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The voting process will be performed in a graph. Com- @ Graph Construction
pared with the Euclidean space, the graph space can better

render the affinity relationship among correspondences. The
initial correspondence set is modeled as a compatibility I - e S T |

graph, where nodes represent correspondences and edges f_ — | ©1 et Ca| o
connect geometrically compatible nodes. G2 . | A
In particular, let p{ and p} denote the points in the source i C — G ‘m’fm' G 3
point cloud P* and target point cloud P*, respectively. Then, |- S eC c
th¢ rigidity between the two correspondences ¢; and ¢; can I © incompatible 3: .
be itatively measured as: e e
: I
Siat(Circy) = ”p; _ p;” _ ”pg —p H _ (1) (a) Graph construction rule

The compatibility score between ¢; and ¢; is given as:

2 _ -
Semp(ci, €j) = gp{—%ﬂ), 2) Semp (i Cj) =1 m) S, (Cz', C j) =0
%ﬁ__ cmp

where d,.,,, is a distance parameter and S, € [0,1].

Ideally, Scmp(ci, c;) = 1 if ¢; and ¢; are inliers. — izl BT JE H = =1
Subsequently, as shown in Fig.1(a), given a set of initial E E/\\\Z EFI |:|:J Paxe El‘] EE I%_ll —*D /}E/n\ pAN I:Fl |:|:J Paxe El\]

correspondences C = {cy, ¢y, ..., ¢, }, we model them as a o N C| DC = |

graph G = (V,E). Here, V = {c¢;,c3,...,c,} and E = EEI%"*H I_'I’ ﬁﬁ [//{ % JIEW'“\

{ei2. €13, ....e;; } with e;;= (c;, ¢;). Notably, if S.p,p(ci.c;)

is greater than a threshold ¢.,,,,, ¢; and c¢; form an edge and

Semp(ci, ;) is the weight of the edge. To this end, a graph
is generated for C.
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3.2.1 Basic Concepts of the Clustering Coefficient

Let the degree of node c; be d;, then there are at most
d;(d; — 1) /2 edges among d; neighbor nodes. Let w; denote
the number of edges that actually exist among the neighbor-
ing nodes of node ;. In a weighted network, w; denotes the
sum of the weights of these edges. The clustering coefficient
ov; for ¢;, as illustrated in Fig. 1(b), can be defined as:

i wly w} ﬁﬁ}(ﬁ’?& (3}
d; * (d; —
(di * (d; — 1))/2° ok et

The nodal clustering coefficients reflect the 51gmf1c4§1 e of
the nodes in the network and the degree of local aggregation
of the network. In addition, average clustering coefficient
@ and overall clustering coefficient v, can be used to

1%, yyrs g

(2) Nodal Clustering C oefficient Calculation

C(0.5)

C5 (0.53) : a=0 a= a=1

(b) Nodal clustering coefficient

express the degree of aggregation of the whole network, as
defined in the following:

%-e % %;i*ﬁg\_‘ Koverall= 5 =1 . (5)
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3.2.2 Application of Nodal Clustering Coefficient in MV

i) Remove outliers preliminarily. Inliers are consistent,
and therefore are supposed to be compatible with each
other. As such, inliers are more likely to form cliques in a
graph. It is interesting to note that nodes with greater nodal
clustering coefficients are more likely to be in cliques. There-
fore, we set an adaptive threshold ¢,, to eliminate nodes with
low nodal clustering coefficients, which is defined as:

=} ﬁi@ﬁ L
t, = min Qotm -alls O, @

where otsu,, represents the OTSU [+ threshﬂld ba-aed on
the nodal clustering coefficients of all nﬂdes. The leverage of
nodal clustering coefficient has two merits. First, a portion of
outliers can be removed, which would alleviate the negative
effects of outliers in the following mutual voting process.
Second, less nodes will be involved in the voting process,
therefore speeding up the selection process.

ii) Be the weight in the voting process. The nodal
clustering coefficient is an informative cue for nodes. It will
participate the “node—edge” voting process (Sect. 3.3)
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(c) Node—Edge voting
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S(ei;) = Z I ;’r [Sempleiscj)+
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TABLE 1

Properties of feature matching experimental datasets.

Dataset Data modality Nuisances Application scenario  # Matching pairs  Awvg. inlier ratio
U3M [+1] LiDAR Limited overlap, self-occlusion Object Registration 496 14.80%
BMR [47] Kinect Limited overlap, self-occlusion, real noise ~ Object Registration 485 5.63%

U30R [47], [44] LiDAR Clutter, occlusion Object Recognition 188 B.09%
BoD5 [17] Kinect Clutter, occlusion, real noise, holes Object Recogniiton 43 15.75%
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TABLE 2
Recall performance (%) of applying different constraints to MV on the

Std. of Gaussian noise (pr) 1.0 1.5 2.0 25 3.0

Distance+angular 7139  6B32  60.17 51.51  48.00
Distance-only 74.43 7292 6545 64.21 6295
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Fig. 5. Feature matching performance of tested methods on four feature matching datasets.
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Fig. 8. Visual feature matching results of several tested methods. Each
method has two visual results, where the top one is the scoring result
rendered by pseudo-color (red—blue: high — low confidence scores)
and the bottom one is the selection result (x/K indicates x inliers in the
selected K correspondences). Green and red lines refer to correct and
incorrect correspondences, respectively.)
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TABLE 3

Feature matching performance (%) on U3M.

N

N\,

B —

TABLE 4

JLi

Feature matching performance (%) on BMR.

FEH T HMERNER, W TIRAR

Precision Recall F-score Precision Recall F-score
SSTT, 140 181 63.39 894 SSTL 9] 2.68 54.41 5.11
NNSR [46] 9.67 4163 1569 NNSR [14] 441 29.11 7.66
ST [3] 431 100.00 826 ST [7] 2.89 100.00  5.62
GTM [6] 35.63 4622 40.24 GTM [¢] 23.07 2607 2448
SI[47] 14.28 43.81 21.54 SI[47] 4.57 14.00 6.89
CV[7] 13.31 94.92 2335 CV[7] 8.04 8829 1474
PointDSC [35] 9.09 0.23 0.45 PointDSC [35] 543 86.03 10.21
SC2-PCR [] 49.81 2074 2929 SC2-PCR [9] 3.11 100.00  6.03
TEASER++ [31] 1.03 0.56 0.73 TEASER++ [34] 19.13 4253 26.39
MV 31.00 78.26 44.41 MV 18.19 62.8 28.21

TABLE 5 TABLE 6
Feature matching performance (%) on U3OR. Feature matching performance (%) on BoD5.

Precision Recall F-score Precision  Recall  F-score
SS[45], [45] 240 80.53 4.66 SS[42], [49] 6.29 52.03 11.22
NNSR [46] 6.42 63.45 11.66 NNSR [46] 12.84 39.61 19.39
ST [3] 1.69 99.49 3.32 ST [3] 11.12 100.00 20.01
GTM [¢] 4355 4328 4341 GTM [¢] 65.23 50.18 56.72
SI[47] 2427 60.11 34.58 SI[47] 27.27 41.80  33.01
CV [7] 7.34 90.63  13.58 CVI[] 37.96 929.98  55.03
PointDSC [24] 384 0.27 0.50 PointDSC [35] 28.59 96.12 44,07
SC2-PCR [Y] 62.34 45,14 52.36 SC2-PCR [v] 6.59 100.00 12.37
TEASER++ [31] 019 1.30 0.34 TEASER++ [34] 52.99 82.33 64.48
MV 64.62 9039  75.36 MV 23.12 9439  69.60

R4
MV TEFT A 54 LY F-score RINES 2 HmIF 1. N T X REFELER,
PREESEIGH, BT LB VR ERE AR A 2R E) . MHELZ T, MV TEXFE I NS T R e AR B MRS .
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TABLE 7 TABLE 8
Varying the number of input correspondences (ms). Varying the inlier ratio of input correspondences (ms).

# Initial correspondences 600 900 1200 1600 1900 Inlier ratioc | 0%6~5% 5%e~10% 10%~15% 15%~20% 2ho~25%  25%e~3070
55 [43], [45] 54.40 B6.39 135.00 278.64 319.18 55 [43] [45] 2379 3476 5123 34549 41.00 1.0
NNSE [46] 61.73 07.90 154 56 318.31 36626 NNSR [40] 6.4 63.54 59.07 43.89 50.50 3R.00
ST [2) 1946.24  3560.74 508380 1500780 17611.20 ST [7] 2081.73 309922 3060.30 2017.33 2548.50 1580.00
GTM [] 36.63 65.65 112.99 288.72 336.87 GTM [#] 20.93 52.89 2277 3.4 43.33 26.67
SI[L7] Q5 572 150.32 241 .58 519.97 600,39 SI[47] 10718 11205 106.07 B0.78 93.33 7233
CV[7] 10276 17785 207 38 977 84476 CV 7] 145.16 151.95 147.43 9744 130.33 80.00
MY 3075 = 133.09 300 05 E10.14 MY 35.56 57.54 103.30 107.11 207.33 115.33
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Evaluation metric. follow [57] that employs the root
mean square error (RMSE)/metric to evaluate the 3D point
cloud registration performance on the object-scale dataset,

e.g.,, U3M. Given the estimated rotation matrix R.. and
translation vector t.., the point-wise error £, between two

Rest: 'ﬁi%k@
hot: ¥721Q

truly corresponding points p* and p' is defined as:

BERE  &p(p°,p') = |[RestP® + tes — P'|l. (13)
e —
Then, the definition of RMSE is:
(14)

RMSE = > b (P )

pe.pt Ecg ¢ | g "»|
where C; represents the ground-truth set of correspondmg
points between two point clouds. When the RMSE of a
registration is smaller than a threshold t,,..., we judge it

as success. i ' RE:

error (TE) to evaluate the registration results on scene-
and ground-truth rotation matrix R, estimated translation

vector t.g and ground-truth translation vector t,;, RE and
TE can be defined as:

Tr(Res TR —1
RE(Res:) = arccos r(Rest 5 gt) ,

TE(teut) = [[test—tatl |z

(15)

(16)

C phRezfil e skt e f
115 8

ERERL
Also, we employ the rotation error (RE) and trans]ationi& TBILL

Ry ER

scale dataset. Given the estimated rotation matrix R.. ’fﬁfﬁi!’ﬁﬁ-

By referring to the settings in [35], the registration is consid-
ered successful when the RE < 15°, TE < 30 cm on 3DMatch
& 3DLoMatch datasets, and RE < 5°, TE < 60 cm on KITTI
dataset. For a dataset, we define its registration accuracy as
the ratio of success cases to the total number of point cloud

pairs to be registered. LT
e LELE PR .

RMSE <t,,, FIEBAHEMI

N EEE3DMatch. 3DLoMatch#



— N ig@'é’\ﬂ IEE,;

SIS BANEAETRANSACH TR, M—AX NV X R FIUN— P ECAE
NERATEAE. EREAENE, EFEHE MVETRERPYRNRRNERE, ¥
MV 9% H1E 5 RANSAC fEiTssrvfi A . BUAEAT, Al A 50002K
RANSAC IZACKINITECHE., TR, BRI REFNEITR, ENMNSMV E
1, E 25 MV % 2 R TR TT AR AR

UTLEX



FEIT A

RANSAC (El__*ﬂﬁﬁ$ ii'éﬁ/f) : 1277/27[//(]\_1_1_'{{#]77_&
E—AESHAENTEET R RNLSIRE, ERERXIFHH
EHRER T 2N
o' ron - SN M AR FEX G UL X K2 A
W, FIS BEEAN X N R, R D BN
f%?&ﬁﬁﬂ?%ﬁﬁ_%ﬁzﬁﬁﬁE%HE*ﬁ

UTLEX



g

— @E »& i
[ kst - —--QUANTILE
c —EXP
.840- _ [©Inlier Count
© & HP
@ PG Dist
< A 4+ K £ i =
< o
SLIRER ( HUSMEIESE L) S, MAE. MSE
(2]
E =
0:1 ¥
\ RANSACE’]
05 1 45 2 25 8 35 4 45 & 10 MER1%

RMSE threshold (pr) A ¥R
:I: %/ \*ﬁ ﬁﬁﬁ RAN SAC E/:I 1E: 14x :I: - (a) Results of using MV selection -L:|:1) l -Tl- *T
'TEEFE*IF%B%’JLTE%E"]'I‘_&L REIRTT, st

-4 LOG-COSH
- QUANTILE
~+-QUANTILE
—EXP

-© Inlier Count
-8 HP

-&-PC Dist
-a-#OP

8

~

-

Registration precision (%)
3 8

-

0.5 1 1.5 é 2:5 5.3 3:5 ‘; 4?5 é
RMSE threshold (pr)
(b) Results without using MV selection

Fig. 9. Registration performance of RANSAC-based methods with and

- without MV-selected correspondences when using different hypothesis
m]_ *m * evaluation metrics on U3M.
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TABLE 10
Registration results (%) on 3DMatch dataset under 1k correspondences setting. The symbol ‘-’ denotes unavailable benchmark record, bold and
underlining indicate the best and the second best results, respectively.

Descriptor BA;:E;{:%OM, Kitchen Homel Home2 Hotell Hotel2 Hotel3 Study Room MIT Lab | Avg. gl; E"_A‘i y i%ﬁ\ *ﬁ
SM [7] ’ : . ; ; - . : 55.88 - N
RANSAC-IK [2 w8 7115 my e e 0% um sles | 5860 DAL WAL, MV {E
i e me g RX A e g% gz |77 3DMatch Al 3DLoMatch HiiEEE AT
TEASER i - - - - - - a = 76.27 ~ IR S
et LTGV | ;‘+ o~ 80.63 82.69 67.79 86.73 75.00 85.19 67.47 67.53 76.83 1jﬁﬂ:ﬁ}:l:ﬁ tl: Z‘ijﬁ‘/z ’ i% Eﬁ ;H;XTJ‘ :ZIE\_:A Ijil j:ZJ
Deep learned — NN Do,
g%[:zg‘é&%‘:r[’&] €917 7436 5769 6858 6538 7407 56.16 55.84 ggil) % }{_:T\ -~ EK] @B {ﬁ HE EBL ’3@ ’
. - o . e . . . D N2 A1) A »
PointDSC [ 4] 76.88 g;__% 65.87 83.63 70.19 79.63 61.99 62.34 73.14 2) Ep /Tﬁ 5 Yﬂ%g ‘_%L’ ;J E,(J ﬁ¥£*a Hﬁ ’ MV
MV 8221 i 71.15 86.73 7885 8333  69.18 6753 | 78.25 \ S A . N
i = ISRAE A AEATHRE VI ZR A5 DL H B
RANSAC-IK [2] 7115 7244 5817 8097 7115 7222 63.36 6364 | 6925 ATHIFRMeE, B 1145H T MV
RANSAC-10K 74.90 73.72 59.62 : 70.1 70.37 2.33 .23 70.67 N —
AR | T REe me R omooes o ef B9 % 3DMatch BRME TRHEIA
LTGV [¢] 95.65 91.67 76.44 94.69 89.42 81.48 82.53 75.32 88.48 w N N
recr bl R HE 2 5 ) — 1] AL 4=
3DRegNet [ 0] - - - - - - - - 77.76
DGR [7] 9368 9103 7500 9513 8942  85.19 81.85 6753 | 87.31
PointDSC [] 9486 9103 7548 9248 875 8148 8322 7143 | 8755
MV 96.64 93.59 75.96 95.58 93.27 83.33 84.93 74.03 89.71
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TABLE 11

Registration results (%) on 3DLoMatch dataset under 1k correspondences setting.

Descriptor | Method Kitchen Homel Home2 Hotell Hotel2 Hotel3 Study Room MIT Lab | Avg.
i) Traditional
FGR [5%] 0.38 2.77 478 1.83 1.27 4.08 0.42 1.39 1.74
RANSAC-1K [7] 10.29 9.34 16.96 17.43 12.03 32.65 292 417 11.40
RANSAC-10K [7] 23.24 15.92 27.83 25.69 18.35 38.78 6.25 11.11 20.16
GORE [*7] 29.90 21.45 29.56 44.59 26.58 40.82 11.25 11.11 26.50
FPFH TEASER++ [34] - - - - - - - - 28.9
LTGV [7] 33.10 22.30 36.90 45.00 30.70 34.10 12.30 21.70 30.38
11) Deep learned
DGR [7] 19.05 14.53 20.00 37.61 24.05 34.69 8.33 13.89 19.93
PointDSC [24] 24.90 16.00 27.00 27.30 14.60 29.30 5.10 15.90 19.99
MV 34.20 24.50 37.80 47.80 32.10 36.60 13.60 20.30 3217
1) Traditional
RANSAC-1K [7] 18.67 9.69 20.00 19.27 19.62 2245 12.08 16.67 16.68
RANSAC-10K [7] 18.48 10.03 23.91 17.89 19.62 2041 792 13.89 16.28
TEASER++ [34] - - - - - - - - 42.11
FCGF LTGV [7] 55.10 39.70 50.50 57.90 39.40 36.60 40.70 36.20 48.29
11} Deep learned
DGR [55] 37.90 20.07 35.22 31.19 28.48 28.57 17.50 23.61 29.42
PointDSC [34] 51.40 34.00 52.30 57.40 38.00 36.60 33.50 40.60 45.14
MV 56.40 40.80 50.00 59.30 38.00 36.60 41.10 39.10 48.91

UTLEX




Inlier num: 271 Recall: 67.89%
Inlier ratio: 33.37% Precision: 99.45%

Inlier num: 328 Recall: 78.96%
Inlier ratio: 44.93% Precision: 97.36%

Inlier num: 138 Recall: 88.40%
Inlier ratio: 18.27% Precision: 82.99%

Inlier num: 118 Recall: 89.83%
Inlier ratio: 9.82% Precision: 79.70%

Inlier num: 120

Recall: 86.67%

Inlier ratio: 10.81% Precision: 88.14%

Inlier num: 75 Recall: 80%
Inlier ratio: 14.25% Precision: 75%

i

Inlier num: 42
Inlier ratio: 7.51%

Recall: 90.47%
Precision: 53.52%

—

=

il
-~ MM

Inlier num: 180 Recall: 90.55%
Inlier ratio: 13.76% Precision: 76.88%
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TABLE 12 TABLE 13

Registration results on 3DMaich dataset under Sk correspondences  Registration results on 3DLoMatch dataset under 5k correspondences 5 + B /\ A
setting. 9 P %%g %]j *ﬁ

setting.
/ H s A
= {% F FCGF iR FTRY, MV
FPFH FCGF S — W
RR (%) RE(°) TE RR (%) RE(°) TE ;

T Tradio] f } f } fl:l'ﬂ} f j f } fc'rn} RR {nlllru'] RE {u} TE [Em'] ER {::,ru} RE ':‘D} TE {cm} Y:E;DMatCh TD 3 DLOMatCh fg
SM [7] 55.88 2.9 815 | 8657 229 707 1) Traditional B = i
FGR [~9] 1091 496 1025 | 7893 290 841  RANSAC-1M [7] 0.67 1027 15.06 977  7.01 14.87 ?E o< J:%BHRE i Eiﬁ% E/\] I—&'- RE,
RANSAC-1M [7] 6420 405 1135 | 8842  3.05 942  RANSAC-IM [ 045 1039 2003 | 1044 691 15.14 N sls
&N&S;rg E_]I g;:-é? igg lég? 3;?}4 %gg g-ﬁ TEASER++ | =[] | 35.15 438 1096 | 4676 412 12.89 i% HH |\f|+V EIEA_'% E/E o é' 1§}Eﬁ

- 65 233 . 05 . . 2 s = & —
TEASER++ [3] 7548 248 731 | 8577 273 8.66 ??D PCF [] . 3857 403 1031 | 2673 380 w04 - FPFH -Tl- H ﬁi’fﬂ' B , MVExE_
PR ooy a8 prl I s EJ'GFfE[p ' Timf 1988 507 1353 | 4380 417 1082 PR B& X F SC2

2_ . a a tu N ' N AN S -
:f Del::v: Eﬂ[m]en‘ BB 218 &0 =L ¢ ®31  PointDSC [39] 2038 404 1025 | 5620 387 10.48 HIR AT, A
3DRegNet [36] 2631 375 960 | 7776 274 g13 _MV 3616 507 1275 ] 59108 499 1292 PCR
DGR [*7] 3284 245 753 | 8885 228 7.02
DHVR 6710 278 784 | 9193 225 7.08
PointDSC [34] 7295 218 645 | 9187 210 6.54
MV 862 313 o0d | 9347 330 9.46
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TABLE 14

Registration results on KITTI dataset.

VAN

=B

AT

)

FFFH FOGE

ERE(®) RE(*) TE(cm) | RRE(%) RE{®*) TE {cm)
1) Tradibional
FGR [55] 5.23 (.86 4384 89.54 (.46 25.72
TEASER++ [74] 91.17 1.03 1798 94 96 (.38 13.69
RANSAC [7] 74.41 1.55 30.20 8036 0.73 26.79
CG-SAC [2] 7423 0.73 14.02 8324 (.56 22.96
SC2.PCR[Y] 99,28 0.39 8.68 97 .84 0.33 20.58
i} Deep learned
DGR [35] 772 1.64 33.10 9h.90 034 21.70
PointD&C [54] 98.92 0.38 B8.35 97 .84 0.33 20.32
MY U592 (.56 10.82 98.20 (.35 20.41

LG R AT
MEHTR, ERCHESS R 7,
MV 454 FPFHAT FCGF iR
FrE PRI s RS i1
SR (Lm0 0.36%).
AN, FANS = B IR RS
MARIAE Sy Atk . fER. =
N s A= S5t B SE G
—HEIE T MV B3 R e
AR UERRAA RN =T
) 5~ B HEPE RE
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Evaluation metrics. We follow [70)] and compute the =,..
and r,, metrics. Assume that the transformation estimation
matrix M; = (R;,t;) is obtained in the i-th iteration of
RANSAC, and the model point cloud P* is transformed
to obtain the point cloud P"*"*. Let p! be the point of

N\ :(Ri.'bi) B AR A i’\' kR F%f
ARANSACE ) RIEER RE.

P*, pi"®"* be the point of P'"*"* and the nearest neigh-
bor to the point in the point cloud P!. If the distance
d(pt, pimns) = ||p! — p!"@"#|| is less than the threshold d,...,
which is set to 2 pr, p!""* will be classified into the point set

The point cloud residual error £,.s and the point

i
Ptr‘ans
cloud overlap rate r,,, are defined as:

overlap”
d trans i
Pf_ru.n.-f.{:'zptrn.nx {pt , pt)

2 . overlap
B}' ﬁ— Cres = |Pi7*41ns | : {1?)

overlap

|Pir41ns |

EXERE r = (18)

When the residual is less than the threshold d,.. and the
overlap rate is greater than the threshold t,,.,14p, the trans-
formation estimation matrix M, is considered to satisfy the
condition and the iteration is stopped. Using this transfor-
mation matrix the model P* can be identified from the scene
Pt. Following [65], we let d,.., be 0.75 prand t,,.,14, be 0.04,
orlet d,.. be 1.5 prand {,,¢r1qp be 0.2.
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TABLE 17 TABLE 18
Object recognition results on Queen dataset (%). Object recognition results on U3OR dataset (%).
Method Angle  Bighird  Gnome Kid T Average Method Terex Chet  Chicken  parasaurolophus Average
EM [] - - - - . BL.90 RoPS [31] - - - - 98,90
VD-LSD(SQ) [+5] | $9.70 10000  70.50 8460 7180 83.80 e 22 it

(500 iterations] Spin image [66] | 3556 9200 6250 1000 58,51

Spin image [00] 263 51.16 18.42 36.59 9.52 24.14 RCS [7] 8889 G&00 97.92 B444 92.02
RolS [30] 341 3488 4474 1707 1190 2857 SHOT [42] 3556 8200 5208 4222 5372
RCS [+7] 63.16 7674 8654 8293 5714 74.38 Lgl_lfg}! 3??; :%% 15&?50 ;ggz ggﬁ
F - - X . . J

e A e - SpinimagesVV [ 6839 T 100007 " 7500 ~ " 5778 " 706 (17550

Spin image+} - - - 05 -69 (29.551) RCS+MV 9333 10000 9553 93.33 95.74 (3.721)
RolS+MV 60.53 7209 68.42 3854 738l 6749 (38.921) SHOT+MV 4000 9800 B6.67 ETRT) 63.30 (9.58%)
RCS+MV 92.11 BR.37 94.74 95.12 9286 9458 (20.207) FPFH+MV 6444 100,00 7292 #0.00 75.00 (8.511)

VOID+MV 94.74 B3.72 094.74 100,00 9524 97.04 (10.831) VOID+MWV 100.00 100,00 100.00 97.78 99.47 (1.071)

(NN} cheratiouse) ;lm}'m;:?"si 4667  9BO0D 6458 26.67 64.89
P y pin image [0 X J s . )

SP’E{:ITE“F‘:{ | 329% ‘313';.4; ;g;g ;‘Eg ﬁgg %gg RCS [7] 9333 100.00 9583 9111 95.21

- - - - . - SHOT [42 4444 B400 250 26,67 60.11
RCS [67] 6842 7907  B6BE  BTRD  69.05 79.31 FPFH 11 : |] 141 10000 6667 5111 66,49
VOID [55] 8421 8372 04.74 9024 Tl43 88.18 __ VOID[es] | 9778 10000 10000 9758 98.94
" Bpinimage+MV | 2368 T TE7I4T T 500D T B53Y T I2Es  56.65(29.56f1) | SpinimagesMV [ G88F T 100.00° T 7252 5778 75.53 T10.411)
RoPS+MV 63.16 7442 6842 6341  69.05 68.47 (35.471) Sﬁﬁgm 32452 :%-% ‘;ggg 3:;313 35633, E;ggH
1}C5+MV 92.11 B6.05 094.74 95.12 9524 9507 (15.761) FPFH+MV 60.00 lﬂﬂ:ﬂﬂ 7293 40,00 7304 (-;.':4513
VOID+MV 9211 7442 9474  100.00 9524  97.04 (8.867) VOIeMY | w778 00 10008 9778 e

(2(NND dterations) 2000 fterations)

Spin image [60] 5.26 51.16 23.68 4634 2619 3103 Spin image [¢6] | 5111 10000 5833 97.78 68.62
Rols [30] 50.00 51.16 0842 4146 2619 47.52 RCS [07] 100.00  100.00 93.75 97.78 97.87
RCS [+7] 71.05 83.72 8684 9512 69.05 8276 Ergg} 1lll f&f;]u *512*;:3 iggg ﬁ% g‘;-g

o ovOID[65] ] 9474 9524 10000 9756 7857 9307 VOID [55] 10000 10000 100.00 97.78 99.47
Spinimage+ MV | 2368 © “65.127 7 "50.00 © 7 B039" T 782 "S6.06 TS T - gpimaaNv [ AT T 10000 T 7708 T T T 5778 T T T T AISEST
RolS+MV 63.16 7209 71.05 7073 7381 T0.94(23.421) RCS+MV 100.00 9556  97.78 100.00 98.40 (0.531)
ROS+MV 92.11 7o.07 9474 10000 9286 9557 (12.8171) SHOT+MV 10000  51.11 48.89 77.08 70.21 (10.641)
VOID+MV 94.74 9524 100.00 100,00 9762  97.52 (4457) FFFH+MV 100.00 5556 62.22 70.83 7287 (4.251)
VOID+MV 10000 9778 100.00 100.00 99.47
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HEAHEE, 7‘ 500 X RANSAC &R TR S T 38.92%:;% 1500 >Ri&L TFIN
B 4F#Y VOID 88 7, 7 10.83%HIEF . T U3OR #3E& £, MV 7 500

RIEACHY spin BlfR E12& 7 17.55%, #& 2000 /AL_TJCE’J SHOT Bl L1 S
10.64%, IRERRE, MV ABRFNSLEN, EBENAROER
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