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Background

« Existing Geometric model fitting

v" RANSAC-like

max |Z|
§,ICX

s.t. r(pilf) <e, Vp; €.
Parmeters are essentially estimated with DLT solution with 8- or 4-Point Alg.

min ||MT0[3, st (6]l =1,

v Global optimization with robust loss

min|[M76l|r, st [|6]s = 1.



Background

« Geometric Constraints:-- Algebraicform M '60 =0

. _ /
Data Embedding: m; = ® A (Ps, P;) Ask for predefining
Parameter Vector: 0 = vec(M) € RP  the model type !

x ok % El
T BTER =0, de(pip))Tvee(F) — 0
- T
o Pr(pi, P;) = (Ujug, wyv;, wy, Vi, Viv;, Vg, Ui, U, 1)
* % % [pi]pr? — (I)H(p’u pfli)TveC(H) —

H=|* * x P ( ' /)T U; Vg 1 0 0 0 —’U,,/LUZ —U;’Uz —’UJ;
e HPi, Pi 0 0 0 w wv; 1 —viu Viv; o
R p; = Ap;, ® A (ps,p}) Tvec(A) =0

Hy=* * % T ui vi 1 0 0 0 —u,

i @ i P A (pi, Pi) {O 0 0 w wv;i 1 —vl



Motivation & New Insight

(]
epipolar plane vr\
u
o
c < ‘

Fundamental Model: F/E Homography Model: H

« Awrong Model would produce failed estimation

Line?

‘Pgmb ola?

Simultaneously solve:
i) Outlier Rejection, ii) Model Reasoning, iii) Parameter Estimation



Problem Formulation

« Sparse Subspace Recovery (SSR) Theory

Recovering multiple sparse hyperplanes under an over embedded data space

O(p;,p;) (M) =0, Me{F,H A}

Common Data Embed. Model Embed.

« e.qg. Line fitting:
PrinelTi, ¥) = [T, ¥i, 1]

Under SSR:

Over Embedding P ppipse (zi,yi) = |22,y x5y, 1] "

Sparse Subspace 6 =10,0,a,b,¢]"

s

Line

Parabola

Ellipse
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Problem Formulation

« SSR for Two-View Geometry

DSP for unknown model fitting

DLT

DSP for known model fitting

(data type:D)

Model
(req.) (data & model type:D,d,r) (data & model type:D,d,r)
m; = (u;p; ,viP; ,P; Jixo | M = (uiP; ,v{P; ,P; Jixo | m; = (ujp; VP ,P; )ixo
Fund. x = vec(F) ¥ = vec(F) x = vec(Fg
M 'x=0nx1,G=1(9,81,00|[M ' x=0nxx1,G = (9,8,1,0) M'x =0xnx1,G =(9,8,1,0)
4
] = [P 008 P T (T, ofpT bl ixe | mT = w7, ulpT, BT Jaeo
Homo. O1x3,P; » —ViP; 2x9
O1xs,hy,—hJ]" 01x3,h] , —hy
x = vec(H) X = —h;—,leg,h;r X = —h;,les,hI
h, ,—h;,01x3 hy ,—h],01x3
M'x=02nx1,G=(9,8,1,0M" "X =0nx3,G=(9,6,3,3)] M'X=0xnx3,G=(9,6,3,3)
4
m; = p;:r’OlXTS’_Uf m; = (us,vi,u;,v],1)1x5 m; = (uip; ,viP; ,P; )1x0
Affine O1x3, P » =0 2x7
T ¥
X — aii,aiz2; —1,0,a13 X — 0,0,211,0,0; @13, —1,0,m1i3
0,0,a21,0,0,a22,0,—1, azs

x = vec(A)

a21, a22,0, —1,a23

M'x =02nx1,G = (7,6,1,0)

MTX =0xx2,G=(5,3,2,1)

M™X =0nx2,G=(9,7,2,5)

Avoid exact data embed., directly obtain model type from solution X

Common Data Embed.

- -
Model Embed.




Problem Formulation

« Known Model Fitting for Clean Data

min || X|lo, st M'X =0, rank(X)=r,
XERDXT

Unknown Model Fitting with Noises G & Outliers E

Gaussian Noise | Model Sparsity | Outlier Entry | Basis Number 1

]
in -[|G[|7 + A|X E
gin - IGl[E + AllX[o +7I1E

st M X-G—-E=0, X'X=1I,,,,

Orthogonal Constraint

2.0 — Trank(X),



Solution

e Convex Approximation : Ly --> L,

gin S IMTX — B[+ AJX [ + 7Bz, {rrank(X),

s.t. || xi]l2 = 1, X-ij =0, Vi,5=1,2,...,7, 1 # ]J.

1

* Problem Conversion

Progressively estimate a new sparse basis orthomotric to all given
bases Bupto L(M,%;,€;) < 7 notholds

. 1
min £(M, x, ) = - |[M ' x — el|5 + Al[x[|1 + vlle],

st ||x]le =1, x'y =0, Vy € B.



Solution: Alternative Optimization

« Given ~1Update : standard Threshold Shrinkage Operation
e’ =M'x""1 — ysgn(e”) = ﬂ(MTxk_l)

q— A, q> A,
0, else.

« Given Update

. [ L _ 1 .
xk = argmin { Zx - (1 = 27618 + Al

Xk = T (an (), an( ) == - vret)

» Constraint Projection:
¢ * T
X Tx[[2 + x+ (I-—BB'")x
Sphere Proj. Orthogonal Pro;j.




Implementation

* How to reason out the model type?

Back to our formulation:
x T
P(pi,p;) Y(M)=0, Me{F H A}
Common Data Embed. Model Embed.

Given the solved X, reason out the model type--based on the Sparsity and Basis Number

X \IJ(M) Basis Num M
[ Embed. Form}q Model Type
\ Sparsity /

10



Implementation

* How to reason out the model type?

i T2 2 T ; 1 - -wlo Acceleratiorli: 0O(1/k)
2 D pOI ntS Line : LF (1 :? P <25} —with Acceleration: O(1/k ?)| | %
Parabola | v v v vz 5
Ellipse | v v v v v 272 ‘g
8 ®
i 2 .9 sy e g
Common Embed. >1; = [x7, Y, T3 Y, 1] e, | _
0 200 400 600 0 200 400 600
Line Flttlng 9 = [O’ O, a, b, c]T Iteration Iteration

DSP for Line fitting from noisy 2D points
Two-view geometry

0.15F '-H : = 3 _
I:,F°'“°9ra'° y Best Choice to
undamental L .
distinguish H
>
£ 041 and F model
(x; ep) -‘% - )
= Optimal ¢=1.2
X 0.05
(x; e5)
0 n 2
Refined 1 1.5 2 2.5 3

£ =L(M,x2,e2)/L(M,x1,e1)

Statistic Results on All Real Data 11




Experiments

* Model Reasoning on Synthesized Datasets
EAS (TPAMI'22) + Selection criteria: AIC BIC GRIC

Data
OR  Model AIC BIC GRIC DSP (ours)
F,100 100 62 100 100
20% H,100 100 98 100 100
A,100 100 96 100 100
F,100 100 0 100 100
50% H,100 100 95 100 100
A,100 99 97 98 100
F, 100 85 0 93 100
80% H,100 95 96 98 99
A, 100 96 92 95 98
all 972 70.7 984 99.7

Select GRIC for Further Comparison



Experiments

« Unknown Model Fitting on Real Image Datasets

* indicates using GRIC to select the best model

Data\Methods |RANSAC* [|[USAC*||MAGSAC++*|| EAS* ||OANet* || SuperGlue™||DSP (ours)
E _med| 0.8478 | 0.6545 0.6260 0.69001| 0.7579 0.8926 0.6017
Fund. |Time(s)| 0.5666 | 0.0239 0.3918 0.2037|| 0.0152 0.0721 0.0551
FR 0.2925 | 0.1992 0.2077 0.2142] 0.2632 0.2709 0.1136
E med| 1.0428 | 0.8744 0.8978 0.8472|| 0.8480 0.9392 0.8227
Homo.|Time(s)| 2.010 0.0550 1.3419 0.44631 0.0342 0.0716 0.2794
FR 0.3021 || 0.2604 0.1424 0.0972|| 0.0903 0.1181 0.066
E med| 0.8794 | 0.6711 0.6383 0.7091|| 0.7670 0.9026 0.6249
All |Time(s)| 0.6638 || 0.0260 0.4558 0.22 || 0.0130 0.0721 0.0703
FR 0.2932 || 0.2043 0.2033 0.2064|| 0.2515 0.2606 0.1123

Best Accuracy, Lowest Failure Rate, Competitive Running Time
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Experiments
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Homography: EVD, Hpatch Fundamental: T&T, CPC
Lowest Geometric Error & Competitive Running Time



Applications
* Multi-model fitting:

Tlink RCMSA RPA MCT MLink RFM-SCAN Ours

ME _ave 27.65 10.05 5.28 11.36 6.04 263 1.64
ME _med 27.88 6.087 435 121 422 1.20 0
RT(s) 1.95 216 10.84 6.44 9.72 0.01 0.18

* Loop Closure Detection:

Trajectory

RSAC USAC MSAC++ EAS OANet Ours

KOO 0.9112 0.9118 0.9105 0.9086 0.7910 0.9162
K02 0.7632 0.7796 0.7757 0.7664 0.6441 (.7882
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Thanks!
Presenter: Xingyu Jiang
Email: jiangxy998 @gmail.com
Project & Code & Demo

https://github.com/StaRainJ/DSP & .




