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Remote sensing image matching algorithm based on cycle genera-
tive adversarial strategy
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Abstract; Aming at the difficulty of image matching caused by different imaging modes, time phases and
resolutions of heterogeneous remote sensing images,a remote sensing image matching algorithm based
on cycle generative adversarial strategy is proposed. A cross-data domain image feature migration cycle
generative adversarial network (GAN) was constructed,a SmoothL; loss function was designed to opti-
mize the network,the accuracy of remote sensing image feature extraction was improved, and based on
the result of image feature migration, triple margin ranking loss function (TMRL) was established to re-
duce remote sensing image mismatched points, to achieve accurate matching of heterogeneous remote
sensing images. The test results show that the method in this paper improves the average accuracy of
heterogeneous remote sensing image matching by 33. 51 % ,and has a better remote sensing image matc-
hing effect than the cross modality matching net (CMM-Net) method. In addition, this method not re-
quire the annotation information of the target domain image,and the matching time is shortened by 0. 073
s,which can quickly and accurately achieve heterogeneous remote image matching.

Key words:image matching; feature extraction; generative adversarial; style migration

W B2 T, e A JE AHL L TR S T A 5 AR IR T

15l & 2R OB b S B X S R RO 1R 2 )
AT AR R 25 S e WL 5 A A2 B S f14 D 2 2 R PR S0 P O M e Y G )
B e I R U Y =S (8] 23 B R MG 3 R AR RE R Fel A Ah o 35 B R B — R 4R M T 22 B DL IS 5

% E-mail ; tanghaoyang(@ xupt. edu. cn
WS HEE.2021-12-04 81T B :2021-01-10
BESTH :FEKE AR IE4 (61673017,61403398) | [ 4 1 1 J5 54 i 135 H (2019M3643) F1 74 22 THRH J5 35 H (21RGZN0020)
wephmiH



B 8 M1 RV DR AF  BE TR A A SO B R me Y 3 R AL 4 DL C 5 1k

+ 825 -

ey F 4N TR B9 DT IE 5 95 RN TR AR Y
VCC 77k . JEFRRAE A9 U JC 3 3k b i 35 44 1 2 R
JEE R AR A AR A i B ¥k (scale invariant feature trans-
formation, SIFT) , % 5 1k 78 B8 19 7 728 R A 44 B
J7 T LA R R P B B R X AR RN 1 2 7
By B & SIFT J5 ik K D 2 19 47 1E 0 3 & 3 20 . 1R
MESRAF B AP M RO . A 2 F B SIFT 5
VLR TR Z2 80 Oy i L 9 i SURF 53: (spee-
ded up robust feature) #& & T 4 1F & & M 3K B,
GLOH % 3™ (gradient location and orientation
histogram) 34 5% T ¥¢1E 58 7 W FEPE. 52 T4
fIE 1 VT FE 5 ¥ A8 b, R T R AR 1Y DL E AT DL gR 45 T
InFa e B RRAE . 2018 4F , YAN S50 4R T — P &
GREMBEGRNZESE R ER L. Y
TS EGRR A, AR LA E
e B UEAT AH RUHE I B B, 7 B AR R ME AR 2
[i] B R 5 AR 2R 40 AT N T HLA 3 e i L R A Ak
1Y 20 155 35 38 B QR TG HERS B2 R & . 2020 4F
LT AR T 3 A 0 — B0tk Fnde KRR 51 IR Y 48
AN AR FEAE DT EC 5 3, # HUAS AR 4 Y DT FE AR .

2016 4E L5 . 57 ) AU G BE Rk Ak AG T RN A AR
B R T R g & L A 4k 82 1 T LIFT (learned
invariant feature transform)™! | SuperPoint ( self-su-
pervised interest point)™ | DELF (deep local fea-
tures) ) . D2-Net ( description and detection of local
features)®’ | CMM-Net ( cross modality matching
net) AR, Hof CMM-Net i i % FUbf 28 W)
2& (convolution neural network, CNN) # B & |2 i&
MR FFHE, Al M IR R EZBRIE L N2
(i) P JL A 0 A8 560 O A8 it T B — b AR 1Y i X g
S R B G R VEE 7 i . X T R TR 3 R A (A DT D
55 I X AR, = R AR, E R
O BB S5 A A% R A R A Y 22 S L BB s AR
Y4 0 AR 5 Zhkbe A A it A e, S Bl —
DX 3 AN () 4 4 o R 1Y R U R (R DT I 45 R R
AR R T g5 S 1k 2% A R 2 o] M Bk b i A
B S (1o A N1 e - 1 I S 1 L G v = g U
TC P19 O G v A0SR ol 9 /DN S U 52 A5 R S R0 L ] 2
S R B S, R B RS 8 R AR RO

G M W 0 S E OB A R 2% S ), S0
PSRN B — KB ik, Ko B
S ME TR S H AR R AR 2 A 22 Bl iy 22 R, B
S WA REAE . 2014 4F , GOODFELLOW 41
B A X Bt W 4% ( generative adversarial net-
work, GAN) . GAN iy = 5 % 2% 0 4] 5] (9 4% 41
T A R 25 TR A TR L ) I % T Ok X 43 AR
BUREA 5 B SRR A, LI 25 5 72 2 — A A i W 4%

FIUH) 50 0 4 AR B X PR ot AR . GAN FE 5 B0
WEMRE R AT 55 b BoR R4 0 e R L (2
R ORI N & S R G2l B I
[ % CycleGAN (cycle consistent adversarial net-
work )™ | DiscoGAN ( discover cross-domain rela-
tions with generative adversarial network) (" #1 Du-
alGAN (dual channel-wise alignment network) % )
WL LS B AR AR R EE R GAN FESE,
fE 15 76 YN 25 B 98 A BUXT A 18 20 T 58 i B R 3 ]
BT,

R /IS S R T TR AR R L AR 25 Al R 1Y
LA SC 51 A CycleGAN B Al LG 38 2 18] 1% 45
fiE 25 [6) e 559 30 38 A5 B & By bs fE b B b Ul 2
FEAE L A5 AU BE 08 X AN [F) A5 25 18 J A 9 b 5% 25 A
HATHERS 2 25, DL PR BB R R B R e FRAE .
PSRRI R LB R B R
SmoothL, i 4 & FA 2 17 2 (mean square er-
ror, MSE) 1 2k pR 45 , £ 5 1 #% 155 280 X K [) #8128 &
B bt T Re 1. AN AR SCRH S ond B
B HEF # 2% R %X (triplet margin ranking loss, TM-
RL) 1R VB I 5 2 19 48 2% of 85, 38 3 7% 511 5 B4
% UG AT 194 A AT AN AR G i 38 49 Of e IR 18 45 152 DC T A0
B, DT B e = U5 1 TRk PRI AR UG TC B A EE RNz Ak e
Ji.

2 EAKFEIE

2.1 BRERBBRILEELRRE

55 12 G AR VB Ak R R 1 TR, %A
A0 5 A T B A AR DT S S B B, AR SR B
“OSERAE I RS P UE AT DT C B SR W OB R TR AR S A i
B AREE TB B R) — BT, W 5 R AR R
FUART 25 531 o (4 52 i 7R A 3 42 & 18 il &
5 R AR E B AE MR AT VO T, B DT C HE R R . iR
i CycleGAN W 2% (1932 Ak g 71 » R H] SmoothL,
AR MSE #0125 .38 5 % F 425 & RRAE 43 A i REAR
B DL BN A AR AR 43 A1 1 T AR AR B SR BUA [
B Aefs B T E 5 2 A AU 8 R AR o R A5 Y 1 52 ), 42
o W L AR ) BT AL RE O Sz AkBE T .

A SR HE T Y A AE AT RS X 45 R e A SCy-
cleGAN, FRAEAE RS HAR G R N R B % X J& Kkl
TSR G RE A Y S i N T b b T B B v b B
Pase . TEVNZRB B a5 XY B AL R B — X 3
BREG « AR e ] v, A BN 4% G F1F 43 51 & A
X 80 Y SR Y 3 X B — AR N4 .
LA E S 8. SCycleGAN A SE H X 1) A9 [
B o LB RN G A R EHR F(G(2)) 3R )5 T
FEB GORAR T — N ER M F i@ F Sl



« 826 -

¥ x IR EAT S X BURRE 5 R F (G,
Ak, SCycleGAN 5 RY v 38 352 BT A~ A R 9 1) 51
K2 Dy F1 Dy $E45 350045 o, Dy J0 50 A% 2
kB X S B EMR o i S A R 45 B AR Rl Y TR
B F(G(x), X4 F(G(x))~~x I, B AE 1% B S 8ok
3 T L S PRI ) 0 2% 3k B g A 1 . B
W26 AWl 5, SCycleGAN W 2% (1) FR 4 1T 7% fig )
5, H) SCycleGAN W 2% G % 1 iffy b K 322 Jak 145 op [R]
— 2 iy AR TR B 6 A L, O TR 26 4 AN [ B
PRl [F B WAL 2K Y MR E B 8 X S, s
FOT 2SR . 3 R AF A B8 L B 0 45 2 B30 o8 5 )2

WEBF - B 20224 $33E

RS E G S G RRAE

T MR VT Be 85 B v, X T R AR 3 75 5 Y IR 5
12 HY BE LR B — B M (random sample consensus,
RANSAC) 2y o8 17 FI5 152 VT B 15 50 B » 5% FH PRk
% T 4798 & (fast nearest-neighbor search, FLANN)
VL SEIURRAE DL , 9F % TMRL A Sy DC P 550 % 114 4ii
e, TMRL BT A3 DG 2 3 (%) A 0 45 43 FH >k 2B i
PR M BCE 8. o TR R, B A
B A I DR 1 i A O B X R O R K AR AR B
B AERT A5 43, I 31 2 A %5 8 A X 45 43 1 X% R G R 5
LA REAEAS [R] (8 AR AR AR A, 12 8 D e i A fe e

| Generative
I network F'

F(G()

SCycleGAN —»

Generative
network F*

Remote image (X) SCycleGAN

Standard map (Y)

E1

G(x)

J:;1siéring result G(x)

Generative
network G

Discriminant
network Dy

Generative
network G

Matching result

Standard map (Y)

REERSGLREEFRETER

Fig.1 Schematic diagram of the principle of heterogeneous remote sensing image matching algorithm
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Fig.2 Experimental dataset:The first row is a visible light aerial image of a certain area in New York City,

and the second row is the corresponding Google standard map
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Fig.4 Heterogeneous remote sensing image matching results
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