| £595 F128/2022F 6 B/t EXBFEHE

iyt Bl St FZFHE

PG AR W PR VR BC I 2 BERLAL 150 e v 5 S 31

= =11 1+ 2
%HE 9 /T?—E‘ 9 %H%R
WAL KA B ARG, Wdbh ARIE 050061 ;
b Tolk K205 B2, dbat 100124

FEE  EXAERIR DT R R 0 Ah i R BR TR, 32 ) T — R 2 IR RS AL ST O . B, BB BT s G T g
AETE A 505, T30 QB P R 40 A Y — BOPE X VT T 5 3R 5 10 N R BEAT 32 71 5 SR 5 L O 17 AR P P 58 22 B
X P IR S 0, T P 158 22 T G AL B AT 2 BTN I s B L B B R SR IO N LR A T T RE AR B R O A A
JH AL T VL BC AL 1728 Ak O 4 5[] B — BROPE X B B Ah R EAT EBR . S, B4R U7 5 5 MAGSAC  NM-NET
P-NAPSAC ,SC-RANSAC ,Adalam .OANET ., SuperGlue \PEARL .Multi-H .Multi-X P 2 CONSAC %75 vk pE 47 %t
Ll , &5 5 2 B T 45 D7 1k 0 P B R 25 T R AIG 3096 A L, Ak Bk B R AT B AR 5096 LA 1, P9 A 3 TRT SR AT 4R 3 8 %6 LA
T B ATE RN A] BEAR 1056 DA b, 2P AL T A S 4 SR AT REAR 16 96 LA 1

KER P, ZIRECERME T, JENMRITE; KM, 2Pt

hESES TP73 XEKARERD A DOI: 10. 3788/LOP202259. 1215018

Design and Implementation of Multimodel Estimation Algorithm for
Nonrigid Matching Images

Wei Ruoyan", Huo Siyuan', Zhu Xiaoqing”
'College of Information Technology, Hebei University of Economics and Business, Shijiazhuang 050061, Hebei, China;

*Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China

Abstract An algorithm of multimatching model estimation is proposed for the problem of outliers removed from
nonrigid matching images. First, considering the high probability of outlier ratio in the matched point set, the inlier
ratio promotion based on the consensus of the distribution of neighbor inliers was applied. Second, to reduce the
influence of the inlier distance error threshold on the inlier extraction, a multimodel estimation was applied using the
inlier distance error marginalization. Finally, considering the probability of residual outliers in the extracted inlier set,
residual outliers were removed based on the consensus of the direction of the matching point position change vector. In
the experiments, the proposed method is compared with MAGSAC, NM-NET, P-NAPSAC, SC-RANSAC,
Adalam, OANET, SuperGlue, PEARL, Multi-H, Multi-X, and CONSAC, etc. Results indicate over 30%
reduction in the inlier distance error, 50% reduction in the outlier residual rate, 8% increase in the recall of inlier, 10%
reduction in the running time, and 16 % reduction in the misclassification rate of multiplanar estimation.
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Fig.1 Image matching at distance ratio threshold of 0. 8", (a) 1m2; (b) 1m3; (c) 1m4; (d) 1m5
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Fig. 2 Histograms of distance ratio of matching images. (a) Im2; (b) Im3; (c) Im4; (d) 1m5
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Fig. 3 Distribution of inliers and outliers in the matched images with zoom change™. (a) Correct matched pairs; (b) distribution of

inliers and outliers (red points are outliers, yellow points are inliers)
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Fig. 4 Secondary removal of outliers™. (a) Matched pairs obtained by existing method; (b) vectors of position change between

inliers, and the included outliers
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Fig. 5 Flow chart of the proposed method
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Input: 4: the original n pairs of correspondences, s, ={p/,p;'} ,i=12,--n;
k,_, k, : number of neighborhood points that used in knn for the left and right image respectively, the initial

values are k, =k, = 10;
s : the set after inlier ratio promotion, the initial of the setis &.
Output: S
Process:
For each pair: s, (i=1,2,---,n)
Find & neighborhood points of point p; in the left image and &, neighborhood points of point p} in the
right image respectively with the help of knn, and get the corresponded sets s; and s, let s, =s"Ns";
If s,#¢
Get dif and ﬁ , which is the average distance from the neighborhood points to the point p-and p! , let
y=df/d;
If y>1,let k =yk;Else ky =k /7 ; End,;
Find 4, neighborhood points of point p" in the left image and &, neighborhood points of point p] in
the right image respectively with the help of knn, and get set s" and 8, let s, =5/ Ns);

End

k =k, =10
End
S=s5Us,---Us,

F7 BT A8 N R A — BOME B A AR T R
Fig. 7 Algorithm of inlier ratio promotion based on near neighbor inlier distribution consensus
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Input: 4 : the original » pairs of correspondences,

s, ={pHp’y s i=12m;
S : the set that contains »n’ pairs of correspondences after inlier ratio promotion
m : number of matched pairs needed that can get the model
8, - the maximum threshold of error distance;
M, - the maximum number of samples;
M : the sequence that contains different models in the process, the initial length of the sequence is 0;
I : the sequence that contains different set of inliers, the initial length of the sequence is 0;
n : the confidence parameter that is applied in Eq. (7);
K : step length;
T... : the least number of correspondences that satisfy the model, in general, the value is set to be10;
a : a factor, the range of value is from 0.1 to 0.2;
ay,, - a logo, if ay,,==0, the current situation doesn’t satisfy the termination condition, and if a,, =1, the
current situation satisfy the termination condition;
N : the number of current iterations;
N,, : a counter, which records the number of models, the initial value is 1.
Output: M and I
ProceSS'
w=1; Agyg =0
While ( a,, ==0)

Select m matched pairs randomly from S, and get the current hypothesis G ;
Calculate the distance error & of each matched pair by Eq. (1);

Get the matched pairs whose distance error smaller than &, , and get 7, according to Eq. (2)-(4);
If || 2T,
If 1=@, I(N,)=1,,, M(N,)=G, Ny+=1;End
If 12D & |l U eIy )<l | & (1o =L NU U1 )2 T,
get the model G that satisfies I(N,,) by least squares method,;
MNy)=G's TNy 4D =Ly =L N[ U I(N], Ny+=15
End
If 1@ & |1, U oT )>all s D=l UL
get the model G' that satisfies 7], by least squares method;
if [ Bl & [ 2|, I(Ny+1) =1, M(N,+1)=G', N,+=1;end
End
If N2n,,
g =13
End

Get k(4,M,t) according to Eq. (7);
If N,22and N>k(4,M,t)
Apigg =1;
End
End
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Fig. 9 Multi-model estimation algorithm based on distance error marginalization
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Input: [ :the sequence that contains different sets of inliers;

9 : threshold of direction error, which is set =/6 ;

p :afactor, which is set 0.07;

m : number of matched pairs needed that can get the model;

Output: 7, which is updated.
Process:

Getthe w and #,which is the width and height of the image in respectively, and get the length of diagonal
I=~w*+h* , gride the image, and the side length of a gride is S/ ;

For each (x,,y))

Count number of position change vectors of matched point in each grid n;

If n,2m
Larea= (x,,y,) 5
Else

Larea= U

i-1igitl;j-1< < 4]
End;

(x,7,) 3

Get 0 in Larea by Eq. (8), and get the distance error between each position change vector and ¢ in
Larea, and remove the matched points that their position change vector is large than 9 ;

End
End
Bl12 Shi R ERE L
Fig. 12 Secondary removal algorithm of outlier
1.0, 1.0
208 ® g0s ®
£0.6 £06 %
0.4 g
= 5 04 . proposed method
0.2 /\/\/\ E 0.2 :IEIMI-)NET
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N » A .QQ Q S0
<\>°o v@“%o@ G(:{y%%e & %o‘?& §® & <\>°°
& FF &S ¢
& S
<y & 8%
£ 4000 ® 600 e P
2 3000 P 8500 © S

/. ~SCRAMSAC

K113 homogr £tk T 19 SC 45 R o (a) AR B A P 503 5 () Sh i 98 5 Y AU 5 (o) LA A Tl 2565 (d) J DG B J80iE
(e)ad U8 5 B DL i By it

Fig. 13 Experimental results on homogr dataset. (a) Inlier ratio of different image pairs; (b) inlier ratio after outlier filtering out;

(¢) recall of inliers; (d) original number of matched pairs; (e) number of matched pairs after outlier filtering out
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Fig. 14 Inlier distance error obtained by different methods
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H o Wash B [ kusvod2™' |, Scene0722-0726 Bt [
SuperGlue'”, Toys and Breads Ht [ Adelaidermf{™”, fij P4
HEMEA W] W LA 22 5%, Toys and Breads J& 21~
PIARTEAR R AL A T B A R 42 i . & SRR Ry Graf
Scared Heart, Saint Peter’s Basilica, Kremlin LI &
Potala, H: tf Graf BU [ graf $(#i 4", Scared Heart
F1 Saint Peter’s Basilica ¥ B H CVPR2020 & 14 It
Fic Bk % F€ B0 4% 42, Kremlin BU | NM-NET %% 4
47, Potala WL A W 28 046 . B Graf, Hofb 41
PTG 34 2 XoF (] — S5 6 AN [) B ] R |l 850 fh A ) 1Y)
AEBLFA AT B Y, A FOG I 22 R . X Bk
J& RANSAC .PROSAC .NAPSAC ,P-NAPSAC .SC-
RANSAC , Adalam ,OANET Ll } SuperGlue, H H#
RANSAC,PROSAC,NAPSAC,P-NAPSAC, SC-
RANSAC J & i # 5 4l 31, Adalam, OANET,
SuperGlue M Jir & J5 i Z BRI DL ELAl 1. XS HE b
FLFEVC R R i (n,) R BR A0 8 () B ATIFIR] (1) 6

*1 ERCEGAE R

Table 1 Information of image pairs
Indoor Outdoor
Parameter Scene  Scene  Scene Toys and Scared Saint Peter’s )
Was Graf . Kremlin Potala
0722 0758 0726 Breads Heart Basilica
Size/(pixel X 768X 1296 X 1296X 1296 X 480 640 800X 1065X693/ 1039688/ 800500/ 1023<682/
pixel) 576 968 968 640  1039X687 1032X771 800x541  1400X 808
Number of
813 3197 2909 930 1172 1233 1292 1440 1729 2280
correspondences

% 2 R LR, Al 1 SC-RANSAC , Adalam |
OANET . SuperGlue L K& i $2 J5 2: GE 15 3| #¢ 2 1Y It
fic. P2 RANSAC B4l 58 o Sl 45 o A 2 -5 )
k" R 2 AU TR LR AL , BT L RANSAC 5 %
Ko A BE R 3 die AR VT B AR O AR A BRIk
T RANSAC Bl 48 2] fe EVE LB A . PROSAC
14 41l BE 4K i distance ratio, b 3C 2 3418 distance ratio
1Y AT A BE Bl 22 S 0 3 R M FE IR . NAPSAC #l
P-NAPSAC I\ W S5 A A — R EME (HE
X 10 2H BB A s R , N R 3 A 7E R h R
SEC, RAEME AR i, SC-RANSAC FI FH 4 A5 16 DL
HE G b B o3 A — SRR X A0 5 R AT A R g L
LR O B . T 4@ 77 %5 Adalam (OANET #f
o 8 R B 5, RO Adalam HY G B 0 356 B 4K
distance ratio, OANET J& 3& T [&] UC it F17R & 24 > 1Y)
7 B R BOR R FEA I 25 . SuperGlue 2
—FP BT RIDE R VR B 2= ) ik ORI A T

FIHLH, BOR 5 T OANET, f 2 07 ¥ me T
SuperGlue. [ 1545 T A A J5 vk 09 °F 24 4 5 5% B2
BN G DL s AT ] o 7ES RUER B
Ry, 5 AL A L, BT 1 5 Adalam B
SR — S0, AT REAR 5020 DA Lo FE S A Ry i,
5 SuperGlue f1 OANET A b, Jir 48 J5 3 ml $2 155 8 %
PL b o FE ATy J7 i, bR 7 PROSAC, fIr 4 5 i
AR E 10% UL E.
4.4 ZTHEMGITER

Adalam , SuperGlue } OANET 4§ 5 7% 4R g
RPN B AN (EP S5 SR O A TR R (7 A )
T Al R E A 2 AR 1 . Sequential
RANSAC il i 2 K $47 RANSAC A it th 2 1~ &
G124 8 K RANSAC Al o H — A4 T i 5 3%
SV THIAH G 1 DG S B 25 B L AR R HR 0P T RANSAC,
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2 XWLLGER

Table 2 Comparison results

Proposed
Image  Indicator RANSAC PROSAC NAPSAC P-NAPSAC SC-RANSAC Adalam OANET SuperGlue ph d
metho
7, 14 24 7 17 34 67 41 63 64
Wash n, 5 3 2 5 2 6 0 3 3
t/s 0.63 0.128 0.44 0.216 0.223 0.26  0.321 0.176 0.135
n, 5 8 4 16 27 10 76 92 123
Scene
Ny 5 4 1 2 4 0 48 2 1
0722
t/s 0.57 0.97 0.288 0.35 0.92 0.671  0.77 0.61 0. 56
n, 7 59 8 32 58 59 121 95 127
Scene
Ty 4 6 3 6 7 1 68 5 2
0758
t/s 0.78 0.49 0.62 0.73 0.75 0. 64 0.76 0.52 0.63
7y, 8 6 3 10 19 16 120 38 47
Scene
Ty, 1 1 3 1 3 0 60 2 0
0726
t/s 0.93 0.183 0.419 0.299 0.314 0.301  0.351 0.233 0.213
n, 189 184 88 142 193 451 275 439 460
Toys and
My 2 4 7 3 5 1 59 4 1
Breads
t/s 0.53 0.165 0.42 0. 36 0.39 0.43  0.411 0. 308 0.253
um 8 28 7 29 60 43 69 104 83
Graf Ty 8 13 5 16 6 1 3 3 1
t/s 0.62 0.21 0.392 0.411 0.43 0.37  0.458 0.419 0.352
n,; 15 77 5 51 85 112 205 135 185
Scared
. 2 5 5 8 13 3 55 4 3
Heart
t/s 0.61 0.211 0. 356 0.412 0.39 0.383 0.416 0.294 0.314
Saint n, 7 12 5 35 73 47 105 100 116
Peter’s Mo 0 9 5 6 5 0 20 3 2
Basilica t/s 0.71 0.291 0.652 0.489 0.521 0.477  0.503 0.391 0.401
um 8 14 9 28 40 15 57 46 45
Kremlin Ty, 0 8 7 3 6 0 7 8 1
t/s 0.71 0. 341 0.482 0.532 0.591 0.52  0.521 0. 587 0.512
n,; 7 8 6 12 11 6 76 51 56
Potala n,, 2 2 4 4 8 0 8 1 1
t/s 0.8 0.261 0.611 0.542 0.665 0.651 0.639 0.579 0.599
0.5 T 140 - 0.7 §
= 204 @ g 120 () g ©
283 £100 £ @ 06
: S
§ 202 58 ; g o5
:g g0. 1 g 20 é 0.4
& D z 0 035 ¢ ¢ D
%Y' °,> @ @ 9 & %V’ ‘“o @ @ 9 & %V' %‘” o@
QQ,‘ é Q§ QQ,* é Q§ QV' Q O Q Q§b§ QY' Q

B 15 AR ELEARFERE bR ET PR AT L o (a) Sh s8R B 235 (b) 45 2 (Y N 208 (o) 38 47 T 75 B 1)
Fig. 15 Comparison of average performance of different algorithms on different criteria. (a) Undetected outlier ratio; (b) number

of inliers; (¢) consumption time
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Xt L o & 16 R T 4 1 04 3 T A T RO AR TR B
KT — T o 26 3 04 o 3 (76 1 T8 A 71 45 S h
Gl o (4 DT E AT o 9 BB B X L A SF T 2
Gl Gy SRR T T 24 45 o b o 22 o FESF 35S AR 1,
T4 77 v 5 Multi-X f Multi-H B & R4 R iEir, B
X = ANRE B AT H AL B Ir 5 Mula-X
AH FE T T 43 R 0] A R AR 1920, 5 Muld-H A L
S T B 43 AT AT AL AR 16 %6, 7E F T F 4% 4 A
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A R E R

o

B 16 Fr 42 7 B4 Adelaiderm %5045 4E P 19 £2 - 1A 3T 808 © (a) ladysymon; (b) neem; (c) nese; (d) johnsona; (e) elderhallb;
(f) unihouse; (g) bonhall; (h) napiera; (i) oldclassicswing; (j) library

Fig. 16 Multi-plane estimation obtained by the proposed method under Adelaidermf data set. (a) ladysymon; (b) neem; (c) nese;

(d) johnsona; (e) elderhallb; (f) unihouse; (g) bonhall; (h) napiera; (i) oldclassicswing; (j) library
3 AR 7 O T RS AR

Table 3 Plane error rate of different methods unit: %
Number . ) Sequential
Image PEARL Multi-X Multi-H  CONSAC MCT Proposed
of planes RANSAC
ladysymon 2 8.91 5.31 4.49 2.95 3.80 3.80 1.43
neem 3 4.21 0.00 0.00 2.74 14. 44 14. 44 1.88
nese 2 5.33 0.00 0.00 0.00 12.83 0.47 0.83
johnsona 2 9.21 3.75 2.47 14.48 18.77 28.04 3.7
elderhallb 5 10. 33 6.45 5.31 11.69 20.31 18.67 5.28
unihouse 5 9.91 6.39 7.21 8.84 10. 69 10. 69 2.99
bonhall 6 15.63 7.91 8.22 16.93 29.29 20.43 8.19
napiera 3 11.99 3.12 3.44 2.72 21.32 11.66 2.53
oldclassicswing 2 6.11 0.00 0.00 1.69 15.2 1.32 0.02
library 3 6.71 0.96 1.43 1.21 14.79 11.35 0. 66
Mean 8.834 3.389 3.257 6.325 16. 144 12.09 2.72
Average standard deviation 2.56 2.57 2.48 5.33 5.02 6.65 1.83
5 4k i B85 T AEREAT 2 BB AL T Y [R] I R AR P

PR 22, JF HLRRAIR A A B 0 08 28 o B v s AR R B
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