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Incremental scale estimation-based camera location recovery
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Abstract: Objective The structure from motion (SfM) technique serves as the fundamental step in the sparse reconstruc-
tion process, finding extensive applications in remote sensing mapping, indoor modeling, augmented reality, and ancient
architecture preservation. SfM technology retrieves camera poses from images, encompassing two main categories: incre-
mental and global approaches. The global SIM, in contrast to the iterative nature of incremental SfM, simultaneously esti-
mates the absolute poses of all cameras through motion averaging, resulting in relatively high efficiency. However, it still
encounters challenges regarding robustness and accuracy. Rotation averaging and translation averaging constitute crucial
components within the motion averaging. Compared with rotation averaging, translation averaging is more difficult due to
the following three reasons: 1) Only relative translation directions could be recovered by essential matrix estimation and
decomposition, i. e. , the produced relative translations are scale ambiguous. 2) Only cameras in the same parallel rigid
component could their absolute locations be uniquely determined by translation averaging, while for rotation averaging, the

requirement simply degenerates to the connected component. 3) Compared with relative rotation, the estimation accuracy
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of relative translation is more vulnerable to the feature point mismatches and more likely to be outlier contaminated. In tra-
ditional approaches, the translation averaging method based on scale separation (L,SE-L,TA) calculates the relative base-
line length between cameras before estimating the absolute locations, eliminates the scale ambiguity, and the solving range
is no longer constrained by the camera triplet, but its robustness and accuracy still need to be improved. Incremental trans-
lation averaging (ITA) introduces the idea of incremental parameter estimation into the translation averaging process for the
first time, which has good robustness and high accuracy. However, its solving process depends on camera triplets and may
suffer from degeneracy during collinear camera motion. To solve the above problems, this study proposes a translation aver-
aging method based on incremental scale estimation (ISE-L,TA) , which eliminates the scale ambiguity and enhances the
method’s robusiness and result accuracy. Method Incremental SfM has been proven to be highly accurate and robust, mak-
ing it a preferred choice for many applications. It has shown to be particularly effective in handling large datasets and over-
coming the challenges posed by complex real-world scenarios. Recognizing its potential, researchers have sought to trans-
fer the incremental parameter estimation ideology to other related tasks, such as incremental rotation averaging (IRA) and
ITA. In particular, IRA is designed to estimate the camera absolute rotations incrementally and efficiently. Meanwhile,
ITA is performed for the camera absolute locations, enabling it to handle outliers effectively and avoid error propagation.
Overall, the adoption of incremental parameter estimation ideology for motion averaging tasks demonstrates the versatility
and effectiveness of this approach. With its ability to handle complex datasets and overcome a range of challenges, the
incremental parameter estimation ideology holds great promise for future research in the field of 3D reconstruction and
beyond. In this study, ISE-L TA is proposed by incorporating the scale separation strategy and incremental parameter esti-
mation ideology. Specifically, the translation averaging problem is decomposed into three sub-ones and sequentially
solved: 1) incremental estimation of local absolute scale, 2) incremental estimation of global absolute scale, 3) scale-
aware absolute location estimation based on L, optimization. The input of our proposed method is the pairwise scale invari-
ant feature transform point matches, and its output is the absolute camera locations. First, the relative motion between cam-
eras is obtained by estimating and decomposing the essential matrix. Next, the two-view triangulation is performed to calcu-
late the relative depths in the local coordinate system. On the basis of depth ratios, incremental estimations are conducted
for the local and global absolute scales. Subsequently, the relative baseline length between cameras is computed, and rota-
tion averaging is performed for absolute rotation estimation, enabling the final scale-aware absolute location estimation.
Result We performed experimental tests to evaluate the selection of scale distance function and scale distance threshold.
The experimental results confirmed that the normalized perfect square deviation function effectively eliminates the impact of
scaling effects. Furthermore, the incremental scale estimation method shows good robustness and insensitivity to scale dis-
tance threshold and achieves remarkably higher baseline accuracy compared with L ,SE. The experiments were conducted
on the 1DSfM dataset. In comparison with various state-of-the-art methods including bilinear angle-based translation aver-
aging (BATA), correspondence reweighted translation averaging (CReTA), ITA, and L,SE-L, TA, our proposed method
exhibited the following performance: 1) In terms of the number of cameras solved, the average percentage of successfully
solved cameras using the proposed method is 96%. 2) The median error of absolute location estimation is slightly worse
than that of BATA and CReTA and ranks third overall under different absolute rotations. 3) In terms of the mean error in
absolute location estimation, the proposed method has remarkable advantages, ranking first and second respectively. Com-
pared with the original L;SE-L,; TA, the method in this study has a great improvement in the number of cameras solved and
the accuracy of locations estimated. Conclusion The proposed method combines the concept of scale separation with incre-
mental parameter estimation. By integrating these two ideas, our method effectively eliminates scale ambiguity while ensur-
ing the effectiveness of outlier rejection and maintaining a concise solving process. As a result, the obtained absolute cam-
era locations are stable and reliable.

Key words: global structure from motion; translation averaging; scale separation; baseline length computation; incremen-

tal parameter estimation
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Fig. 1 Pipeline of camera location recovery based on incremental scale estimation
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BN

d}e+(xpr) = (xi ~ xj) (7)

XX,

2997



2998

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 10,0Oct. 2024

TEMLEEAL I, AN SCH) LSE 5 GSE [R5 SR
{xlp*} = arg min Z dR*(xf;,ﬁ(xf,x}’)) (8)

o (RN AL E B SR R A R 4 X U . 2
FLOL o] 2 (], (0 ) ) ) < ol L A4 A
SR RO PRI A B B B b b ok R
JRUBE R 22 W . 20 (8) Fir s SCAY I Ak I 18 2 TSE 44
e AR AR ) B3 1 Ceres SR AR EA T AR 5. o
5 IRA B (Gao % ,2021) N ITA B % (Gao %,
2022b) 2501, AR SCHY ISE By A & 34 A IR .
TG, TR AL (I iE = Or 4L e B B A R
SRR A HUAE I EE R HOR BT IR R 4R
E 1T —E A (next-best-view, NBV) 1 £ 1L 45
% B LA T (s RS B BRI, 1R A B Bk v
0 e 28 Mt 5 B0, TIVASL el 3814 Jay A0 A R B8 18 A AS
{SURE % B8 2 45 T () ME B 1, 38 AT DA 5 Oy vk A
Bt
N TR Y R R AR R UR = on 4R,
ISE 1Y 2% J& RO figt B I vp =31 B3 DL 5 e 22 IO il
(A3 n,; = 1000)AAHHL =04, 188ty e T, 3L
e, Ko HAHAL i, F kAL AR L =00, T, 3%60R
IR % vrmowTveas K3} WINE <5< D e ol M R (UK S S T
A 1, 3 LR DR SR EUR B AR AR 2 3 A AR BILEY
o it R, HLAR N
{xf*’x/(’*’xf*} = arg min1 ’wagdhﬁ(x;, f,(xf,xj”))(9)

e, e E"

i

K, VIR EP FR =0 i TS AR FNAE L w) =
nte P  d o BRTAAER T A LA
A R % 1 T R E DR AR R ! AR X
RS W (5 (2 0 3R 9 (-, ) =
L= 1%l = 1%} % % 4 X R
{x/oal ol VRIIA 2 P = LSA % e m eds , Ti
W p = GSAR, x BRMRYE . ER ISR AR
ROOBEHIEFIF 1, = {v,00.0, ) 1]

{113, v vkw} = arg max z nge_d"'(x{;’f‘(x'lu'x’lu)) (10)

Bifi J , 38 1 OROBE A T IR A 0 4G bk 52 1k
BRI {2l

FTF A LA B NBY k£ 21w XS5

AR D — RHEP IR . X — PR, B
T OB B TR A A an s vy R AT 2 X RUEE Y
DU ALy X v i —A T i, BN
Ve ZAFEIL AR B B A 2500 e 3R I o,
5V BT v,o AR T A o, B 28368 JUBERS T A, o,
a3 )R BEAT 5, TR O

A = X A P = LSA

J

GSA
i Ky = osn if’%* p = csa 1)
]

JITAT B B4 RUBE (A BT A5, 10 448 X RUBE £
(e o {al A0 (o] ) A IR 22 MO AR 7E L SR A {0
HFRITCR A AT RESE M. ZH IRARIE S ITA R
VRIS, X (| P B T PR
R, AN

Ri= S pnetde) (12)
v e Vrn)
e € EN\{e;)

FUA R A R 1762 o B o S o,
BRVRA LA R . B AR B DL 2 SR
DA o, GO SEA VRSB B B 4 Vool

vy = argmax (R} (13)

NBY I AT L]V oA T B
LT T

FEV TV NBY 575 T — U M6 f .
TR o, SERIALERT RN o TR IR
H TP B S RICHL P 3 8 1 (), LAYy

I(E)= {eij,
B, RO Ak AT, B

;" = argmin Z/ wqdk(xf;,fs(x{),xjp)) (15)

e.cl(E)
f

v, € V:’dk‘(x;,fx(xf’,xj’f)) < thf} (14)

s, = ot T L R R
IR 2, LA 4 LA 4 0 R T 14
i v (R, = 30% ) B, &R A A BT o 7]
B R EARBUAISE (B U B ), Bkl
I(E:UE)=

{eij

v,v,€ VU {vj‘},dR.(x;,ﬂ(xf,xjp)) < thf} (16)
BEED AT 4 Rk, B
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> wdy(xl £l ) )T)

v, e ViUL)

{xf} = arg min
e.e(ETUE)
i

e, = nle U R T L 2RISR
J& L R E TR (16) BN ES, 2% (17) 58
i R Y A
1.2.2 T AR B 5
P RUJE g B e 0 348 ek Q7 A L 4 0 S (i E
17 AR, R I AE O B A, A SCR T 45
Cui F1 Tan (2015) A [7] (1) i 3505 1%, St s Ze vkl o
FRR WG R T L B AR A
2 Jey gt Xof RUBE 5 4 Jey 24 ok RUE () i B3 43 5
B AR HE 2 (4) TR BLIE] A B LK B b, AR X
(5)n[1%
Rj(ci - cj) =b,t, (18)
MCC A AR — A F 3R 7B A
5 FEHE S B — b i R LR E T AR, Bl
Ax, =b, (19)
Ko TR AR OB MR, A, & hAEE TR (R A
(= Ry 480 50 T 0 R, S 0145 SRR A £ 446 %7
{e.}, b, Fom C R JE A9 A6 B {bye,f0 2 e =
{0, 0,0}, 38 i DL P A6 58 BEXT AH ML 48 X457 B 1) fi
RN
arg rriin ” Ax, — b, ||l (20)

e SR A, AN SO L G Ak TR] R K G i
OpenMVG 5¢ K fi# , 55 Cui 1 Tan (2015) (1) BF 5% W
AR,

2 ZWERSHH

2.1 IR

AR SCHT Al A #8848 & 4824 Ubunta 20. 04, L
Visual Studio Code AU b 8% , 2 T C++iH 5 1T
% o A FRESRIZ 5 Intel ® Core™ 19-10900K , =4
3.70 GHz, 7 SCH: AT MO ) 5% = 5 P 2 A0 4%
OpenCV ,Eigen ,Ceres . Boost fl OpenM VG,
2.2 SRIGHURFAEN T E
2.2.1 SEEHRE

S5 B R A 515 F1 1DSEM HCR 8 (Wilson
F1 Snavely, 2014) 55 NotreDame (NTD ) %% #i& £ (Sna-

vely 45,2006) , FEIE ] A= % https://www.cs.cornell.
edu/projects/bigsfm/, 1. 155 S 0] A, Joig & 4
XFUREE LU T3, 2 Jmy R 2 v RUBE i Akt B A
TEAHBL = JC2H (B 7 AIE s DR G A 5 Y S (HL R 4
PR ORGSR N A Wik, A 30 i
COLMAP (collision-mapping ) (Schonberger 1 Frahm,
2016) T B AR XS 2 5 PF0 19 25 4 Bl kA7 1T dopn Ak
B A HBOA S BER UEHR B RFIE S S VERCOC 2R Bl
J& Kl OpenCV JE Ak 7 I 43 fift 4 J5t 45 % (Nister,
2004) , 2R BRI 50T AHBILZ 8] AR RO 25, A
B EG A,

2 AP BT BAIE a2 1 B &b | v
| Vaee |53 5913878 A 50 b SR W MG B 2
SR PR | By | 2675 T Y EG [t )
WEL, &, F e, )3 550 2 7 AR T e FIAH X P F 56 T
R E R 22

=1 1DSIM #EER TTHE
Table 1 Metadata of the 1DSfM dataset

BiaFE (V] [Viee| |Evee| (0 &/(°)
ALM 2915 627 72544 503 853
ELS 2587 247 15106 247 879
GDM 1463 742 31504 386  7.65
MDR 1344 394 15658  7.08 1338
MND 2298 474 37063 234 532
NYC 2550 376 15104 372 7.3
PDP 2251 354 21434 210 417
PIC 7351 2508 267246  4.68 1023
ROF 2364 1134 61713 441 789
TOL 1576 508 22716 3.63 448
TFG 15685 5433 1056735 4.19  9.52
USsQ 5961 930 33942 423 2352
VNC 6288 918 72884 358 835
YKM 3368 458 18417 374 720
NTD 553 553 68146 282  5.06

2.2.2 VNI

TEAE GV R 5. h, 2 L) Bundler (Snavely
45,2008 A ILBR SE 4 RAE I AL B B FLAE . R
M7, PT4F , COLMAP PSHA B8 0 55T 5 R AF A PERE
B3 A6 8 N B 9 )iz B9 IR SIM T HLAH

2999
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Bb, R T BREAE XSRS - H 45 SR A7 B AR A A DA
RIS Gao 5 N (2023b) 1 T AR, 2565 % & Lk H
Tl b A2 45 9%, HAG 24 MCC (9 T0S T 2 0 F 444
B, 7T A2 5 S B A B T e, LAl

dy(RERE) < 5" Nd (e e?) < 0.5m (21)
=, ds(,(3)(R1, RQ) = alrccostr(lgkj)_1 2% 71 FH X
e B f BE iR 22, € F7 COLMAP fl i Hi 45 5 2t
55 % Bundler 77 77 .54 BN B4 45 5 (B) I,
5° F10. 5 m 3 ) Sk e it %) 158 2 AL RN S, 8 P 15 22 [
. & LRI T AR A VN e il
HTF BT E LA WML ES
{ef]v, € vErr e —FR— A R T LR
#(6) S¥E R 2 () VE N ER I 0 £ 25 S
FRRUE . ST — PO B i 2 4l L& %
GaoZF A\ (2023b) IHF5E

BEAN, T AR SO T RUBE 49 185 5 s i - B °F
Py A v g RUBE i S ml A, I 4 i S HA T
SRR G A BISK i L 7R, A8 S S AR AL 268 X)o7 2 iy 9
ST AL AR S KB, R, i — S H0 i
W R AR S — M B ZE RPN bR, ES 5 —
P B RUBE 43 B SR 11 B P34 5595 L, SA-L, TA
A7 BELORG BE PRI INE, Ay T PRIEXT L SE 50 iy A vk
BHWE ARG T T — R AR X SR ITI .

5507 BV AR, B e B T LS
TP Y B2 BE, B
bi - bj

<0.5m (22)
K, b¢ = R R
0 B L AR S ek B %ISR ) B o
W P RE (B R P DR T LA 7 75 1 3
LKA B HEX . TSI — F Y A
SGHAT T3 TP AR R X TR 7
X HRA 2 (4) VR85BT A MHL I 0 S 22 K I
A6 H G IR PG — R A (b, b e, € BLO7 ),
i, EE SRR P e, TR b AL )
R, T 75 3 — A W, = med ({05,/63, | ). 75
BEHE T b 4 B R A R B B 2k 1 25 B A
by, = b |V HeIR IR (6,) FIIIH 5% (2,)
R REL R VI ) T S b

B E IR TFIIE bR AN, 25 1820 A A PR AR [, A

¢ -
¢/ —c

SCR I T 4 PR TS S AT
IR AR
2.3 THRERESHH
2.3.1 BB RSEICE R BT

A1 2N E 2 I BRI — (bS5 4
7 2 RS A R B 8 R S P €7 T AT
Sy T 2 VS 1 45 B AR L B e
5 BB B () = |, = | I IE T

OB A () = | 2 - 1

W% AT T

FRUBERE 25 R e IS0 o Sy 1 PFIAS ] RUBE B g
RSO 4 OSSR RE J1 3R, 2 BILL d (.0 )
c.l.m(xi,xf)ﬂld,(+(xi,xf)1/l3ﬂflﬁ§55%@§&,!Iﬁ‘@fﬁfﬁ
LSE [7) 2 v ) i v RUBE 45 T GSE [1) 231 v i) i o ]
JE T AE B 2 S A U R RO B 0.1,
1110, iC80s, = (0. 1, 1, 10 ), MG L2k i1l 152 2
S RE DR M 2 MR 3 7R o

H 2 TR BSCHE TR, 0 2 T A OO Y B
%@%ﬂ({jw(xi,xj)ﬁﬂd,r(x[,xj)lﬁ,ﬁ%?ﬁi‘l‘ﬁ?ﬁ%ﬁﬁ
PR —Jr T, AR P IR SR A R 2 A
W e R B ok H 0 T 2k 2 R RS Y R/ R A 78
b, HARZZ E B REORAFAE— AR & BRAIE N L 1%
HRE G a OR k4 my ) ROEE K fif g Be 08 15 21 &
AR ROEE i, O HLAE RUBE BB 25 ok BIORN B o U2
RAEAC AR B Ty — 7T LR T I
2 BB R 11K 5 4 B B d (x, x,
i, H(E R 22 B T i L (H 208 25 1 T 4 U
E/‘Jd,?(x,,x})%ﬂdk(x,,x])ﬁﬁ,ﬁig{ﬁﬁ%ﬁfﬂ%jg%j%
Fag , AUAE LA JR,(xi,xj)ﬂﬂEE%l‘Zlﬁﬂso = 100} & A4
BRWSh . H, ST BAS 5500r AR SRS
V& T AR B d (o, o, ) P TSE B35 mh ) R B
2.3.2  BEZSHRE I Ko Hr

I RO B 2 R RS e 2 R e 4 SR R
A EEE R A RUBE BH B B (eh ) A0 28 G
U L (RO WD (0 PR S r 0 Eo o | Bl
AR ERR , 7T RE S BOR MRS R B0R BT B8, 1y it
T R W A2 B S ) 5 T > B 8 (e /N, AR
REAS 1 % 2 5 5K ik i 45 2 YR M ] 5, EHG ™8 A 1k
PEORAH T BOW A IE A0 E B 258 R 5 215K
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Table 2 The impact of different scale distance functions on the median error (¢,) of relative baseline length

/m
2
s el =lu ] il ) =| 21 in(non) = L)
so=0.1 so=1 sy =10 so=0.1 so=1 s, =10 so=0.1 s =1 sy =10
ALM 0.70 0.68 0.68 0.67 0.67 0.67 0.67 0.67 0.67
ELS 6.64 6.34 6.29 6.36 6.36 6.35 6.50 6.49 6.49
GDM 2.65 2.64 2.65 2.61 2.62 2.62 2.66 2.65 2.66
MDR 3.50 3.43 3.44 3.31 3.30 3.31 3.29 3.29 3.29
MND 0.79 0.78 0.78 0.78 0.77 0.78 0.78 0.78 0.77
NYC 1.15 1.10 1.10 1.07 1.07 1.06 1.07 1.07 1.07
PDP 1.41 1.40 1.40 1.39 1.39 1.38 1.39 1.39 1.39
PIC 1.59 1.57 1.56 1.54 1.53 1.54 1.53 1.53 1.53
ROF 3.94 3.77 3.63 3.21 3.22 3.21 3.02 3.02 3.01
TOL 3.46 3.33 3.33 3.35 3.33 3.35 3.31 3.31 3.31
TFG 5.33 5.28 5.32 5.46 5.48 5.48 5.23 5.23 5.23
UsQ 4.05 3.98 3.97 4.02 4.01 4.00 4.05 4.05 4.05
VNC 2.78 2.73 2.73 2.71 2.71 2.72 2.70 2.70 2.70
YKM 2.24 2.20 2.18 2.09 2.10 2.09 2.02 2.03 2.03
NTD 0.38 0.38 0.38 0.38 0.38 0.38 0.38 0.38 0.38
E IR R R R A AT R A2
®3 ARREESRHEENELKEHERE , HIFM
Table 3 The impact of different scale distance functions on the mean error (,) of relative baseline length
/m
B4 B (I.R,(x,,xj) = |x[ - xj‘ (.Z'R,(x[,xj) = %’ -1 dﬁ(x,,x/) _ (x'x_lo:/)
sy =0.1 sp =1 so =10 5o =0.1 so =1 so= 10 5= 0.1 so=1 so = 10
ALM 2.62e+13 1.52e+05 2.93e+13 1.55 1.55 1.55 1.55 1.55 1.55
ELS 1.93e+09 1.68e+09 26.37 13.53 14.05 13.51 13.61 13.61 13.61
GDM 2.51e+06 4.50e+05 10.12 5.23 5.23 5.24 5.30 5.28 5.30
MDR 7.61e+07 97.01 11.67 10.57 10.57 10.57 10.61 10.61 10.61
MND 1.12e+11 2.41e+06 4.84e+04 1.22 1.22 1.22 1.20 1.20 1.20
NYC 4.09e+06 2990.80 1.12¢+06 1.81 1.81 1.81 1.80 1.80 1.80
PDP 4.21e+07 2751.41 1.53e+06 2.62 2.62 2.62 2.64 2.64 2.64
PIC 2.41e+20 6.77e+10 1.56e+10 3.32 3.31 3.31 3.31 3.31 3.31
ROF 2.70e+18 4.75e+05 2.44e+06 7.62 7.63 2.77e+07 7.47 7.47 7.46
TOL 1.02e+12 8.78e+04 8.07e+08 6.63 6.62 6.63 6.42 6.42 6.42
TFG 1.55e+24 1.08e+15 2.21e+10 10.59 10.60 13.33 10.50 10.50 10.50
usQ 1.73e+06 9.43e+04 686.19 6.76 6.77 6.74 6.73 6.73 6.73
VNC 6.66e+21 1.45e+05 2.08e+11 4.40 4.40 4.41 4.38 4.38 4.38
YKM 4.77e+10 1.77e+11 1.02e+05 3.42 3.44 3.42 3.37 3.37 3.27
NTD 0.57 0.57 0.57 0.57 0.57 0.57 0.58 0.58 0.58

T L P SRR AT IR A2 2R
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fif 2 R R . 7E RESHO & Lkl ok
IR, 2 10° < th” < 1008, B =0 RN BE Al
JIE A YRR K R RE A ORI 16 5 LAY RS Y8 [N, i
Mih! < 107°5L th! > 10° B, T AT B8 4 B R k£ 1R 5L
B2 SR BB o Ry 1 e 2 1 RUEE R
AR SC LA S 2SR ARG BE SR I 48 A L 43 5k 10,
107,107 F1 107 2 BI(E S8, #4777 MO R (H 2
B E SR LA RN R A PR . HAEENZ,
T 28 RS S g v, i 0 RUJE I 5 0 {2
BCE N 107, MAEA SR, A 0 RS R 2 ek 0
WL BN d(x0x)o HESDROEIETT LA
th? 23 5L B R 1001072107 A1 1070 B, B AR JE 28 fi
SRR 5 1 A B /N ABAE th! = 107 B A —
FEPL . TEPE R 22 7 1, BR ELS (ellis island) 5
USQ (union square ) W ZH ZHE A1, th! = 107 X 1z 7Y

*4 FAREREEBHEXMNENEEZKEFERE: S
HEIRE, FIRM
Table 4 The impact of different scale distance
thresholds on median and mean error (¢,& €,) of

relative baseline length

ALM 068 1.59 0.67 1.55 0.67 1.55 0.67 1.55
ELS 656 13.62 649 13.61 6.33 1355 6.35 13.53
GDM 275 519 2.65 528 290 542 3.16 5.80
MDR 3.33 10.64 3.29 10.61 3.32 10.61 3.33 10.59
MND 0.78 122 0.78 120 0.78 1.21 0.78 1.20
NYC 1.08 1.87 1.07 180 1.07 181 1.07 1.80
PDP 140 267 139 264 140 2.63 139 2.63
PIC 1.55 330 1.53 331 155 332 155 332
ROF 3.19 7.50 3.02 7.47 330 752 339 7.57
TOL 337 6.37 331 642 339 641 341 643
TFG 535 10.52 5.22 1049 545 10.55 5.57 10.61
USQ 4.02 673 405 6.73 403 6.73 4.02 6.71
VNC 276 440 2.70 438 272 438 271 4.38
YKM 220 355 2.02 337 218 351 218 3.52
NTD 038 0.58 0.38 0.58 0.38 0.58 0.38 0.57

T L A B FR AT 6, e, YR fe 4 2R

SR VN AR, AR (B R 22 7 I, AR IR AL 4
FAAE TR o Bt Lk Bl e i, (B AR 0 R i3t
LR SRS B 5 I S B 2 R T N 22 5 SR
PR SRS T AR R . I, 2R AT 4 4L S0 86
G5 PR SOFF th” = 107 B E 9 B AR R R B
B4
2.3.3  ffBEORE XS L SE 5 K b

FERG BEXT L SE g o, ol AR SO R T Cui A
Tan(2015) 42 1 1Y L,SE-L, TA B | % 1A fi 0 i Fe
SRR, A 22 SR B RO M B =R R TR L
DRI 7 S0 A %o 30 P R A 3k ) L A B PR L st
AR F 2 A BE ARG B HEAT T PR AN A X LS G, S G
R NK S PIR .

x5 ELBEHXLL

Table 5 Comparison of baseline accuracy

/m

L,SE-L, TA(Cui 1 Tan,2015) ARSCTT

LYEI AN - - - -

é, e, é, e,
ALM 10.15 10.91 0.67 155
ELS 23.55 23.75 652 1343
GDM 4.77 16.27 2.71 5.29
MDR 6.28 14.83 333 1059
MND 7.38 9.73 0.82 1.22
NYC 3.16 8.60 1.07  1.79
PDP 11.05 13.12 148  2.66
PIC 9.98 10.60 159 3.8
ROF 10.29 20.77 322 755
TOL 9.31 27.67 3.47 651
TFG 30.86 34.21 597 1053
UsQ 6.72 9.68 418  6.56
VNC 14.04 16.18 278 4.34
YKM 4.07 10.84 207 343
NTD 5.54 7.11 0.40  0.60

TE PR B m A7 &, Ml e, e le g it .

FH 28 5 B0 P 0, AR SO ¥ A 0R0 Pr 45 7 R X 3
KB L L, SE-L TA ff 55 I 45 i AR X L2 K T o
WERR ,IEB T ISE Bk 7E R M35 L Ew i 5
Rk

B 5 , R 1R T o RO i B3 %) 7 B8 P 38 0
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R HEAT 5 04 1 ) R PR AL, AR SCA K 5 LSE-
L, TA% % (Cui F1Tan,2015) \BATA %% (Zhuang 55,
2018) . ITA 5 ¥ (Gao %5 , 2022b) 11 CReTA 5. ¥
(Manam #1 Govindu,2022) B {7 B fit B rERe 4T T X%
Ll , Jir fiT FH 0 248 X7 Jié 5 3 iR T IRA B35 (Gao 5%,
2021) 1 L,GM (L, Geman-McClure ) %7 ( Chatterjee £/l
Govindu,2013) , Z 5% b A9 PF I 48 5 62 55 AL 55
Bt (n) PO B R EAEBE (6 fle,) , SLIRgs R ingk 6
R 7 N, /e b Jg —31 AVG Rm 45 Bk e AT

%6

VEAE bR T B A 5 5 i a4 R 41

HH 2% 6 F13 7 804 AT FEAR ML SR 00 b R
WS T BATA 5 CReTA, 1 T ITA 5 L SE-
LTA TEAEXLE R SA0RS I (6, Fle, ) J7 T, 1 AR 3C
JiAE USQ S5 T By 2 BUM 2, R T H v (B 05 26 4
A HE 44 76 P 20 5256 KT BATA 5 CReTA, {H %
ZEREARHE A AESE 2 H 250 IR T CReTA  {HER X
Yy hh AR SOy VR I Al SR BE SR AL T BATA 1 5
CReTA RCRAHML

AT HESEAMILA R TR EH R LR (3T 1EFE  IRA (Gao %,2021))

Table 6 Comparison between the proposed method and several other state-of-the-art translation averaging methods
(absolute rotations: IRA (Gao et al. , 2021))

L,SE-L, TA BATA

CReTA

ﬁﬁg (Cui 1 Tan,2015)  (Zhuang5,2018) (Gao%#,2022b) (Manam 1 Govindu,2022) ATk
* n e/m e /m n e/m e,/m n é./m e./m n é./m e./m n é/m e./m

ALM 580 048 146 625 0.72 120 603 0.46 2.16 622 0.46 0.82 607 049 1.01
ELS 231 2.10 345 245 343 20.59 253 1.64 2.42 246 2.16 3.30 243 2.03 3.35
GDM 694 1.66 2.85 740 1.66 251 717 1.16 1.80 738 1.77 2.88 721 1.80 4.84
MDR 338 1.63 3.04 393 1.84 439 369 58.96 2.90e+05 391 0.84 1.74 352 1.08 3.00
MND 451 0.54 1.04 473 0.68 0.84 465 0.43 1.06e+04 472 0.52 0.78 463  0.44 0.58
NYC 330 059 131 374 066 097 355 0.57 1.00 373 0.72 0.92 349  0.60 1.07
PDP 346 090 2.24 353 0.86 347 347 0.83 33.80 353 0.87 3.23 352 091 2.25
PIC 2327 1.41 258 2502 1.09 1.82 2443 0.80 44.89 2 485 1.01 1.83 2441 123 191
ROF 1091 5.14 11.13 1133 724 986 1113 8.36 17.91 1132 5.19 12.13 1119 4.49 9.95
TOL 475 252 390 505 275 3.56 482 1.94 3.46 505 2.33 3.17 486 2.37 3.30
TFG 5173 576 8.63 5432 393 580 5349 2.57 142022 5 404 3.75 7.19 5358 5.07 8.61
UusQ 864 12.23 13.57 929 253 3.18 872 233 19le+04 920 12.82 14.14 859 12.52 13.7
VNC 864 146 3.09 915 135 3.11 851 1.32 2.37 910 1.60 5.00 896 1.27 2.35
YKM 431 1.30 238 457 1.04 8.11 432 0.77 1.70 455 1.41 2.97 436 1.24 2.57
NTD 539 032 094 533 036 064 524 034 8.89 533 0.32 0.48 552 0.29 0.42

SEE 982 254 4.11 1041 2.01 4.67 1012 550 2.14e+04 1036 2.38 4,04 1016 2.39 3.93

WA R BIRR S AT 0,6, Fle, i Las R .
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KT AXFESEMILMERERFEYFERLE (£3THEEE: L, GM(Chatterjee 1 Govindu,2013) )

Table 7 Comparison between the proposed method and several other state-of-the-art translation averaging methods
(absolute rotations: L, GM(Chatterjee and Govindu, 2013))

Bl L,SE-L,TA BATA ITA CReTA (Manam il R
(Cui fI Tan,2015) (Zhuang %¥,2018) (Gao%,2022h) Govindu,2022)

g n é/m e/m n é./m e/m n é,/m e./m n é./m e/m n é/m e /m
ALM 580 049 155 625 0.69 1.16 605 0.46 2.36 618 041 075 607 048 0.98
ELS 231 2,06 346 245 344 20.72 235 1.62 2.44 244 2.02 278 243 2.08 3.35
GDM 694 283 1321 740 3.11 1725 716 2.23 48.22 731 215 18.15 721 231 1492
MDR 338 1.07 290 393 146 4.16 369 611.44 336e+04 390 085 1.78 352 1.07 284
MND 451 054 1.04 473 068 0.85 459 047 1.50e+04 371 047 0.60 463 044 0.57
NYC 330 057 130 374 0.67 099 353 0.52 0.80 370 055 079 349  0.58  1.06
PDP 346 091 219 353 0.79 340 348 0.76 70.89 354 0.85 3.07 352 0.88 230
PIC 2327 140 250 2502 1.07 1.76 2444 0.79 328.06 2489 0.82 135 2441 121 1.79
ROF 1091 365 682 1133 385 7.17 1114 153 2.59 1132 1.66 322 1119 458 6.20
TOL 475 283 4.00 505 288 3.82 487 2.11 3.18 504 3.80 5.12 486 241 3.16
TFG 5173 5.69 875 5432 376 5.52 5360 2.56 6.34 5403 374 693 5358 494 857
UsQ 864 1244 13.62 929 2.10 2.86 865 1.19 14.59 922 345 421 859 1243 13.72
VNC 864 145 350 915 132 398 855 1.24 3.88 916 1.33 531 89 126 2.77
YKM 431 129 235 457 097 773 437 0.86 2.16 455 1.08 1.69 436 121 255
NTD 539 032 091 533 036 0.60 524 @ 0.31 120.01 533 0.27 040 552 0.28 0.39

FHE 982 250 454 1041 1.81 546 1011 4187 328037 1029 1.56 3.74 1016 241 434
T R B R R AT n e, Fle, R A2
0 e ol WY
(a) ALM (b) ELS (¢) GDM (d) MDR (€) MND
Gy s v §-¥y
o N 5 VAN Jﬂ%
(HNYC (2) PDP (h) PIC (i) ROF () TOL
a‘ Vﬁ » ﬂ .';f;‘:‘ = a. 3
b 3 ’Iﬁ 27140 mpf ¢
() USQ (m) VNG ) YKM (0)NTD
P2 ST ISE-L, TA {7 B Al 5 09 5 T A i 5

Fig. 2 Point cloud map of sparse reconstruction based on ISE-L, TA location recovery ((a) ALM; (b) ELS; (¢) GDM; (d) MDR;
(e) MND; (f) NYC; (g) PDP; (h) PIC; (i) ROF; (j) TOL; (k) TFG; (1) USQ; (m) VNC; (n) YKM; (o) NTD)
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