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Synthetic Aperture Radar and Optical Images Registration Based on
Convolutional and Graph Neural Networks
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Abstract  Due to the significant nonlinear radiometric differences between synthetic aperture radar (SAR) and optical
images obtained by satellite remote sensing, the current SAR and optical images registration algorithms are weakened by
their poor real-time performance and weak rotation and scale invariance. To address the problem that the current
algorithms only focus on the appearance information on the local features of images and ignore the geometric structure
information, a SAR and optical image matching method combining the convolutional and graph neural network (GNN) is
proposed. The method uses the convolutional neural network for feature detection and description, and adopts the GNN
for feature matching. In contrast to the nearest neighbor matching algorithm that merely uses local descriptor information,
the GNN embeds the location coordinates of feature points into the descriptors, thereby providing the descriptors with
geometric location information. Then, the geometric context information of the feature descriptors is further aggregated
with the attention mechanism. Finally, the matching results of the feature points are directly output by the differentiable
optimal transport algorithm to ensure that the network can be trained in an end-to-end manner. The experimental results
show that the proposed method achieves state-of-the-art performance on the registration task featuring rotation and scale
variation in a large range. In addition, compared with the current mainstream registration algorithm radiation-invariant
feature transform, the proposed method not only improves matching accuracy, but also increases the computational speed
by more than 50 times.
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Fig. 1 Architecture of SAR and optical images registration network
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Fig. 2 Feature detection and description network
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Fig. 3 Feature point matching network
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Fig. 4 Random geometric transformation
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Fig. 5 Matching matrix. (a) Ground truth generation; (b) prediction and loss calculation

@, XEARBIEAMI, LR AR AR IERES . N
P 5 () Al R, 458 2% 2 38 ok DG JE P4 4 L (B M5 0000 R
W M SR BRAT B4 AR SR B0 B AL AR A D 42K R
H, R VG BCAE R (X S 0880 1, 0 &8 43 32 S
0, it R 2R N VRO o 400 s B 28 5008

[lnmlrh I'n Ib)_ z lnM/ ( z lnM1{11+l +
(i,jlecC eo,
> 1nM,,’,._J.)O (7)
JED, 1

1T SAR 5 0] WG &5 2 55 W]k, A5 AT s e ) 2
SRR, 6] 2 SRR b WOAS SCRE R K C R
11 o 2 0 B RE A, 3R0% IE B 14 5] 44 0%, i A
@, @,  THNIMITREI R AREA, LR 4
SFAE RN o RO 7 S0 o ) 44 53 i B A TR ] 44
KOO BT LS 5] A7 AL Bk 48 H kA7 R )
£ s R [ D TRC 27 2T, 10 A B8 1E 4 27 21 7] 44 6 (4 DL
(5] A, pi 40 AiE e DG TC 190 265 75 W B DI R, J) 0 4 3
R 28 550 R, 23 S BOBUI DT FC A6 M b 4 (R A
PR /I 0 B 1k 45k bR B L TE 55 % L
G AN T R R IZl;éﬂﬁEjj
Lt comecion (1n )= —2 > In(

(i.)ec
E In (

€?, .,

Mz,/w\1+z-)+ 2 1n(M77/1}1,_/+T):'O

JED,

(8)

4 YRS

4.1 ZXRBRBEESHRE

SEIG A SAR 50T UL GBI 4R R IR T 4
—SH5RRE S DA EEOREE O W T L
Y 05 FOF R AL 6 N3 5 MR TS AT G v
X35, g U R Ja g3 B O 512 pixel X 512 pixel, i
PEH A 1497 5k B R AE M I ZR ke AR, 350 5K & 7 FH T
W ARXH CGNET Jrik 3 F PyTorch HEZ2 S B 4¢

TIE A5 K6 5 4 348 ) 26 SuperPoint 1 B AR B BI{E s, 58N
0. 0001, i ¥ £ 75 Il 25 B 5 EE VR 45 2 80, TEFRAE s UL
Be 4, AL B AR B g 5 0 MLP W 4% 2t 4 )5
T4 32.64.128 F1256, GNNIE9Z B L =09,
B A% By 3 1 Sinkhorn B9 3£ QIR B T=150, K4t
2R PR T OE SRR AR L B S8Rl 20,8
Bij 1k 5 2 TG 55 K B /N & ﬁé&ruﬁ 10°°, U4k
Adam b &, W) iR 2 > 2B R 10 b RSF A 1,
Y145 3004~ epoch, & 754> epoch n%g%ﬁ‘@iﬂﬂﬁiﬂ@
AI1/2,
4.2 HBHESA WM TR

Sy U6 JIE AR A SRS T 2% %7 NRD 4 68 M M | A SCTE X
Fb S 08 o SR FH B 3 A 6 - 0 LB A5 R A DS RS AR ik
(SIFT" \ORB'"™) 3 T HH {7 — oMk R A 19 55 5 % T
fi 5 3k (RIFTY) F1 3L F CNN A9 ¥R B 2% >J U fid 5 5%
(SuperPoint " Fl D2Net'") . 6 ./~ T —41 SAR 5
AT UL G B R AE SR 25 0 B O R R B R
BERT 1000 B FRAE S 547 s . AT LA H :ORB h{D“JE’J
FRAE 5 0 A 8 ST STF T M D2Net 5 v 5y 32 e s
U, K aERRAE 5050 A A 58 B X I RIFT\SuperPomt £
PR S R E el % M b 78 SAR 5 1] OB E
18 43 AR 250 HAT AL, R R SR B o AR . AR SR
FHRFAE 55 B 52 SR 6 G 00 g1 A% 50 R A7 a2 40 A, H AT
BARH

(a2 — bz | <3}
2 i=1

Roy— (9)
" (m+n)/2 (m+n)/2 '
A x! fx) TR Hx} <

337 B o DT BC AR AR A5 2 1) A AR R R 22/ T 34 A

EEﬁDﬁﬁﬂXﬂ‘;’{‘x?Hx}) 2<3}’i ‘%%ﬁ%ﬂ@lﬁﬂh
TE i DT P X B4 Bl N <
A SO P R A B 4R (1847 X ) A7 I 3T

fi PSR K 2R 09 N 15 R, TR, D A 45 R

2410002-5



optical image SAR image

=42 3% $ 24 81/2022 £ 12 B/R¥EEHR

optical image SAR image

B 6 REAE SA TSR () JFE ; (b) ORB;(c) SIFT;(d) D2Net; (e) RIFT; (f) SuperPoint
Fig. 6 Results of feature point detection. (a) Original image; (b) ORB; (¢) SIFT; (d) D2Net; (e) RIFT; (f) SuperPoint
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Table 1 Performance evaluation of feature detector

Index SIFT ORB RIFT  D2Net  SuperPoint
N°¢ 158.2  196.9 178.1 158.8 221.4
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7 SRS ICE 455 (a) OS-SIFT; (b) SuperPoint; (¢) D2Net; (d) CMM-Net; (e) RIFT; (f) fi## CGNet
Fig. 7 Matching results of shift invariance experiment. (a) OS-SIFT; (b) SuperPoint; (¢) D2Net; (d) CMM-Net; (e) RIFT; (f) proposed
CGNet
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Table 2 Performance of feature matching in shift invariance

experiment

Method R New Ruyse
OS-SIFT 0.097 8.9 1.688
SuperPoint 0.454 25.9 1.705
D2Net 0.663 15.9 1.895
CMM-Net 0. 880 23.3 1.928
RIFT 0.969 86.7 1.733
CGNet 0.977 171.6 1.711
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Table 3 Performance of feature matching in rotation, scaling and rigid transformation experiments

Transformation Index OS-SIFT SuperPoint D2Net CMM-Net RIFT CGNet
R 0 0.060 0.063 0.097 0.054 0.951

Rotation New 29.1 16.5 19.7 85.7 98.7
Ryse 1.729 1.900 1.931 1.912 1.753

R 0. 240 0.523 0. 600 0.917 0.620 0.957

Scaling New 31.7 26.9 15.6 22.1 69.8 173.6
Ryse 1.748 1.877 1.885 1.953 1. 869 1.811

R 0. 040 0.137 0.166 0.251 0.220 0. 940

Rigid New 37.5 27.4 12.2 20.4 31.9 84.2
Ryse 1.708 1.829 1.945 1. 969 1. 848 1.827

Pl 8 Tt AN A8 1 S 8 ) DC TRC R o 45 2R o () 150 e R B DL RE 45 28 5 (b) 1507 e % By L v 25 2R 5 (o) 2105 i DE L &5 2R 5 (d) 210" @ %
14 T o 25 2R
Fig. 8 Matching and registration results in rotation invariance experiment. (a) Matching result of 150° rotation; (b) registration result of

150° rotation; (¢) matching result of 210° rotation; (d) registration result of 210° rotation

9 RUEE 55 A A e S 1 D PR 2 SR () S5 T8O BE D 0. 755 (b) SO EE R 0. 65 () BEBL N4 S 46 15 (d) BEAL NI {4 AE 462 2
Fig. 9 Matching results in scaling and rigid transformation. (a) Scaling scale of 0.75; (b) scaling scale of 0.6; (c) random rigid

transformation 1; (d) random rigid transformation 2
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B r] LA 7 B S | F R I S SO R R
o SR S B AT Ao — A 23 #8 2 Sk 3 B AR fE -

Ja = SR UE W 0 R T T AR B 0 2 AT R v 1) 4%
AL fETT
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Tabel 4 Results of ablation study

SuperPoint Positi(?nal Number o.f layers of self- Number of}layers of cross- R Ney Ruw
encoding attention module attention module

NG 0. 454 25.9 1.705
NG N 0
NG NG 9 0. 649 54.7 1.614
N 9 9 0. 386 18.3 1.524
NG N/ 3 3 0.274 8.8 1. 440
NG N/ 6 6 0. 800 71.1 1.621
NG N 9 9 0.977 171.6 1.711

4.5 ERBAHESITERE

A TR AR A R, 10, K (1 45 A4 £ D e 4 1 461 2% oRi
B, B 1 I SRR A AS 38 i ) R, R E 5 O A
PR A %k D FE 4 B 1% 52 ), 356 AN [6] 1 A A7 )1 2k .
e Zrad 2 r, DCIC R )% R Bl epoch B9 22 fL 414 10
B o A LA B, S PR A £ 5 i 45 2k eR B I B
PR I 52 ) d 281 UG i % 2 5, A = 1 B9 DG fC A% 2
AR AR . FEXE K AU, VCTE A% D 2 () 38 K R 4 26 5 T
Ro ATLLA L2 A= 20 B, BdE Il 2k 300 4~ epoch J
VUL B D 242 T 87.5% , A 1 35 52 il & 2% %) DU g
PERE

0o 150 200 250 300
Epoch

Bl 10 RsB epoch 17251k
Fig. 10 Ry varying with epoch

5 Rlal epoch T % DT Jig A By 3R 48 K
Table 5 Growth value of matching success rate Rs under

different epochs

A 50 100 150 200 250 300

5) 0.029 0.183 0.317 0.729 0.694  0.849
10 0.071 0.297 0.732 0.8 0.853 0.871
20 0.254 0.780 0.889 0.897 0.860  0.875

6 T 7 o AR SCSE 5K Y 3 AL AE {4 96 5 A« o g b B 2R
(CPU) A5 Intel (R) Xeon(R) W-2150B, i k&5
 GTX 2080t A A6 B B v, TG i i A 11 TR Ab 2 5
JC(GPU) I B RIFT 535 75 22300 6 s 1 B ) f A7 4
E A I 55 4 34, 1 CGNet A9 G I 8 B 2 RIFT 894 A9
300 Z 4% . 1E VL L B Bt v, SuperPoint . D2Net £ J £
I 408 VT TE B30 SR AT R AR A R A UL T, I 45 & B BL A A
—H(RANSAC) 5 ik 5 52 VT BC & 0 Bk L {0l F SAR
5501 UL IR R) 4% R AF o 0 3 34 77 25 S A K, o R
W B2 AR 1000 WK LA b A RE AT R 4F 1 DG e 1 B , D C i
[ AH X #K o CMM-Net >k H T PR 5 3 45 VS B 77 7
DT g 8 A X AR PR . CGNet 5l A T GNN, B R S 50t
H SuperPoint M4 £ T £ 4.1 X107, {H J& D i 3 B A0
WEWAR T B ERI . B2, CGNet 78 42 7I UC it 45
JE A [, 3 Bl CMM-Net $2 85 1 10 /%, 1k
RIFT &8 T 505 LA L.

K6 IBATH NG 2R TR

Table 6 Running time and number of parameters comparison

Index OS-SIFT

SuperPoint

DZnet CMM-Net RIFT CGNet

Number of parameters /10° 4.96
Detection time /s 12.133 0.023

Matching time /s 0.685 2.284

29.1 29.1 45.8
0.231 0. 269 5. 885 0.017
2.152 0.821 1.416 0. 086

S

BET—METFEHEMYS GNN A SAR 5 1] ILE

PG B 7 7 CGNeto BT RA T CNN B RRAE 55 K6
W J5 ¥, B CGNet 7611 8 & I i 3% 0 F 2% F 4 i1
— B R B 3 R R VTR 5 . 7E SAR S5 L%
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B o AT 55 v, 38 3 1% G 7 3k A CNIN O 32 #2535
SAF 4% 31 45 VT BE P BE AS4E , T CGNet # FH GNN 2% 2]
FRAE M Z B SR, F&E T RSB EFN LT
AF B AR HGA R B R A e S5 R E AR AR M
WO T UCECPERE o[RS EF X R DA E I AR i Ak
5 DU B 7 AE 5 EC{E % 7] 580, CGNet A FH 1 56 X 5% (19
B v B B2 T T — B A MR 2y ik, mT L
vity ) ity B2 A H A O AR I AR AR S DT R O R, BAY
R B AR . CGNet AT 31 8 51 28 709 % 5 IR
S T AT 55 b, An2r 4 5 ] Do R B o | B 2 &
15 T v % .
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