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Abstract: The sparse mixture iterative closest point (SM-ICP) method is proposed for achieving accurate
alignment of point-sets, while avoiding the influence of outliers. This study investigates sparse representa-
tion, non-convex optimization, and point-sets registration. First, the registered residuals are represented
by mixed regularization to establish a sparse mixture formula. The alternating direction of multiplier meth-
od (ADMM) is then integrated to solve the proposed formula using a nested framework. Among the vari-
ables, the balance weight @ for mixed regularization can be calculated using a sigmoid function. The scalar
version is also provided to represent the corresponding loss of function in the inner loop of ADMM. Final-
ly, the soft threshold formula for the scalar version can be deduced in point-set registration. Experimental
results indicate that the registration accuracy of the proposed SM-ICP method is better than the that of es-

tablished algorithms investigated for comparison. This improved accuracy is especially striking in the regis-
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tration experiment of the Stanford bunny dataset. With 50% overlap rate, the trimmed registration error of
SM-ICP was 2. 04X 107", Compared with other methods, our trimmed error was one order of magnitude
lower than those of the robust Trimmed-ICP (robust Tr-ICP) and ICP algorithms. Moreover, it was ap-
proximately three times lower than the error obtained using the sparse ICP (S-ICP) algorithm. In the reg-
istration experiments for both other objects and for scene data, the registration accuracy of the SM-ICP
method also performed better than comparable algorithms. In the registration experiment of point-sets with
different levels of random noise, the trimmed registration error of SM-ICP was 4. 90X 10 °~1. 33X 10 *.
This was several times to one order of magnitude lower than those of other algorithms. In the registration
experiment for the engine blade, our method successfully achieved accurate registration of point-sets, but
the results produced by comparable algorithms displayed different degrees of dislocation in their point-sets
registration. In summary, the proposed SM-ICP algorithm displays advantages in accuracy, robustness,
and generalization for point-set registration.

Key words: point-set registration; iterative closest point; sparse mixed representation; regularization; al-

ternating direction of multiplier method
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Fig.1 Diagram of partial overlap point-sets registration
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Fig. 5 Flow chart of sparse mixture ICP algorithm
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Tab.1 Both of the errors and time for the four comparison algorithms in the case of Stanford bunny point-sets.

Overlap rate

Methods
50% 60% 75% 90%
Time/s 4.7 2.8 2.3 2.1
SM-ICP
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with different level of down-sampled points

The number of down-sampled points

Method
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Fig. 10 Registration results of SM-ICP on the dataset, including Coati, Buddha, Dragon and Stage

HARH) 5 g 5 #EAT e, A 30 5l it
BT TR) A5 2R AR A5 A B AR W T T P 10 S HEAT:
55 B4 A6 T DR 25 ANRC R[], A0 36 3 B . Hod,

SM-ICP i i F i == e #EAT 55 B 5B ik Wi 22 1
/NTF1.93X10 7 m, fi F 8 & #r T Robust Tr-
ICP, S-ICP FIICP =Fh % b B 1 . B4R SM-ICP

R3 MMFEEEF R A T Coati, Buddha, Dragon #0 Stage i & £ B fit /1R 2= F0 & /E i 18]

Tab.3 Both trimmed error and registration time of four compared algorithms on Coati, Buddha, Dragon and Stage pint-

sets registration

Dataset
Methods -
Coati Buddha Dragon Stage
Time/s 0.92 2.62 3.63 1.33
SM-ICP

Error/m 7.50X10°° 1.93X107° 7.70X10°° 9.45X107°

Time/s 0.09 0.31 0.66 0.36
Robust Tr-ICP X X . .
Error/m 7.70X10°° 1.93X10°° 7.79X10°° 1.14X10

Time/s 0.05 0.32 0.75 0.57
S-ICP ) ) , )
Error/m 1.25X10° 3.63X10" 8.00Xx 10" 1.97X10 "

cp Time/s 0.04 0.25 0.35 0.318
Error/m 1.69X107° 2.09X107* 7.69X107° 1.14X107*
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B TC B TR 75 S LARD MK T H X A B H bR iz U8 0 B A 34 2 1 Bl HIL A B BE AL R S
2 HCTC RS BB L R T 76 Buddha BiC A 55 v 45 Mo FEUL IR b A SCo R A s AT R R
T Robust Tr-ICP H. 3 41 , ¥ 08 T H B X 8, FE 13 280 R 1 500~12 000 (9 T ke A, T
BS-ICP R MICP BT T 1~3 1% . TARSCEE 1 SM-ICP 51k 78 HAT R[] )2 90 gt 7
M B, 783 5 Stage 8 = BCfE 25, SM-ICP 19 (N=1000~5 000) . 2 FL AT 55 1 B, an &
HC AE B A A S 1,33 s, E HE R 25 O 9. 451, 93X LR . oF LU HE M 08 2 1 S 2 0] 77 7 e
10°° m, 4% Robust Tr-1CP K H & % Ho 55 0 . R 55 T AR RIS R S S FE (A S

Ty N T LR E SMAICP SR (T 4 o HLBR AR E L SR T L SM-ICP 453 1k SR i
S HEYE, A SCLL Coati 5 = B #EAT 45 0 1), FI T b 5 4 s AT 55, WA BT LA
MATLAB "4 lhsdesign b8 £, 73 1) 4 P 55 2 Al ER =

N=1 000 N=2 000 N=3 000 N=4 000 N=5 000

P11 7EARTRJZ WIS (N=1000~5 000) FYFEEL T , SM-ICP 832 B ] F Coati 5 == [ AL 1HE 45 21
Fig. 11 Registration results of SM-ICP on the Coati point-sets with different level of noises (N=1 000~5 000)

5B R HEAT B, A SO T [ A5 2 Robust Tr-ICP 83 75 I iz il H AR 25 2 3 59 B
AR LB Rk G TC 9 ST ) R T R 2% L NSk 4 T 1000 A BEAL MR A5 A5 A5 D0 T, AT 2 2
B 12 B8 o WL AR SCHE Y ) SM-ICP B3k B L R SM-ICP S B 1 w4 it
TEAN[A) 2 9 6 AL R P TG o 52 0 oy, AT 15 22 R o Hy—Jrm, i E 12T LR Y, 25 e g RO
KT HENLE L, B, - HRABMH Z I, SM-TCP 1 8 Wi 22 32 i 38 K, T g X b

R4 EFRRBEREFOBERT, ML EEE A Coati 52 = BB BT IR 2 F1 B /4 BT i8]

Tab.4 Both trimmed error and registration time of four compared algorithms on the Coati point-sets with different level of

noise points
The number of noises( The number of down-sampling)
Methods
1000(1 400) 2000(2 700) 3000(4500)  4000(9400) 5000011 550)
Time/s 1.4 7.05 10. 45 5.95 14. 87
SM-ICP .
Error/m 4.90X107° 6.82X10"° 3.03X107° 8.39X107° 1.33x107*
Time/s 0.17 0.07 0.35 0.87 1.69
Robust Tr-ICP
Error/m 4.98Xx10 " 5.52X10 " 1.89x10 * 2.67x10" 2.13x10*
Time/s 0.09 0.12 0.13 0.42 1.05
S-ICP
Error/m 4.92Xx10* 5.66X107* 5.56x107" 2.77X107* 2.72X107*
Time/s 0.04 0.28 0.19 0.62 1.13
ICP

Error/m 5.13X107* 4.17x107* 3.81X107" 2.56X107" 3.66X107*
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Fig. 12 Plot of four compared algorithms on the Coati point-sets registration with different level of noise points
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Fig. 13 Initialization of engine blade point-sets
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four comparison algorithms.
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