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A Triangulation Method Based on minmax KKT
ZHOU Guo-Qing! WANG Qing'

Abstract
reasonably fast, the globally optimal solution cannot be obtained theoretically due to its non-convexity of the objective

Triangulation is one of important issues in machine vision. Although L2 norm based least square method is

function. Even if some optimization strategies, such as branch and bound, are adopted, the result is locally optimal in
most cases. In theoretical, Lo, norm based approach can produce global optimal solution, however, its computational
cost increases rapidly according to the size of measurement data. In this paper, we proposed a minmax KKT based
triangulation method. The minmax KTT condition is first utilized to verify whether the solution by L2 norm is globally
optimal. If the decision is negative, we apply hybrid steepest decent algorithm to pursuit global optimum. The proposed
method can not only achieve global optimum but also raise the computational speed greatly compared to L., based
approach. Experimental results on benchmark data and real world scene have proven the feasibility and merit of the

proposed method.
Key words Triangulation, global optimization, minmax KKT, steepest descent method

Citation Zhou Guo-Qing, Wang Qing. A triangulation method based on minmax KKT. Acta Automatica Sinica, 2012,

38(9): 1439—1444

2 () B S 4EF A (Triangulation), B C40
(1) P& A5 st AR TR FH 08 I PR B A ATLRE B, o S008I 2 (1]
R = YEARDR, S AETH NI R 22 40 L AR 1) e
V18 g T S (1) v il 2 . e ] PR R T ) 7
Ji BN E R VR A R 2, WS BN SR
. B, — Ok A 2 YOO R ZE AR R
£, @SRk fg 2 JEECT BIL A ) R AT A R R AR
br. HETCEAIR 2 KM X im0 7%, W 2
Newton ¥:Al Levenberg-Marquardt M1, BL &
WL W% (Bundle adjustment, BA) ik, {H 2
BA Sk RS EWMER LS00, A ek

Wk HIY 2011-08-25 A HIM 2012-03-01

Manuscript received August 25, 2011; accepted March 1, 2012

E 5% B8R 24> (60873085, 61103060) %)

Supported by National Natural Science Foundation of China
(60873085, 61103060)

AILTHEMZE AR

Recommended by Associate Editor ZHOU Jie

1. PGP R3S AL BE V4% 710072

1. School of Computer Science and Engineering, Northwestern
Polytechnical University, Xi’an 710072

SLB AR B AAE. SCHR [3—4] e T H—8iE T2
LA ) = e T 792,

BRI I, W K = e A IR R 2 AR R
BT FF i g kiR, g B2l ek 5
DT 0 AT A 5 22 A AT B B8R SR A VA 5 Ol — A B /)
Wode KR Ze A il i, 2 i< Sk 4 Jrp e il HoAk
1) SRAFE T 12 ) TG 55 YR IR () 2 22 iR B8R 0T
BRI EX AN PR, M FH 3 S PR T S 45 S I HE )
(Second-order cone programming, SOCP) #4173k
fESl XA VE T LAAE B LA R IR ) 4t B 4
Jry B M ), AR A T AR P AR 1T ELN Ah R B
J&. Olsson %57 $&H T R JC 55 0 BN s 452
Phy o™ bR ) TR i = 4t A ) . Agarwal 250
i 2 T 0 75 VOB — 4 FE AL ) AR 5T B — AN
S5 AR Tr] R, 4 ) A ik AR BT R — 4
R RARIEAN) SOCP 0], B35 H 4 1) S0 45 R
WA 54 BE AN T 3R [6] W LAy 1.5 ~ 4 5.
Seo Z511 $EHZESCHR [6] (1572, wT LA L4 F



1440 H ]|

TR BN AW KA S AT AT VAR, T
/N SR AR o) FLIR AR, TH SRR R TR 6 A
Lill) $2 H T — Bl 2D G 95 90 5 i) SR fif AR 1) 5
5, T RS L R TR 10 f5 A

A, AREGUE SR, B AR 2 YEEC T iR EAR
W bR BOREAT SR AR, AR5 X SRAT ) 6 A AT 42 JR) B
PRI, 25 F0 D 50k FAE A 4 SR e AL, A
JSC D W T 0 75 e B Tk AT SRR LI
JIEN Z 230K [11]. AR 28T O o0
S D0 AR 4 JRd e R0 A ), xS ) R T ) i B AT A
LB G PRI TR T

ASCHEH —Fh LT minmax KKT 44 1) = 4k
YT &I E A minmax KKT 4544}
FET 2 VORI AL 2 AT 4 R S A A,
W SR g5 B N R s, As VR A dsod T Lk
TR A A TR E S EORUE T R4
JRB Ak, OB T S

1 [e)RRfER

R 2 A LT3N8, fEF OARFR R, 23 E T
FOATER B R AFE LU K&

w,=PX, i=12,--,n (1)

E'#, X = ($1,$2,$3,1)T ?%%’EIEHEP%Q)E‘E‘J%

br, Py RoRe i MAHPLI SR HUALRE, u; Ron23hl
mXAES @ B R BRI AR, @ SEATHLIK S
T R SR AT T ) R AR AR P R L R A
5wy AR BB DARHLIBASRHUA RS Py, 2% A] 5
FRIFOE RIS (1) SKAF X

B B R BT A 2 (0 N, AT T LU
RESR AR LT RESE R = g ] R TR
RVRZEAN R G, DRI R AR B R 2 AR A R
YRR R ZE. 2 WECR 1 = 4E AR EA
BN

=) llui—PX |’ (2)
i=1

] B AR J T A 21 2 YR ALk H b e 2
LR N

miani(x)

i( $+a23
s.t. fz‘(:z:):j

_( x—i—b)

&5 i 38 %
biT.'L' + Bl >0
m,aij,bi cR"
ai;,b €R (3)
Hrp,

T = (.’E17LIZ2,Z‘3)
Qij = P;; — WijP;3, Qij = Dij — WiPiz, J = 1,2
b; = 3, bi = Pi3 (4)

o, py, K P 9 G 50, BT m + by > 0 FeRgEl
AN ARG LT

B Io g VE R = Y AR AN B EC

M

Il
—

(aiTj:L' + &ij)2
J

min maxf;(x) =
K2

x

bz +b)
1,2,---,n (5)

I
—

st. blx+b >0, i

2 EF minmax KKT £HEMEB&ELF 5

SCHR (6] WEBH TS (B) T fi(z) AP R
i ek O LU AL s B s S T, How L.

EX 1. —REf 2R ECY B e 2
ATTRREL, T H v (Z)(x —Z) > 0 I, f(z) > f(Z).
g v RN EEEH AT

B ek e A A 1) R AT A T SR A,
— R U O R O S TR e A R L. A
X EAR fi(x) MR, (HE max; f(x;) HIA
SR EE. BRI max, f (x;) A L R AT
R éysie EI\EPB&EEE’J PE & minmax KKT 451
T2 45 1 IR B0 50T 226 30k [12].

?’Elt, 1 (minmax KKT &%), z* & u* =
maxges f(x) KARREM, b S = {z;b 2 +b;},
M HACUAEAE N WA

YNV =0 (6)
=1
WHR filx*) =u*, WA >0,i=1,2,---,m;
WER fi(x) <w, WAF =0 H Y, Af=1.

e 1 LTS S TR, AEH
PREGEAE A 538 fi () BIBREEAR R, HSALEAT:
—Jimd RS —A i 15 Vi(x) xd >0, gk
AL — DT B —A fi(z) &K,
PTG, RAT A R B B B A 2 s A O Wi
AN E B, ASCE S RAET 2 W TR
P23 ) S A FAME, FH minmax KKT 444X 45
AT 2 R AL .



911 JE B SS: JET minmax KKT £&2F 1 = 4E A4 777 1441

3 RERBTHZATEREIM

FHHEVS 1 A RIRAREIE (1) 1045 T R 7
M, EISESRIARRAN T Jm A . 4% TR 0T A
ST BRI RS AR B AR, 254 (5)
HEAT A

min 7

r>0 (7)

Y@ kUL, fi(x) Ar #E DL RN
T @ SRUEZ M R, PG N R gL, ik, wT R
2T (7) 10 KKT smEE4AF.

HIE 2. 0T AL A )

minf(x)
st. g(®) <0, i=1,2,---,n (8)

Z € convex set

WR x* e — AT, B (7) 1 KKT &A%
1E x> Wbl 2, B4

Vﬂzﬂ—kz:kﬁvxﬁﬂ=:0 9)

WA f(z) Fog;(x) #BI2OhhekE, 5202
KKT %M (9) & z* A3 (8) 4 Jm il Rz sk
14:[13]'

b — 20 or B, M DR R B e X, X T
f, W vf@) = 0, WAX TIRER ¢ W2
V@) (z —2*) =0 H f(z) > flz*). KkibX,
WARNT A ¢ G f(x) > f(x), # z 22D
e R, WA vf(x) = 0. XgE, %1
=AM R BT R A A R A R R . X R
W8 T 46 A SR B L 0 2 A, AT AT — A 551 IR ok FE
ANy 0. T LABE R Bk S BERE 0 7 i, AT 4k
J5 Ok ZR I A 1k I AT AT 2 T 1 d i
B2 R IA Sy e R K 1T .

[, 76— 2 FEAL) ) ) Sof A — AN AH AL 2
WA gi(z) S0 BRI R T 58 SO I — AN A (W
1). BEARE—/MEVLE G B R 2= L4 i gle— A
DUAHBIL 0k TR (R AR, 7 T AN HER I AT B 0 —
AL, BZSCHR [14] 8 R, A SCHRHIE T AT
TRATOE N RREE, WIET 2 SEBUMIaa Rt &, T3k
SN

HAGAAL R

1) select the initial point 2, based on the L,
norm;
2) if x, is the global optimization then stop,

else continue;
3) repeat
if 35 : g;(x,) >0
Tl =T — A ZieL(xn) Vgi(Zn)

1 HEEMEDR

Fig.1 Illustration of 3D reconstruction
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Table 1  Comparison of speed up with different cameras
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Fig.2 Comparison of re-projection errors with
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Table 2

Comparison of accuracy and speed up on real data
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IR Bt 0.3677 0.3613 611.78 19.45 32
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Fig.4 Reconstruction result of Dino data
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Fig.6 Reconstruction result of Notre Dame data
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