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Introduction

Point Cloud Registration (PCR) :The alignment of two 3D scans of the same scene

(1) Establishes feature correspondences

(2) Estimates the 3D rotation and translation that achieve optimal alignment of the common
parts.

RIgR = BCERNRE

Challenge : Due to the partial overlap or feature ambiguity, model estimation is prone to outliers
In the correspondences, leading to inaccurate or wrong alignment.
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Introduction - sampling process

Spatial Compatibility (SC) : A widely used similarity measure for boosting the robustness
and efficiency of the rigid transformation estimation.

SCij = ¢(dij), dij =| d(zi, z;) — d(yi, yj) |
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Advantage: Sampling from compatible correspondences increases the probability of getting inliers.

Disadvantaged: Such kind of first-order metric still suffers from outliers due to locality and ambiguity.

The outliers would be inevitably involved in the model estimation process, leading to performance
deterioration.
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Introduction - sampling process

Second-order spatial compatibility (SC2) measure: A new global measure of the similarity

between two correspondences.

(1) Binarize the spatial compatibility matrix into the hard form.

Cij={

(2) For two compatible correspondences, we compute the number of correspondences that
are simultaneously compatible with both of them as the new similarity between them.

L:di; < dype,

N
SC =Cij- > Cip- Ciy.
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The global compatibility matrix can better distinguish inliers from outliers.




Second-order spatial compatibility measure

The probability of ambiguity event : Reflect the robustness of a measure-based sampling method.

urrl(—"-f) ( ire,out = 11::1 zrl)

M is a specific metric for measuring correspondence-wise similarity
P(Z) is the probability of an event Z
M, outlS the similarity between an inlier and an outlier. M, ,, is the similarity between two inliers

we assume that d ;, ;,Is uniformly distributed over dy, , get the probability density function (PDF) of the
distance difference between two inliers as follows

. 0.02
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Second-order spatial compatibility measure

we analyze the ambiguity probability of SC2, P(SC%, ;> SC?%,;,). Suppose there are N pairs of
correspondences and the inlier ratio is a, The ambiguity probability of SC2 measure, P(SC2,, out> SC?,in).can

be written as follows:

(qcil f}!if } q(-*??l Hl) — I} P(X } (:\I x — ))"
X ~S(Na—1p+ (N(1—-a)-1)p* N1 - a)p?),
P = dthr fﬂ
Ambiguity Probability Comparison:
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Fig. 4. The probability of ambiguity event. SC is spatial consistency measure.
SC2-N (N = 5000, 2500, 1000) is the second-order spatial consistency measure
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Introduction - Model Selection

RANSAC: After generating some hypotheses, the inlier count (IC) is adopted as the metric for
selecting the best estimation among them.
N
IC, = Z["Rki?»; + e — il < 71,
=1
where N is the number of putative correspondences. (Xi, yi) is a pair of correspondence. [-] is the Iverson
bracket , Once Rk and tk are correctly estimated, the ICk should be close to the number of inliers.

The drawback of the IC metric is the dependence on putative correspondences and the lack of global alignment
information . We expect to introduce the Chamfer distance (CD) metric to address the issue of IC metric.

N
CDy = Z min |Rrxi + e — y;l-

i€

IC: 89 CD: 1314.1m IC: 75 CD: 1412.0m
Inlier rate: 0.027 inlier number: 77 TCD: 692 FS-TCD:180 TCD: 634 FS-TCD:282
(a) putative correspondences (b) wrong model (¢) correct model




FS-TCD Feature and Spatial consistency constrained Truncated Chamfer Distance metric

First reformulate the CD metric as a truncated form (TCD) :

J:\‘r

TCDy = ) [(mi

n ||Rez: + te — y5]|) < 1l
1 Y eV

In TCD, when Rk and tk are incorrectly estimated, it is still possible that the alignment area is
miscounted because some points are incorrectly aligned together by chance. To suppress this
situation, we introduce two constraints on the TCD. To build the F-TCD as follows:

N
F-TCD;, = Z[(I}I‘ilill |Rex: + te — y;|) < 7l

FS-TCD metric : Integrate the spatial consistency constraint into F-TCD




The pipeline of SC2-PCR++

2. Model Generation
N O Correspondence-wise Reliable Seeds Two-stage Local Spectral
(One-to-()ne Camespendences Similarity SC* Selection l l Samplix;ggL l ' MatcEing ]
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3. Model Selection

Fig. 6. Pipeline of our method. The input is the source and target points with extracted features. The proposed method rebuilds the model generation and model
selection process of the classic RANSAC.
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Reliable Seed Selection

We perform the spectral matching technigque to select seed points and accelerate the registration process.

Reliable Seeds
Selection
; S b

(1)We first build the similarity matrix for all of the
correspondences and normalize the value in the matrix to O-1.

(2) Then, the association of each correspondence with the
leading eigenvector is adopted as the confidence for this
correspondence. The leading eigenvector is solved by the
power iteration algorithm

UTLEX

*

r* = argmazx(xT Mzx)

The overall algorithm can be summarized as follows:

L.

1

Build the symmetric non-negative n x n matrix M as
described in Section 2.

Let ™ be the principal eigenvector of M. Initialize the
solution vector x with the n x 1 zero vector. Initialize
L with the set of all candidate assignments.

Find a* = argmaz,cr(z*(a)). If 2*(a*) = 0 stop
and return the solution x. Otherwise set x(a™) — 1
and remove a” from L.

Remove from L all potential assignments in conflict
with a® = (z,¢'). These are assignments ot the form
(i, k) and (g,7") for one-to-one correspondence con-
straints (they will be of the form (4, k) for one-to-many
constraints).

If L 1s empty return the solution . Otherwise go back
to step 3.




Two-stage Consensus Set Sampling

As some seed points are selected, we extend each of them into a consensus set.
= B F

™ 207\

T = W)

W 2

548

In the first stage, we select K1 correspondences for each seed by finding its top-K1 neighbors in the
SC? measure space. The ambiguity probability P(SC? ., > SC?,,;,) is very small. when a seed is
an inlier correspondence, the consensus set also mainly contains inliers.

In the second stage of the sampling operation is adopted to further filter potential outliers in the set

obtained in the first stage.
The SC2 matrices are reconstructed within each set produced by the first stage instead of the whole

set. We select top-K2 (K2 < K1) correspondences of the seed by the newly constructed local SC2
matrices.
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Local Spectral Matching

In this step, we perform the weighted SVD on the consensus set to generate an estimation of rigid
transformation for each seed.

s ENf (SVD) @ BEERREAMNEEME/N. EEEN 3D TERMNHERSERT, AX3NNE
PSR iER RAEFEE E /Y fh M.

In order to facilitate matrix analysis, we convert the SC2 measure into soft form (SC™ 2) as follows:
SC?2=C-(CxO),
Cij = ReLU(1 — d2 /d%,,), (1 <i < Ko, 1 < j < K)

Then we conduct local spectral decomposition on the adjacent matrix of the local graph, i.e., SC™ 2,

to obtain a weight wi for correspondence 1. ; :
Local Spectral
—_— "
Matching
local 5C2 measure[:, torch.arange(local SC2 measure.shape[l]), torch.arange(local SC2 measure.shape[1])] = @
total_weight = self.cal_leading_eigenvector(local 5C2 measure, method='power')
total_weight = total weipht.wview([bs, -1, k2]) E:>
total weight = total weight / (torch.sum(total weight, dim=-1, keepdim=True) + le-&)
P (Ron
L]
L]
L ]
R (£,
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Experiment

Datasets

Indoor Scenes: Use the 3DMatch benchmark for evaluating the performance on indoor scenes.
Outdoor Scenes: The KITTI dataset is composed of 11 outdoor driving scenarios of point clouds.
Multi-Way Registration Dataset: Use the Augmented ICL_NUIM dataset for testing the performance.

Evaluation Criteria : registration recall (RR) under an error threshold . For a pair of point clouds to be
aligned, calculate the errors of translation and rotation estimation separately.

trace(R™'R) — 1
2

RE = acos ( ) ,TE = ||t — t]|2.




Evaluation on Indoor Scenes

TABLE I
QUANTITATIVE RESULTS ON 3DMATCH DATASET. THE METRIC WITH T MEANS THAT HIGHER IS BETTER, WHILE A | MEANS THE OPPOSITE. METHODS WITH *
ARE CORRESPONDENCE-FREE METHODS

FPFH (traditional descriptor) FCGF (learning-based descriptor)

RR(%) T RE(deg) | TE(cm) | IP(%)T IR(%)1 F1(%) 1|RR(%) 1t RE(deg) | TE(cm) | IP(%)t IR(%)T F1(%) 1| Time (s)
DCP* [78] - - - - - - 322 8.42 21.40 - - - 0.07
PointNetLK* [77] - - - - - - 1.61 8.04 21.30 - - - 0.12
OM-Net* [83] - - - - - - 35.90 4.16 10.50 - - - 0.08
RegTR* [84] - - - - - - 92.00 1.57 4.90 - - - 0.18
3DRegNet [19] 26.31 3.75 9.60 2821 890 1163 | 77.76 2.74 8.13 67.34 5628  58.33 0.05
DGR [20] 32.84 2.45 7.53 2951 16.78  21.35 | 88.85 2.28 7.02 68.51 7992 73.15 1.53
DHVR [11] 67.10 2.78 7.84 60.19 6490 62.11 | 91.93 2.25 7.08 80.20 7815 7898 3.92
PointDSC [9] 77.57 2.03 6.38 68.45 7156 69.75 | 92.85 2.08 6.51 7891 86.23 8212 0.10
SM [66] 55.88 294 8.15 4796 70.69  50.70 86.57 2.29 7.07 81.44 3836 48.21 0.03
ICP* [13] 5.79 7.93 17.59 - - - 5.79 7.93 17.59 - - - 0.25
FGR [67] 40.91 4.96 10.25 6.84 3890 11.23 | 7893 2.90 8.41 2563 5390 3358 0.89
TEASER [92] 75.48 2.48 7.31 73.01 6263 6693 | 8577 2.73 8.66 8243 68.08 7396 0.07
GC-RANSAC [52]| 67.65 2.33 6.87 4855 69.38  56.78 | 92.05 2.33 711 64.46 9339  75.69 0.55
RANSAC-1IM [8] | 64.20 4.05 1135 6396 5790 60.13 | 8842 3.05 9.42 7796 7986  78.55 0.97
RANSAC-2M [8] | 65.25 4.07 1156 6441 58.37  60.5] 90.88 2.71 8.31 78.52 8352 80.68 1.63
RANSAC-4M [8] | 66.10 3.95 11.03 6427 5910 61.02 | 91.44 2.69 8.38 78.88 8388 81.04 2.86
CG-SAC [10] 78.00 2.40 6.89 68.07 6732 6752 | 87.52 242 7.66 7532 8461 7990 0.27
SC-PCR [21] 83.98 2.18 6.56 7248 7833 7510 | 93.28 2.08 6.55 7894 8639  82.20 0.11
SC2-PCR++ 87.18 2.10 6.64 7649 81.72 78.82 | 9415 2.04 6.50 80.57 87.69  83.71 0.28

Combined With FPFH: The SC2-PCR greatly outperforms all of the other methods.
Compared with the SC2-PCR, SC2-PCR++ further achieves a significant performance improvement.

Combined With FCGF: SC2-PCR++ still achieves the best performance over all the methods, with
2.71% improvement over RANSAC on registration recall.
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Evaluation on Indoor Scenes

Qualitative results on 3DLoMatch dataset

PointDSC

R

| )

! } Do PIIEE 3
L

Fig. 7. Qualitative comparison on 3DMatch and 3DLoMatch dataset. From
left to right are: FGR [67], RANSAC [8], PointDSC [9] and Ours.

SC2-PCR++ can successfully align two point clouds where the low overlap ratio is clearly visible




Evaluation on Outdoor Scenes

TABLE 111
QUANTITATIVE RESULTS ON KITTI DATASET

FPFH (traditional descriptor)
RRt RE|L TEJ IPT IRt F1T | Time(s)

DHVR [11] = = = - = = =
DGR [20] 7712 164 3310 7839 5412 6215 | 229
PointDSC [9] | 98.20 0.35 813 92.85 93.87 93.11 0.45
FGR [67] 523 0.86 43.84 493 005 010 3.88
RANSAC [8] | 7441 1.55 30.20 78.50 5266 60.72| 543
CG-SAC[10] | 7423 073 14.02 7864 6082 67.11 | 073
SC2-PCR[21] | 99.64 0.32 723 9363 9589 9463 | 031
SCZ-PCR++ | 99.64 032 719 9407 96.19 95.00 0.86
FCGF (learning based descriptor)
RRT RE| TE| IPT IRT FI1 | Time(s)
DHVR [11] | 99.10 0.29 19.80 - - - 0.83
DGR [20] 98.20 034 21.70 Y219 78.06 7513 2.29
PointDSC [9] | 98.02 0.33 21.03 82.00 90.84 8583 | 045
FGR [67] 89.54 046 2572 9513 425 818 3.88
RANSAC [8] | 98.02 039 2317 81.89 9036 8552 | 543
CG-SACT10] | 97.8¢ 037 2291 8185 90.84 8574 | 073
SC?-PCR [21] | 98.20 0.33 2095 8201 91.03 8590 | 031
SC®-PCR++ | 9856 032 20.61 8217 9123 86.09 | 0.86

The SC2-PCR and SC2-PCR++ with FPFH descriptor obtain the results with the highest registration
recall and lowest error of rotation and translation.
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Multi-Way Registration

TABLE IV
ABSOLUTE TRAJECTORY ERROR (ATE, CM) ON THE 4 SCENES OF AUGMENTED
ICL-NUIM DATASET WITH SIMULATED DEPTH NOISES. THE AVERAGE ATE
OVER ALL THE SCENES IS REPORTED IN THE LAST COLUMN. (LOWER IS
BETTER.)

Livingl Living2 Officel Office2 AVG

ElasticFusion 66.61 2433 13.04  35.02 3475

InfiniTAM 46.07 73.64 1138 1052 85.68
BAD-SLAM fail 40.41 1853  26.34 -

Multiway + DGR 21.06 21.88 15.76 1156 17.57

Multiway + PointDSC 20.25 1558 1356 11.30 15.18
Multiway + DHVR 2291 1637 1258 1090 15.69
Multiway+ FGR 7897 2491 1496  21.05 3498
Multiway + RANSAC 110.9 19.33 1442 1731 4049
Multiway + SC?-PCR 18.68 14.31 1463 1195 1490
Multiway + SC2-PCR++ | 17.56 1437  13.24 949 13.67

SC2-PCR and SC2-PCR++ achieve great performance among all the methods.
The SC2-PCR++ achieves the best performance on the Livingl and Office2 scenes
and the lowest average ATE over the four test scenes
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Generalization and Robustness

Generalization Experiments

TABLE V
GENERALIZATION RESULTS. THE REGISTRATION RECALL (%) ON 3DMATCH,
3DLOMATCH AND KITTI DATASETS ARE REPORTED

3DMatch 3DLoMatch KITTI
FPFH FCGF | FCGF Predator | FPFH FCGF
DGR 4948 81.89 | 23.75 45.03 73.69 86.12
PointDSC | 68.12 87.74 | 40.65 53.79 90.27 9297
SC2-PCR 83.98 9328 | 57.83 69.46 99.64 98.20
SC2-PCR++ | 87.18 94.15 | 61.15 71.59 9964 98.56

SC,-PCR++ show significant improvements in registration recall without the generalization problem.
This further demonstrates the effectiveness of our method.




Generalization and Robustness

Robustness to Noises

EDGR mICP =mFGR "RANSAC mPointDSC mSC2-PCR mSC2-PCR++ EDGR mICP mFGR = RANSAC mPointDSC mSC2-PCRE mSC2-PCR++
100 100
80 80
g 60 g 60
T T
D 40 o 40
x o
20 II 20
0 0 - l.II

<1 1~2 2~4 4~6 6~10 =10 <0.2 0.2~0.5 0.5~1 1~-2 2~5 >5
inlier rate (%) inlier rate (%)
(a) 3DMatch (b) 3DLoMatch

Fig. 8. The registration recall under the different inlier ratio of the putative correspondences.

When the inlier rate is less than 2%, SC2-PCR++ is significantly better than other baselines.
When the inlier rate is 0.5% - 1%, the success rate of most methods is extremely low, while SC2-
PCR++ significantly improves the success rate.
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Robustness to Parameters

The SC2-PCR adopts a two-stage sampling strategy. It finds K1 instances for each seed in the first
stage, and remains K2(K2 < K1) samples for model estimation in the second stage.

4.2 278 hl.2 71.7
—~94.071 187.4r . fii'].R: 716t
< - 60.4
= 87.0F p - .
2938 - | 171.5¢
&, \ 60.0 _

"0.00H 1 h ]
L.-}.zﬁ ¥ . 5{}-{1 i | ?]. "I' I

Ki10 20 30 40 50 60 70 80 KiI0 20 30 40 50 60 70 80 KiI0 20 30 40 50 60 70 80 K,10 20 30 40 30 60 70 80
K:5 10 20 30 40 50 60 70 K5 10 20 30 40 350 60 70 K25 10 20 30 40 350 60 70 K5 10 20 30 40 30 60 70
(a) 3DMatch with FCGF (b) 3DMatch with FPFH (c) 3DLoMatch with FCGF  (d) 3DLoMatch with Predator

10. Experiments results for the analysis of the sampling parameters.

On the whole, the results with (K1, K2) being (30, 20) are the best,
Changing parameters does not have a great impact on registration recall, which can also
demonstrate the robustness of SC2-PCR++.
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Combined With Learning Network

It can be seen that adding SC2-PCR++ can significantly boost the performance of the network,

TABLE VII
THE REGISTRATION RECALL OF COMBINING SC? MEASURE AND FS-TCD
METRIC WITH LEARNING BASED NETWORK

3DMatch 3DLoMatch KITTI

FPFH FCGF | FCGF Predator | FPFH FCGF
Known
PointDSC 7757 9285 [ 56.09 68.89 [ 9820 98.02
+SC2 83.24 93.10 | 57.05  69.04 | 99.10 98.02
+FS-TCD 8152 9360 | 57.72 7030 | 9838 98.20
+SC2+FS-TCD | 86.20 93.78 | 60.13  70.63 | 99.46 98.92
Generalization

PointDSC 68.12 87.74 [ 40.65 5379 [ 90.27 9297
+SC? 7412 8959 | 4481  56.71 97.48 98.02
+FS-TCD 7314 89.16 | 4537 5768 | 95.14 97.84
+SC2+FS-TCD | 78.68 90.70 | 45.82  58.06 | 98.56 98.20

especially for the generalization performance of the network.
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Ablation Study

TABLE VIII
ABLATION STUDY ON 3DMATCH DATASET. SC: SPATIAL COMPATIBILITY MEASURE. SC?: SECOND-ORDER SPATIAL COMPATIBILITY MEASURE. TS: TWO-STAGE
SELECTION FOR CONSENSUS SET SAMPLING. LSM LOCAL SPECTRAL MATCHING. SEED: USING SEED POINTS TO REDUCE THE NUMBER OF SAMPLING. TCD:
TRUNCATED CHAMFER DISTANCE. F-TCD: FEATURE-CONSTRAINED TRUNCATED CHAMFER DISTANCE. FS-TCD: FEATURE AND SPATIAL CONSISTENCY
CONSTRAINED TRUNCATED CHAMFER DISTANCE

SC SCZ TS LSM Seed TCD F-TCD FSTCD | RR(%)T RE(deg) ! TE(cm)l IP(%)T IR(%)T FI(%) Time(s)

i) 66.10 3.95 1103 6427 5910 61.02 286

2) | v 71.56 2.07 6.48 6822 7011 6873 027

3) v 80.89 234 6.92 7156 7714 7327 031

o 4) v Y 82.85 232 6.69 7268 7801 7499 033
= 5) v Y 84.10 213 6.56 7311 7910 7589 037
= 6 o v v 83.98 218 6.56 7248 7833 7510  0.11
7) v v v 73.76 1.70 5.93 8695 2290 3514 157

8) o v v v 86.88 2.14 6.69 75.84 8099 78.14  0.28

9) v v v 87.18 2.10 6.64 7649 8172 78.82  0.28
10) 91.44 769 8.38 7888 8388 B8l.04 286
1) | v 87.52 2.42 7.66 76.19 8321 80.05 027
12) v 93.10 216 6.76 7781 8553 8121  0.31

= 13) v v 93.22 2.10 6.88 78.80 8647 8216  0.33
o 14) v Y 93.28 2.08 6.56 7910 86.89 8241 (.37
= 15) v v Y 93.28 2.08 6.55 7894 8639 8220  0.11
16) v v v v 86.96 1.78 6.33 9511 4551 60.03  1.57
17) v v vV v 93.72 2.02 6.48 80.24 8734 8337  0.28
18) v v v v 94.15 2.04 6.50 8057 8769 8371  0.28




Ablation Study

Second-Order Spatial Compatibility: As shown in Row 1, 3, and 10, 12 of Table VIII, the registration
recall obtained by using SC2 measure as guidance is 14.79% higher than RANSAC when combined
with FPFH, and 1.66% higher when combined with FCGF.

Two-Stage Selection: Comparing Row 3, 4, and 12, 13 in Table VIII, using two-stage selection
achieves a recall improvement of 1.96% when combined with FPFH, and 0.12% improvement when
combined with FCGF.

Local Spectral Matching: Comparing Row 4, 5, and 13, 14 in Table VIII, using local spectral matching
can boost the performance, especially for the mean rotation and translation error.

Seed Selection: Row 5, 6, and 14, 15 of Table VIII shows that Seed Selection can reduce registration
time by more than half without much performance degradation .

Hypothesis Selection Strategies: Comparing Row 6, 8 and 15, 17, we can find that F-TCD achieves
2.90% and 0.44% improvement of RR when combined with FPFH and FCGF descriptors respectively.




Conclusion

(1) Extensive experiments demonstrate that SC2-PCR++ achieves state-of-
the-art performance and high efficiency.

(2) The proposed SC2 and FS-TCD are flexible measures, which can be
combined with learning networks to further boost their performance.
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