERZ IR P T FoRAE, B 2 b
A EGARTR A RUST, 28 S50 >4 3R A [ e i 7 B
TAMER . (BRSO, X Eg
AT AR, B R 08 T MR B, Beh
KEBRREBRERZEMW LR, b= 25—,
Chen %5 424 Deeplabvl F270 R F 2 i 4 B T
FEUESZIOTH ] 25 BE AL K 52 31 545 B o Deep-
labv2 7 Deeplabvl Bl b5 AT 25 i %5 6] 4 B 1t
Ak, (atrous spatial pyramid pooling, ASPP) Jf-3% F#% 25
M 2% ( residual neural network, Resnet) {E 2}y 3 T ¥
2%, Deeplabv3 Bk 1 23 i 45 (8] 4 5 55 AR A B,
A Tt 15— 1k )2 (batch normalization, BN) , Jill
T A G T 4 LA Deeplabv3 +
FIAGRIY — A il BB 1 T M4, ¥ 5k
22X THR N Xeeption [ 2%, i P A 141 5 1 ROR
Thf

Bt 10 28 A% 0 235 40 10 S I IR 55 52 4%, 9331
K BETEAWTER T, (HL B 22 TR 1) J2 ) 45 2 500 RS
R AR TER o B, A% SCEF TR BE 27 2] 1 JH B H2 B
TESE A BRI TSR AN R G4 B A B I N
L WFFE—FhJE T Deeplabv3 + 418 %42 B 2%, 18
T 5 e B IBORS B A4 T 9280 1 SEmp Al 3

1 xR

1.1 BERRE

15 53 R G AR B PRI ST R —Fh T
(38 SCAy Bl 18 4y H W 3 B 2o R b ) 4
— MERAEL— A FRZ, Bk B v i B —
MEEHBAT ™ . AR T 2T Deeplabv3 +
(4% S b 1o 0 PRI R AR B B S IR,

AR LAY 3 ANB B 1 dG, 18 G 1R B Y
A BRr B S MR AR BT 3 i LR 2k
SR AR o 4 5 LU, BRI ZRB Bt 5 2
BB TR HBCR0 45 A J5e 45 2K BRI Y
SR DT s R, RIS (O I B B O B RS
FEMAERIEATIEAN AN T R

.
B oy,
i AR aE
i WS
ikt |
v y ¥ y
[ngige ] [ongestennaer | g ] | viserc |
7
| Ermmes | | socmgeor | | soesyns |
[ J
B v
LT'L N
T R Y BUCH
%
) Lmppimeg | | imsu |
18
B
e SR
F A P v ¥
Tl ] Tam] e [wm] ] [ 2%
AENIE AR E ARl

E1 AHRRE
Fig.1 Flow chart of this study

1.2 Deeplabv3 + W& EY

Deeplabv3 + DA%t — fift i o JEfli 2544 . Horp
2 A i B0 DT 5 L 4 BB, R R A TR AR G R D (]
FIRTE, BB W R AL 18] I 42 30 2 8 fE
RSN IVABE R R E cRil L M EIES ey W B
B ER 1 2 RS B S R R 2k,
Deeplabv3 + [ 5 {4 R 28 25 k4 40 18] 2 iz . HC 4 i)
PR AL A AR S 3 T B2 0 IR S R & ) 4%
( deep convolutional neural networks, DCNN) FI ASPP
X2 ANERAy . ARG ER 2, Ok B T M 4
1) J2 A AR R AIE TR ROk B ASPP A5 B 4 it A Oy
Ao B, MRGARE I 1 x 1 A7
EFEYE; SRI5 X ASPP R H i RRAE 18 04T 4 % |
RAEAR B 5 AR G AR B RS A (6] 9 FR A &5 P fef
JH Concat PRECEF F iR 2 FUFEEHE R K, — &
B3 x3 HRPHTRAERE G Ia, 1T &k
A FoRARAT 2 5 U R 23 B2 RN 25 1 T
NS



51 BV IR, 55 -

it Deeplabv3 + ()75 73 4 188 [ (8 i P IO R - 109 -

2 Deeplabv3 + W& 4544
Fig.2 Structure of Deeplabv3 +

1.3 i3 Deeplabv3 + [ 4& 4R HY

Deeplabv3 + Ji 3CH A 3= 1 [ 44 )2 Xception
FHAE R I £, {H Xception X 175 [ 2 B 00 A il s
AR EEFE AN, BT AAS SCR i MobileNetv2 ' 5 fiE
PRI ZEAE R T P 4 DR FHEE R SR BUR0R 5 IF
LB R A5 v I S i I ) A B8 A ) ) AL, A
SCRH] Dice Loss 1552 S 51 2% bR BRI S 4 2%
BRSO i RAE AR BE AN B AT O
1.3.1 MobileNetv2 M -

MobileNetv2 J& Google $2 H} fi)—Mi% 51k CNN,
FoB MobileNetvl A7 I8 B 1] 43 B8 45 FH ( depthwise
separable convolution, DepSep Conv) ¥ i, 5 % 4
BURIIGZ DepSep Cony 05— 521 5 BUMiR
B2 AT, Rl R R E SRS B A ERLE 3
DepSep Conv 75 7 &l A b # B B FRERAE, S
BORALANIZ TR A AL

3 DepSep Conv 4544
Fig.3 Structure of DepSep Conv

/G MobileNetv2 Ji i 2282 F Y , ank
s, Hev o Sk i G TE A7 0 2R 8, ¢ i i
TEH, n IR AT R, s D IR R AR — I
SR b SE Bt il 8 A B SR
ALK B BURESE 3 A (B 4) o Horpyr
FROBAN 1 x 1 BRI IR Ak 18] ) e G % 46 7R
JEF 3 x 3 9 DepSep Conv $EI P 14 &~ i 3 1Y
AELAL IR D BT 2 K IR S A 1 x 1 35 BUR K

ERFAE A R YTk SR R AEX 3 i
R ] LA DR B s e 45 8 [ S HOE 2 i B 15 6
TR GG AR, WRATI ] ReLU pR & 22 A
BORIIEEZER, NI 75 B 2R Linear
VEDS PTG BR%. HUK MobileNetv2 SR MU= FIA
TRV HAAT M AN o A B 4R T

&1 MobileNetv2 15
Tab.1 Structure of MobileNetv2

A/ (B3 x

) RS [ c n s
224% x3 Conv2d - 32 1 2
112% x 32 Bottleneck 1 16 1 1
1122 x 16 Bottleneck 6 24 2 2
562 x24 Bottleneck 6 32 3 2
282 x32 Bottleneck 6 64 4 2
14% x 64 Bottleneck 6 96 3 1
142 x96 Bottleneck 6 160 3 2
7% x 160 Bottleneck 6 320 1 1
7% x320 Conv2d 1 x 1 - 1280 1 1
7% x 1280 Avgpool 7 x7 - - 1 -
1x1x1280 Comv2d 1 x 1 - k - -

E4 MImBEREE
Fig.4 Bottleneck layer



- 110 - AH % % K E K 2023 4F:
1.3.2 ASSP 34 /e R BBk 22“ A

fE— K%k IR MG U VS AR 9 PR M (2)
03 I JE 5 FUUTIEG 10 22 1 2 5 AR e, IR 7322 T+ Y

JIPUE-SIDEREEIRER IEAIUIL S SR VAN 2 e P
CNN Fp“ RREF ™ BhR o Jelsz B , 30 2o 494 RS 52 B A 4l
AREMREY BT SUFE B 38 RS2 B 1 0 X — Ay 3t
FIEREBUZ  HIX 2 T 867 R B R A
SRR o 25T G B AU 2 B
(IR 2 3, 70 RSS2 BT ) T B SO 3 o
5280 . =G REUETE— RS RE iRna
i, 2= R O, RERK R BOR TR 0 M, JsZ B
AR, AN S PiuRo Deeplabv3 + K] ASSP A B ijt
— AR RUZ IR AES S, ASSP il AN Al i ik %
(2 B BOR SC B 2 R FFIE SR I, Fe P 16—
1x 1 B KR 6 /9 3 x3 A& Ik R
12 (53 x 3 25 IR 18 1 3 x 3 =i 4
BRI —AFRE AL )R, o B 5 a8 1 R Ak
KT HER: o

(b) BN 1Y
S IE T
5 EHEEMRETREMLL

Fig.5 Comparison of ordinary convolution

() KRN 2 1y

a) THERH
() FHER 2R

and atrous convolution

1.3.3 KA RPH15E

TERIZE R A )2 ] i SRR LSO, B4R
AR R B (ELR T RN 2R T 1 4R Bt
PRECAYES AT RE/N I SR, T 2T BUR s BOC T
SR TR ARG LIRS d8 51, 820
OB S BOE, 701X A~ A P 0 2k e B B 52 8 R
HE BRI R IR . H AT, KZH0E
HRR IR FH A8 SR % s, R L1 O

1 «
Ll == > [ydng, + (1= y)In(1 =51, (1)
i=1

Ao NOREASEG | W AREAS v, SRR
(ISLBRARE s 3 MREA | I BURR 2 . TE3EIBOY 1%
B SN A — A W], T % R
e/ TS SR R HORE k2 (AR 7 7 ff 18] T 45
B SO EOR AT . FE R L A SR
Dice Loss 532 SCH 2 2 p& BCHR InAE Ry 61 2% pR 09
5 LR RE A AR JE AR 2 57 (9 15 50, FCHP Dice Loss
Fik 12 0

ATLLM(2) A B Dice Loss Jf&— R X EAQ
R, VI 2% £ BT A i S SR RE A 1 6
PR LHG R SRS A5 P R 5 SR A 38 S 34 s i 15
DS .

2 ERYHE L F A

2.1 ZRHIRE

A WS IS | Massachusetts Roads'' &
JIE PETE U EV R 4E |, Massachusetts Roads 1% 3GH
BETE SCor EI RO R A 5 T 38 I H R g JE N R
2 600 km® (i T AR AL AT B AR AL X R 2
Fofr it DX 15 R, BRSO/ 1500 483 x 1500
BR FWED RN 1T m, i TIZEIRE A
AR H B EUR S R 2 s R LR, i N T 0
Ve BRAFT G 2R B R SR %S X TAAE TR bR S
FEARIARZE (] Labelme 4 BOBbRTE . T3
DIRER: D] R CRNANEE e TN CTE S
LK I 06 228 J 1R 15 AN 25 LR LA 256 5 K gE AT 8.
BT RS J5 B R ORIV 256 1R R x 256 1R K
[ Fof Xof 1 28 17 T PR A 8 ), TG ) A %o 11 2 &
BT RINNBEDL A Z ST, A AR UEAS [F] 1Y
YIGRAEAS, IR T IIZRER R MRS , O HL ALk A2
YIZRAE AT LAY/ 455 780 05 B 2 g M () A0SR, DA T 44
AR IZ AL RE 1, A SCOR BURE % oK 7 F1 38 R
e WUR B, | R RO S5 2 R RIS TR . e
132 8 575 5K IE B K15 L KOG b 2 K15, I IR
9: 1 43Rl Zrde 54
2.2 EHIERR

H T A YE X PRI R AT VRN, SL e
TR ARG B RS 28 3 [l F1 2450 1 2 it 550 %
ZREAE NP AR bR . HP T 4 DPPNRARTT A
X5

0A:TP+;]€I;];+FN’ (3)
b= TPT+PFP ’ (4)

k= TPT+PFN ’ (5)

Pl N T (6)

e TP ONIERR T 4 18 R R B FP R ARiE



51 BV IR, 55 -

P3tE Deeplabv3 + [ 75 73 218 SR AR T8 I HR IR A <111 -

S TN Ay T B PR AR R IV D fig T e 0000 2 A 3
BEBR AL TN R Al 8 % 000 AR 38 6 145 R
B PR AR, RIP0N IE A A BER R R B0
THEEAR R B LB, S s B S AR B AT SR AR 5 R
S Il RIVETIN LE A ) R R R LS IE B R
RN, S BB PRSI SE B EE 5 OA Sy A
JE£ , B B0 DA A 15 K R R A L, B AR
TR EEARUER 35 F1 R B 5 0 49 [l 3R 4 308 A1
PIfEL T3Ah, SR 1T s P RE A B AR 1 K
i, LR (U T ) PR . S B0 O 5 A
TR R E B A , LR MARG A QR R Py i A A
S o

3 BAING LR RELE RN

3.1 EERIZEE
3.1.1 ME % TRARLAESHEE

ASCSERIGEN : #RAE RGN 64 37 Windows10,
CPU %15 Intel i5 — 10400f, 77Ky 16 GB,GPU %!
5K GeForcel060 177 6 GB & CUDA Jff7it8&
&I GPU ufthnk . #EAIELT Pytorch IR FE%~
STHEZRFE TR 28 454, F 2% sR AN A Dice Loss D) fif
PRAE SREA AN 4 i oK 9 I 2k )@, IR A Adam
(adaptive moment estimation ) /i fk, %% 2 1= L AL A T
BB, SEEIL S| NI R 5 AT RS, 45 75 ImageNet
EVINZEF ) MobileNetv2 [0 2% K HE A y S50 1Y B 4R
R, i FHIE R S H0) i AL M 28 Re g S THZ ALtk R
FRLANGR53 R 2 BB B Be— TR ES 3 T4
SR 28 B B, RS 3 TR B2 R 28 R B AN
HATHOR S T B IR A AE— IF I s B IR s Bir
B IR R T TR $2 IR 28 [ B, gl o s B
B E T RS A TR IA B S S iR . B Be— )
242155 0. 000 5, HEAL IR /N 8, 34K 30 4%,
FRIEACS Fo o 2 RALN A 0. 02 {5, BrBe—4)
H 2] %8 0.000 05, #LANHLK /N 4354870 5,
REEAS Fooy ) AN IOk 0. 02 £,
3.1.2 £BHB4EXR

{ifi F§ Massachusetts Roads 4 4 X4 202 A9 Dee-
plabv3 + [ 28 155 1Y E AT I 25, K I 2R I 1) e G A Y
K SEIBOFORAE T 0 3085 40 2 1) T8 B 3R 0, 7531
WA IBUIE TR I REL R , T AR TR WA JE P 1A
KGOS0 A mIRA FL 0804 BN E bR 85
TR - X ki b 2 800

IR ST Y Deeplabv3 + 55 % Massachusetts
Roads AR $E HCGE B 1B (ARG B2 iR 51 98. 71% , K
iR A ERA F1 088 LE 87% LU b iEBA T 475

FE (5 7 B AR B BRI A R . RIS
BN 5. 81 M, AH bb— IR B2 P 25 ) 28 A5 18 R e U
U TR R A, S EGA R 120. 05, H)
FEFPP-EREAR I 120 5K 256 {5 3R x 256 1R K EI1EH)
BRI T RERIAE o B G AR I PR AR IR
IITRICPE . FB 018 B A A SR 5k 2 s, AT LUER
FIRIEE R H LA AV & WAL S 4R
BT 1 i 7 A R B R M P it LT {8 i 1 R 0
32 2 PR ANE R IR bR 2 B B R AR T A I8 5, §E (A HE
FORIBFEATEROE PG, B (A HE s 25 [ h ik
AR AVIE R 7] LUE B0 T AR 08 B A I
A PRI, X TR A T B AR PE E R T, SR IR
BASRKIA: 2 ), RERLHT H X 18 B R AE 47 32
B, 06 T R 0 4 1Y) 1A S AL 3 5 R B £ 1Y
[HDAR
2 i Deeplabv3 + #EEIZEVE B R

Tab.2 Extraction results of the road by using

improved the Deeplabv3 + model
b &l RIS R

s JdR PR

3.2 FLEXERELSH
3.2.1 SERLEERSH

R T A IR AR SCUR B2 > BRI AE 5 3 HE
SAGIE BRI R RE R AL LB . 7E Massa-
chusetts Roads £(#54E I WA SRR 5 A 3 Fhes
BT SOy R A T8 B AR IBOSCR LA, Al U -
Net, PSPNet #l Deeplabv3 + , H & T HLER 2 - PEFI
TN, BT A BRI AE G — B PR B B R 25
BB St —3, U - Net /25T 45 - fih
SERR R BE 2 2D 18 S B 4, H 32 T REAE £ UM
2§ VGG —16, U — Net % 9 I T E 225214109
3] E R T B 2R TP I LA, T A U — Net
A DARE R R SR GHE B% . PSPNet J&3& T 42 Ry & 7%



<112 - B % %

2023 4§

Ak 1) 75 4 BRI Loy FI R 2%, H 3 T I 25
SR C—3 A9 MobileNetv2,, Deeplabv3 + {#i F§ Xcep-
tion ESN T4, X ELZE RN 3 iR,

x3 FREEEILER
Tab.3 Comparing the results for the different models

BEny 0A/% P/% R/% F1/% gﬁ ;;Z
PSPNet 96.59 63.59 77.16 69.72 2.38 129.56
U - Net 98.26 82.46 82.33 83.39 24.89 49.71
Deeplaby3 + 98.45 87.00 81.92 84.38 54.71 30.77
P Deeplabv3 + 98.71 87.49 87.06 87.27 5.81 120.05

12 3 AR, 2t Deeplabv3 + 5270 /e 5 (R0
B RGBSR A 1R F1 80 280 K7 i
Aty 3 A HERUESA AN R R L 142 5 . PSPNet £ 04
T S 4 AN P 8 23 P 3 SRR 1R 10 1 B
SR, FORTBEAE 4 Fh I 25 Hh e A, {HL DR A T Mo-
bileNetv2 2 {6 % 45 (i 15 L B S HOR AR /N, HA

2.38 M, U - Net 5 Deeplabv3 + g & A5 B 43 EkE
B EXPIE MBS HEL TR RERSFECFY
IR B, S RE 3k B IR A BER o ROk
i3 Deeplabv3 + # % #H 1 i Deeplabv3 + #51 | [K
K F S Iz Ak 1) 32 T ARAE S R 2% MobileNetv2,
S Hem D T 89. 38% , Wi & 1 3. 90
5 DRI 5K R BROR 1 F A A A 49 4 ) R, 1 %
RSB SR A B RA0 FL 232800 547+ T 0. 26,
0.49,5. 14 F12.89 [ /r s, Bt )a AR BI7E A 16
NG FE IR I ORI 1 2850k, w2 1 Ik 1Y
BOKR,
3.2.2  RREME LT ERAR G AT

Y SRR F 4 iR Y ) i B 4R RO
S, P B 1B Hh AN (W] 47 100 1) T8 B0k L A0 5 EA T X
e, ansk 4 s .

x4 4 MERRBUIEEERYILL

Tab.4 Comparison of the results of four road extraction models
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An information extraction model of roads from high — resolution
remote sensing images based on improved Deeplabv3 +

ZHAO Linghu', YUAN Xiping”®, GAN Shu'*, HU Lin', QIU Mingyu'

(1. School of Land and Resources Engineering, Kunming University of Science and Technology, Kunming 650093, China;
2. Surveying and Mapping Geo — Informatics Technology Research Center on Plateau Mountains of Yunnan Higher
Education, Kunming 650093, China; 3. School of Earth Science and Engineering, West
Yunnan University of Applied Sciences, Dali 671000, China)

Abstract; Aiming at the problems of poor extraction effect and slow extraction speed of traditional road extraction
methods in the information extraction of roads from high — resolution remote sensing images, this study proposed a
new information extraction model based on improved Deeplabv3 +. In the new model, the combination of the
MobileNetv2 backbone feature extraction network with the Dice Loss function effectively balanced the contradiction
between the precision and speed of road information extraction from high — resolution remote sensing images. As a
result, high extraction precision was achieved while meeting timeliness requirements by reducing model parameters.
The experimental results based on the open — source road information extraction dataset show that; (I) The road
information extraction model proposed in this study was feasible for high — resolution remote sensing images, with
overall accuracy of up to 98.71% ; 2 In terms of the information extraction speed, the new model had an average
frame number of 120. 05 and parameter amount of only 5. 81 M. Therefore, the new model was more lightweight
lighter than original models, meeting the timeliness requirements. Therefore, the model proposed in this study
meets the timeliness requirements by greatly reducing the parameter amount while ensuring high extraction
accuracy. This study provides a new philosophy and method for improving the accuracy and speed of road
information extraction from high — resolution images.

Keywords: remote sensing image ; road information extraction; deep learning; semantic segmentation; Deeplabv3 +

model
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