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ABSTRACT In solving a model fitting problem, the existence of outliers in the set of measurements can have
a devastating effect on the solution accuracy. Traditionally, in order to overcome this problem, robust point
cloud registration algorithms are composed of transformation hypothesis generation, followed by hypothesis
evaluation aimed at selecting the best hypothesized estimate. Hypotheses evaluation is commonly performed
using the sample consensus criterion. However, since this criterion accounts only for the consensus size, it
fails when the maximal sample consensus is incorrect. We propose a new hypothesis evaluation approach,
generalizing the sample consensus approach, where instead of the sample consensus, the transformation that
maximizes the point clouds feature correlation is selected as the best hypothesis. The feature vector at each
point contains information such as on local geometry and semantic context. Utilizing this information in
the hypotheses evaluation and selection procedure allows for a correct decision even when the hypothesis
yielding the maximal sample consensus is false. Consequently, the probability of selecting the correct model
increases. We show both mathematically and empirically that substituting the sample consensus criterion
with the proposed point cloud feature correlation hypothesis test (PC-FCHT) lowers the probability of
large registration errors, compared to using the special case of sample consensus. The proposed PC-FCHT
is applicable to any algorithm that follows the hypothesis generation and evaluation scheme, potentially
improving the success rates of a wide family of point cloud registration algorithms.

INDEX TERMS Hypothesis evaluation, point clouds, registration, robust estimation.

I. INTRODUCTION
Registration of point cloud measurements of 3D objects has
been an active research subject with a vast range of appli-
cations in computer vision, robotics, autonomous navigation,
and more. A point cloud P is a finite set of points in R3. In
many applications, these points are samples from a physical
object, O ⊂ R3 (we may think of it as a surface in 3D).
Viewing point clouds as sets of samples, the registration prob-
lem may be formulated as follows: Let O ⊂ R3 be a 3D
object. Let P and Q be two differently sampled, partially
overlapping point cloud observations on O related by an un-
known rigid transformation T0 ∈ SE(3) such that P ⊂ O is
a sampled observation on O and Q ⊂ T0(O) is a different
sampled observation on the object after it has undergone a
rigid transformation T0.

When there is no assumption on the initial pose of the mod-
els undergoing registration, the most common approach for

point cloud registration is the process of matching key points
using local geometric features (e.g., [1], [2], [3], [4], [5], [6],
[7], [8]), followed by a robust registration algorithm to obtain
an approximate alignment (e.g., Random Sample Consensus
(RANSAC) [9], TEASER++ [10], Spectral Matching [11],
Fast Global Registration [12], Deep Global Registration [13],
PointDSC [14], SC2-PCR [15], and SACF-Net [16]). Once
an approximate alignment is obtained, local optimization is
usually performed (e.g., [17], [18]).

The robust registration step is essential since the existence
of outliers in the available measurements results in large es-
timation errors. In order to mitigate the devastating effect
of the existence of high rates of outliers in the available
measurements, robust registration algorithms are designed in
accordance with the hypotheses generation and evaluation
framework (e.g. [9], [14], [15], [19]): First, multiple hypothe-
ses of the estimated transformation are generated, followed by
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evaluation of the hypotheses and selection of the best fitting
hypothesis.

The most common approach for hypothesis generation and
evaluation is the Random Sample Consensus (RANSAC) al-
gorithm [9]. In RANSAC, a high number of hypotheses is
generated by randomly selecting minimal sets of matches to
estimate the transformation. Hypothesis evaluation is then
performed by maximizing the sample consensus (i.e., the
number of estimated inliers). Given two point clouds, P,Q ⊂
R3 related by a rigid transformation and a set of hypothesized
transformations relating them T = {T̂i}N

i=1, the sample con-
sensus decision is defined by

T̂SC = argmax
T ∈T

|{(p, q) ∈ P × Q| ‖T (q) − p‖ < ε}| (1)

where ε is a parameter determined by the expected accuracy
requirement.

Using this approach, significant progress has been achieved
in recent years, mainly by improving the quality of local
feature descriptors using deep learning [4], [5], [6], [7], [8]).
The foregoing hypothesis generation and evaluation steps can
be identified in other approaches as well. In Super4PCS [19]
for example, hypotheses are generated by matching sets of
four co-planar congruent points to obtain transformation esti-
mates, and then, similarly to RANSAC, hypotheses are tested
by the size of the consensus set. More recently, deep learn-
ing methods for point cloud registration have been proposed
(e.g., [13], [14], [20], [21]). PointDSC [14], for example,
follows the same pattern where multiple hypotheses are gen-
erated using spatial consistency and spectral matching blocks.
Then, the best hypothesis is selected based on the size of
the corresponding consensus set. SC2-PCR [15] follows the
same pattern, choosing the best hypothesis using the sam-
ple consensus criterion. SC2-PCR++ [22], on the other hand
improves the hypothesis selection using feature and spatial
consistency constrained truncated Chamfer distance. Using
the consensus set size to choose from multiple hypotheses
is a common practice and seems to achieve good results in
most cases. However, in some cases, such as in the presence
of small overlap or repeating patterns, the sample consensus
rule is too naive to correctly discriminate between correct and
false hypotheses. This is because in these challenging cases,
the consensus size associated with the correct hypothesis is
not necessarily, the largest (See, Fig. 1 for examples). A major
drawback of any sample consensus approach is that regardless
of the algorithm’s ability to generate accurate hypotheses, if a
false hypothesis achieves higher sample consensus than the
correct hypothesis, the latter cannot be detected. This, in turn
results in overall accuracy and robustness loss, as shown in
Section IV.

Thus, we propose that instead of making a decision based
solely on Euclidean distances between the assumed matching
points (1), a correlation criterion that correlates the geometric
and contextual properties of the entire point clouds is to be
preferred as it allows to make the correct decision even when

FIGURE 1. Sample consensus failure cases (Top) compared to successful
PC-FCHT (Bottom). It can be seen in the top row that a false solution was
generated, with maximal but false sample consensus. In (a), the false
solution seems geometrically coherent. Only by utilizing dense features
through the PC-FCHT, the correct solution was obtained. In (b), it can be
seen that there is only a small overlap between the scans, increasing the
probability of a false solution with the largest sample consensus.

the hypothesis that results in the largest sample consensus is
false.

The proposed point clouds feature correlation aggregates
the inner product of geometric features between point clouds
after applying the hypothesized transformation, weighted by
the distance between the points. This operation allows for the
incorporation of important discriminative information such as
local geometry, surface normals, and even semantic context
into the hypotheses evaluation. It therefore enables a correct
decision even when the consensus size associated with the cor-
rect hypothesis is not maximal, which results in an increased
probability of making a correct decision. As shown in the
experimental part (see, Section IV), the proposed hypothe-
sis evaluation method can be easily integrated into existing
methods, replacing the common consensus size criterion, thus
resulting in increased robustness and accuracy.

The rest of the paper is structured as follows. In Section II
we present the proposed algorithm for hypothesis evaluation.
Section III provides formal analysis of the proposed method.
In Section IV we present the results of the performed experi-
ments. Finally, in Section V we discuss our conclusions.

II. HYPOTHESIS EVALUATION USING POINT CLOUDS
FEATURE CORRELATION
The goal of the proposed Point Clouds Feature Correlation
Hypothesis Testing (PC-FCHT) is to determine the best trans-
formation estimate given a set of noisy estimates {T̂i}N

i=1 ∈
SE (3).

Let F : R3 → RD be a function, invariant to rigid transfor-
mations, such that it assigns each point in the point cloud a
D-dimensional vector. Implementing this function by learned
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feature vectors such as D3Feat [7], FCGF [4] or the features
proposed in [23], we encapsulate into the vectors global and
local contextual information. Define the feature correlation
between two point clouds P ⊂ R3 and Q ⊂ R3, as function
of an arbitrary transformation T ∈ SE (3), using features ex-
tracted by F : R3 → RD, as follows:

(P ∗ Q) (T ) =
∑
p∈P

k
(
F (p), F

(
T −1(Q)

))
(2)

where k is a weighted correlation function of a single point,
defined by

k(F (p), F (Q)) =
∑
q∈Q

wσ (‖p − q‖)F (p)T F (q) (3)

wσ : R+ → [0, 1] is a weight function, inversely related to
the distance between given points. In [24], the correlation op-
erator (2) is employed as the reward function to be maximized
in a local registration framework over the SE (3) manifold,
where the goal is to refine an approximate initial transforma-
tion estimate. In the current framework, inspired by classic
matched filtering (and matched manifold) detection, (2) is
employed to decide on the best hypothesis among a set of
hypothesized transformations in a global registration frame-
work.

More specifically, in the proposed method (2) is used to
measure the quality of transformation estimates, where the
goal is to find the transformation T̂0 that maximizes (2), in-
stead of the commonly employed consensus size criterion (1).
Let T = {T̂i}N

i=1 be a set of hypothesis estimates. The estimate
of the underlying transformation T0 using (2) is given by

T̂0 = argmax
T ∈T

(P ∗ Q) (T ) (4)

The solution to (4) defines the proposed PC-FCHT.
In the presence of false consensus sets, this approach

provides better robustness and accuracy than the standard con-
sensus size criterion. Moreover, the consensus size criterion
is shown in Section III to be a special case of the proposed
solution, when information regarding the feature vectors as-
sociated with the matching points is discarded.

A. INCREASING ROBUSTNESS
In general, the hypotheses generation step creates a finite set
of, yet unrefined, hypotheses. Thus in practice, elements in
T do not necessarily fully maximize (2). This, in turn, can
lead to (4) choosing a false hypothesis. Thus, to ensure, at
a reasonable computational cost, that the chosen hypothesis
actually maximizes (2), a second step is performed in order
to eliminate false maxima: Instead of simply selecting the
hypothesis that maximizes (2), as defined in (4), the K best
hypotheses are selected to initialize a second optimization
step, where the point clouds correlation is maximized in the
proximity of each of the selected estimates using the 3D
matched manifold detector over SE (3), derived in [24].

More specifically, the local optimization procedure given
by

T̂ opt = argmax
T ∈SE(3)

{(P ∗ Q)(T )} (5)

is repeated for each one of the K best hypotheses, where
the hypothesis is employed for initializing the search. The
hypothesis achieving the maximal correlation among the K
hypotheses after employing (5) is the chosen hypothesis.
Thus, let TK ⊂ T be the set of K hypotheses achieving
the highest scores in terms of (2). In addition, denote the
optimized hypotheses set as T opt

K = {T̂ opt
i }K

i=1, obtained by
employing (5) on the estimates in TK . The estimate of the
underlying transformation T0, given T , is

T̂0 = argmax
T ∈T opt

K

{(P ∗ Q)(T )} (6)

This step concludes the proposed feature correlation hypothe-
sis testing (PC-FCHT) method.

III. FORMAL ANALYSIS
In the following, a formal analysis of the PC-FCHT is pre-
sented.

A. A SUFFICIENT CONDITION FOR OBTAINING A CORRECT
DECISION USING THE PC-FCHT
Proposition 1: Let P,Q ⊂ R3 be two partially overlapping
point clouds, related by a rigid transformation T0. Denote
the overlapping subsets as PO ⊂ P and QO ⊂ Q. Assume
that each point in PO has a corresponding point in QO, i.e.,
∀p ∈ PO, ∃q ∈ QO s.t. q = T0(p). In addition, let F : R3 →
RD be a dense, normalized, feature extracting function, in-
variant to rigid transformations. Let C = P × Q be the set of
all possible correspondences between P and Q. In addition,
let C0 = {(p, q) ∈ C | q = T0(p)} be the correct consensus set
found using the ground truth transformation and let C1 =
{(p, q) ∈ C | q = T1(p)} be a false consensus set. A decision
between T0 and T1 is correct if (P ∗ Q)(T0) > (P ∗ Q)(T1).

Then, a sufficient condition that guarantees a correct
decision between T0 and T1, using (4), is that |C0| >

|C1| max(p,q)∈C1 F (p)T F (q).
Proof: For simplicity, assume that wσ (x) = 10(x). Then,

(P ∗ Q)(T0) =
∑
p∈P

∑
q∈Q

10
(∥∥p − T −1

0 (q)
∥∥)

F (p)T F (q) (7)

From the definitions of wσ and C0, (7) is equivalent to

(P ∗ Q)(T0) =
∑

(p,q)∈C0

F (p)T F (q) (8)

Similarly,

(P ∗ Q) (T1) =
∑

(p,q)∈C1

F (p)T F (q) (9)

VOLUME 5, 2024 41



EFRAIM AND FRANCOS: ON MINIMIZING THE PROBABILITY OF LARGE ERRORS IN ROBUST POINT CLOUD REGISTRATION

Because F is invariant to rigid transformations, F (p) = F (q)
∀(p, q) ∈ C0, and thus since the feature vectors are normal-
ized ∑

(p,q)∈C0

F (p)T F (q) =
∑

(p,q)∈C0

||F (p)||2 = |C0| (10)

However, the same does not hold for C1 in general, and thus∑
(p,q)∈C1

F (p)T F (q) ≤ max
(p,q)∈C1

F (p)T F (q)|C1| (11)

�
Corollary 1: The decision rule (4) enables a correct de-

cision even when |C0| < |C1|, depending on the extracted
features and the ratio of the sizes of the consensus sets.

Proof: The corollary is a direct result of Proposition 1
and the fact that non matching points have different features,
i.e., max(p,q)∈C1 F (p)T F (q) ≤ 1. Clearly, the feasibility of
this condition depends on the features’ capability to discern
different geometric features. �

Remark: Following Proposition 1, it is concluded that in
the case where geometric features are not utilized (i.e., as-
signing a constant “feature” value to all points), the proposed
correlation criterion is reduced to the simple consensus size
criterion, where a correct decision is obtained only when
|C0| > |C1|.

In the proof of Proposition 1, a simplifying assumption
was made, i.e., the existence of corresponding sampled points
in both point clouds: ∀p ∈ PO, ∃q ∈ QO s.t. q = T0(p). This
assumption is not practical, as different scans of the same
object will result in different sampling patterns. However, this
assumption can be relaxed, as described next.

Proposition 2: Assume each point in PO has an ap-
proximate corresponding point, such that ∀p ∈ PO, ∃q ∈
QO s.t.‖p − T0(q)‖ < ε. Let now

C0 = {(p, q) ∈ C | ‖q − T0(p)‖ < ε}
C1 = {(p, q) ∈ C | ‖q − T1(p)‖ < ε} .

Then, a sufficient condition for a correct decision is

|C0| > |C1|max(p,q)∈C1 F (p)T F (q)

min(p,q)∈C0 F (p)T F (q)
(12)

Proof: The proof follows from the proof of Proposition 1,
while changing wσ to wσ (x) = 1[0,ε). Re-evaluating (8)∑

(p,q)∈C0

F (p)T F (q) ≥ min
(p,q)∈C0

F (p)T F (q)|C0|. (13)

Using (11), we conclude that a sufficient condition for making
a correct decision using (4) such that (P ∗ Q)(T0) > (P ∗
Q)(T1) is that

min
(p,q)∈C0

F (p)T F (q)|C0| > max
(p,q)∈C1

F (p)T F (q)|C1| (14)

�

B. PROBABILISTIC EVALUATION
In the following, we provide a probabilistic analysis of the hy-
potheses generation and evaluation procedure. The probability
space is defined, followed by a derivation of the conditions
required for an algorithm to produce a correct estimate. Then,
it is shown that the PC-FCHT has a higher probability of
providing a correct estimate, relative to the sample consen-
sus criterion. Since each registration problem and algorithm
have their own unique properties, the discussion is limited
to a specific registration problem, using a specific hypotheses
generation algorithm, such that the provided analysis results in
the evaluation of different hypotheses evaluation tools, given
the same set of hypotheses as an input.

Consider a specific registration algorithm that generates N
hypotheses, in a specific registration problem. For example,
in RANSAC N hypotheses are generated by randomly sam-
pling N triplets of putative matches. Then, from each triplet,
a transformation is estimated, resulting in N transformation
hypotheses. In Super4PCS N hypotheses are generated by
randomly identifying co-planar sets of four points in one point
cloud, followed by finding congruent sets of four co-planar
points in the other, and estimating transformations between
matching sets of four points. In PointDSC hypotheses are
generated by selecting N seeds in the latent space to create
N sets of putative matches. From each set, a transformation
is estimated using spectral matching. Therefore, the sample
set in the probabilistic analysis of such algorithms is the set
of all possible outputs of the algorithm, given a registration
problem, as described next.

Let �TN be the sample set of hypothesis estimates of some
registration algorithm, generating N hypotheses for a specific
registration problem. Each element in �TN is a set of N
transformation estimates, describing a possible outcome of
performing the hypotheses generation step. Each execution
of the hypotheses generation step is therefore equivalent to
randomly sampling an element from �TN .

Let FTN denote the event space. The triplet (�TN ,FTN , P)
defines the probability space of a given registration problem,
using a given registration algorithm. In the present context,
a registration algorithm is characterized by the probability of
both generating a set of N hypotheses containing at least one
correct hypothesis, and choosing that hypothesis correctly in
the hypothesis evaluation step.

In practice, a correct hypothesis can be defined as any hy-
pothesis that is less than a threshold away from the unknown
underlying transformation. Let d : SE(3) × SE(3) → R+ be
a distance function defined on SE(3), and α a threshold value,
determined by the accuracy requirements of the registration
problem being solved. Following these definitions, the subset
of outcomes that include a correct estimate is given by

K =
{
T ∈ FTN

∣∣min
T ∈T

(d (T, T0)) < α

}
⊆ FTN (15)

where T0 is the unknown, underlying transformation. As-
suming that the hypothesis evaluation is always correct, the
probability of a correct estimation is given by the probability
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of sampling a set of hypotheses from K. Since each element
in K is an atom of �TN

P(K) =
∑
T ∈K

P(T ). (16)

However, the hypothesis evaluation is not always cor-
rect. Therefore, in the following, a generalized probabilistic
framework for evaluating registration algorithms is derived,
including both the hypothesis generation and evaluation steps.
Then, using this framework it is shown that employing the
PC-FCHT yields a higher probability of obtaining a correct
estimate than the sample consensus:

Let S : SE(3) → R be a hypothesis evaluation function
(e.g., the sample consensus criterion or the PC-FCHT), de-
signed to obtain its maximal value at S (T0). However, in some
cases, S may assign a high score to a false hypothesis while
a lower score is assigned to T0, resulting in an erroneous
decision. Let ES be the subset of K such that among the set
of N hypotheses composing each of its elements there is a
“misleading” hypothesis T �= T0, with respect to S , i.e.,

ES =
{
T ∈ K

∣∣max
T ∈T

(S (T )) > S (T0)

}
. (17)

When ES is not empty P(K) no longer represents the
probability of correct estimation since some sets of generated
hypotheses contain both a correct hypothesis and an hypoth-
esis that is incorrect but with higher evaluation score. Thus,
when considering both the hypothesis generation and evalua-
tion steps, the probability for obtaining a correct estimate (as
opposed to only a correct hypothesis generation) is given by

P(K \ ES ) =
∑

T ∈K\ES

P(T ). (18)

Proposition 3: Using the above definitions, given any al-
gorithm that follows the hypothesis generation and evaluation
paradigm, the probability of obtaining a correct estimate by
employing the PC-FCHT, is higher than the probability of
obtaining a correct estimate using the sample consensus cri-
terion.

Proof: Let ESC ⊆ K be the subset of K with “misleading”
outcomes with respect to the sample consensus criterion, i.e.,
each element in ESC is a set of N hypotheses with at least one
hypothesis T1 �= T0, such that |C0| < |C1|. Similarly, let EFC

be the subset of K with “misleading” outcomes with respect to
the PC-FCHT. Following (9), (10) a necessary and sufficient
condition for a false decision with respect to the PC-FCHT is
that

|C0| <
∑

(p,q)∈C1

F (p)TF (q)) (19)

However,∑
(p,q)∈C1

F (p)TF (q)) ≤ max
(p,q)∈C1

F (p)TF (q)|C1| ≤ |C1|

(20)

TABLE 1. Empirical Success Probability of the Sample Consensus and
PC-FCHT on 3DMatch Examples

Thus, the set of hypotheses where |C0| < |C1| contains the set
of hypotheses where (19) holds, i.e., EFC ⊆ ESC . Thus,

K \ ESC ⊆ K \ EFC (21)

Using (18) and the fact that the comparison is on the same
hypotheses generation algorithm and the same problem, it is
concluded from (21) that

P(K \ EFC ) ≥ P(K \ ESC ) (22)

�

IV. EXPERIMENTAL RESULTS
In the experimental section, we provide empirical data to
support the advantage of using the proposed PC-FCHT
over sample consensus hypothesis evaluation. The tests are
performed on the 3DMatch data set [6] for indoor envi-
ronment, KITTI [25] and NCLT [26] data sets for outdoor
environments, and on ModelNet40 [27]. In the performed
experiments, it is shown empirically that as expected from
Proposition 3, employing the proposed PC-FCHT yields a
higher success rate than that of the sample consensus.

A. EMPIRICAL SUCCESS PROBABILITY OF THE SAMPLE
CONSENSUS AND PC-FCHT ON 3DMATCH
In this part of the experiments, a single registration problem
from each of the 3DMatch data set scenes was used in a Monte
Carlo experiment to illustrate Proposition 3. Each registration
problem was solved 1000 times as described next. In each
iteration, N = 5000 hypotheses were generated by randomly
selecting different triplets of matches, followed by estimating
a transformation from these matches (identical to the initial
step of RANSAC). The initial matches were obtained using
nearest-neighbor search on FCGF features. Then, the best
hypothesis was selected with the proposed PC-FCHT and the
sample consensus criterion for comparison.

Table 1 presents the empirical probability of success of
the sample consensus and the PC-FCHT methods, evaluated
on registration problems from each of the 3DMatch test data
set scenes, using the above Monte-Carlo setting. (A correct
hypothesis is defined by a rotation error of less than 15◦ and
less than 30 cm.) It is concluded from Table 1 that using
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FIGURE 2. Translation error distribution from Monte Carlo simulations on example registration problems from the 3DMatch data set. 1000 Monte Carlo
iterations were executed for each example. On each iteration, hypotheses were generated by randomly sampling 5000 triplets of matching key points,
used to generate 5000 hypotheses (the first step of RANSAC). Hypotheses were then selected using either the proposed PC-FCHT or the sample
consensus criterion. It is concluded that using the PC-FCHT reduces the probability of large errors compared to the sample consensus criterion.

the PC-FCHT results in a significantly higher probability of
correct decision, as expected from Section III-B.

Fig. 2 depicts the translation error distribution in
each example scene. It can be seen that in the exam-
ples from redkitchen, home_at_scan1, home_md_scan9 and
mit_76_studyroom the sample consensus was heavily biased
towards a false hypothesis, while PC-FCHT results with lower
errors.

B. INDOOR REGISTRATION PERFORMANCE
Transformations in the 3DMatch data set problems span a
large range: rotations around all axes range between 2◦ to
178◦, with a median of 30◦; in 25% of the problems rotations
are larger than 45◦. Translations range between approximately
2 cm to 4.5 m, with a median of 75 cm; in 25% of the prob-
lems translation is larger than 1.5 m. Estimation of large
transformations as the ones considered here requires a global
registration solution. Accordingly, the baseline methods used
for hypothesis generation in our comparisons are: PointDSC,
4PCS, and Random selection (RAN in Table 2) which is
identical to the random hypothesis generation in RANSAC.
In addition, TEASER++ [10] and Spectral Matching [11] are
tested as references for the overall accuracy achieved by each
of the methods. Three different dense feature descriptors were
used both for initial matching where applicable, and for the
proposed PC-FCHT. These are FCGF [4], D3Feat [7] and
FPFH [1]. To evaluate the performance of the PC-FCHT in
comparison with the sample consensus, we use the correct
hypothesis recall (CHR):

CHR is defined as the percentage of registration problems
where a correct hypothesis was chosen by the hypotheses
evaluation method, out of those registration problems where

TABLE 2. Performance Comparison Between PC-FCHT and Sample
Consensus on the 3DMatch Data Set

at least one of the N generated hypotheses is correct. A correct
hypothesis, in this case, is considered as one with rotation and
translation estimation errors of less than 15◦ and 30 cm, re-
spectively, since in this error range, refinement algorithms can
be effectively employed to achieve the required high accuracy.
In addition, the percentage of registration problems with at
least one correct hypothesis generated by each algorithm is
also provided and is denoted by CH in Table 2.

To evaluate the overall performance of each approach we
evaluate the rotation and translation estimation errors, and the
registration recall. We follow standard rotation and translation
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error definitions [13], [14]: RE(R̂) = arccos
tr(R̂RT

0 )−1
2 , and

TE(t̂) = ‖t̂ − t0‖, where R0 and t0 denote the rotation and
translation components of the ground truth transformation T0.
Registration recall (RR) is defined as the percentage of correct
(errors of less than 15◦ and 30 cm) estimates using the com-
plete registration pipeline. It is important to note that in order
to perform a fair comparison, only the output of the hypothesis
generation stage was considered in the experiments, excluding
any refinement steps that may be applied on top of each of
the algorithms. The same set of generated hypotheses was
used as input for the sample consensus and PC-FCHT. Table 2
summarizes the results, while example registration problems
depicting the failure cases of the sample consensus approach,
where the proposed PC-FCHT makes a correct decision are
provided in Fig. 1.

Using the results summarized in Table 2, we conclude that
with respect to all evaluated hypothesis generation methods
and all performance measures, PC-FCHT outperforms the
sample consensus as a hypothesis evaluation method. Ran-
dom hypotheses generation achieves the maximal percentage
of registration problems with a correct hypothesis, 99.5%,
while PointDSC is only at 96.5%. This high rate of correct
hypothesis generation of the Random hypotheses generation,
paired with the significantly more accurate identification of
the correct hypothesis achieved by PC-FCHT, increases the
RR from less than 80% when using sample consensus to
93.5% using PC-FCHT, while reducing translation error from
40 cm to 16 cm. Thus, when Random hypotheses generation
employs FCGF-based feature matching and PC-FCHT for hy-
pothesis evaluation, it achieves the best registration recall and
accuracy, (better than state of the art PointDSC). Note, how-
ever, that indeed when restricting the hypothesis evaluation
method to be the (less effective) sample consensus, PointDSC
employed using FCGF features performs best, as also reported
by [14]. The relatively low CHR in RANSAC (i.e., when
using the sample consensus criterion with random hypotheses
generation) implies that the bottleneck in performance with
RANSAC is indeed the hypothesis evaluation step using the
sample consensus.

From the overall lower performance of RANSAC, com-
pared to an identical random hypotheses generation while us-
ing PC-FCHT hypothesis evaluation, and given the high CHR
with random hypotheses generation, it is concluded that ran-
dom hypotheses generation achieves a higher rate of generated
correct hypotheses, at the cost of higher rate of misleading
hypotheses. PointDSC on the other hand, produces a smaller
number of hypotheses, with much lower occurrences of mis-
leading hypotheses. By using the PC-FCHT, we were able to
utilize the higher rate of correct hypothesis generation of the
random generation, resulting in overall better performance.

We therefore conclude that given any registration algo-
rithm that follows the hypothesis generation and evaluation
paradigm, the probability of obtaining a correct estimate using
the PC-FCHT is higher than the probability of obtaining a
correct estimate using the sample consensus criterion.

TABLE 3. Performance Comparison Between PC-FCHT With and Without
Correlation Maximization

C. INCREASING ROBUSTNESS
In Section II-A, we propose an approach to ensure the cho-
sen hypothesis actually maximizes (2), by maximizing the
point cloud feature correlation in the proximity of each candi-
date transformation estimate using the 3D matched manifold
detector over SE (3). In Table 3, we provide a comparison
between the PC-FCHT with and without the additional cor-
relation maximization step.

It can be seen that both accuracy and success rates were
further increased by adding the correlation maximization step.
This step is involved with an additional computational load
that needs to be taken into account when designing a registra-
tion system.

D. OUTDOOR REGISTRATION PERFORMANCE
Outdoor registration performance was evaluated on the
KITTI [25] data set using sequences 08-10 and the NCLT [26]
data set using sequence “2012-02-04”. Registration problems
were solved between scans that are approximately 10 m apart
in the KITTI data set, and approximately 8 m apart in the
NCLT data set. The baseline methods used for hypothesis
generation are random hypotheses generation (RAN), which
is identical to the random hypotheses generation in RANSAC,
and PointDSC [14] (trained only on the KITTI data set), in
addition to SM and TEASER++ for reference. Gaussian noise
with σ = 0.5 × (mesh resolution) was added to the KITTI
data set. Only FCGF features were used. Comparisons are
based on translation error (TE), rotation error (RE), and the
root mean square error (RMSE) of the distance between cor-
responding points. The registration RMSE is determined by
the known ground truth correspondences as follows (see the
definition of C0 in Proposition 2)

RMSE(T̂ ) =
√√√√ 1

|C0|
∑

(p,q)∈C0

∥∥q − T̂ (p)
∥∥2

(23)

Table 4 summarizes the results on the KITTI and NCLT
data sets. It is concluded that there is a significant gain in

VOLUME 5, 2024 45



EFRAIM AND FRANCOS: ON MINIMIZING THE PROBABILITY OF LARGE ERRORS IN ROBUST POINT CLOUD REGISTRATION

TABLE 4. Rotation Error, Translation Error, and RMSE Averages on the
KITTI/NCLT Data Sets

TABLE 5. Baseline Evaluation on ModelNet40

registration accuracy using the PC-FCHT hypothesis eval-
uation method over the sample consensus. Similarly to the
experiments performed on the 3DMatch data set, the largest
gain is achieved when using random hypotheses generation.
Using the standard random generation approach paired with
the PC-FCHT we were able to achieve results comparable
to state of the art PointDSC on both the KITTI and NCLT
data sets. Note that on the NCLT data set, random generation
paired with the PC-FCHT achieved the best results in terms
of rotation error and RMSE, thus emphasizing the critical
contribution of the proposed PC-FCHT to the overall accuracy
of the registration procedure.

E. REGISTRATION PERFORMANCE ON MODELNET40
Following the noisy partial-to-partial variation of Model-
Net40, [28], [29], a baseline comparison is performed,
comparing the registration performance of PRNet [30], RPM-
Net [28] and Overlap Predator [31]. Since registration in
Overlap Predator is performed using RANSAC, in the pre-
sented experiments, hypotheses were randomly generated and
then evaluated using either the sample consensus criterion
or the proposed PC-FCHT. The features used for the PC-
FCHT in these experiments are the dense features generated
by [31], weighted by the estimated probability of overlap
used in [31] to choose key points from the overlapping re-
gions with a higher probability. Following previous work,
we evaluate performance based on the rotation error (RE),
translation error (TE), and Chamfer Distance (CD). Table 5
presents the results of the baseline comparison. In addition,
two more experiments were performed to further evaluate the
robustness of the proposed method. The first is robustness to
low overlap, evaluated on ModelLoNet40, [31]. In the second

TABLE 6. Robustness Evaluation on ModelNet40 With Low Overlap and
With Added Noise Points, Using Overlap Predator With Random
Hypotheses Generation

robustness test, 10% of noise points were added to each model
(i.e., points that do not exist in the original models). Since in
the ModelNet40 registration benchmark, the point clouds are
normalized to a unit sphere, random noise points were added
such that their (x, y, z) coordinates are normally distributed
N (0, 0.252) along each axis. Table 6 presents the results of the
robustness evaluation. In the two robustness tests, as well as in
the baseline test, employing the proposed PC-FCHT provided
the best performance.

V. CONCLUSION
While it is a common practice in existing registration methods
to make decisions based on the sample consensus criterion,
this approach fails when the maximal sample consensus is
associated with a false hypothesis. Thus, instead of utiliz-
ing only Euclidean distances between assumed corresponding
points, as in the sample consensus, a new hypothesis eval-
uation approach is proposed: the Point Cloud Feature Cor-
relation Hypothesis Test (PC-FCHT). The proposed method
relies on incorporating into the decision mechanism informa-
tion about the local geometry in the neighborhood of every
point, as well as contextual information, by using the point
clouds feature correlation. It is concluded that in the case
where geometric features are not utilized (i.e., assigning a
constant “feature” value to all points), the proposed correla-
tion criterion is reduced to the simple consensus size criterion.
Moreover, we show both mathematically and empirically that
for any registration algorithm that follows the hypothesis gen-
eration and evaluation paradigm, the probability of obtaining
a correct estimate using the PC-FCHT is higher than the
probability of obtaining a correct estimate using the sample
consensus criterion. A limitation of PC-FCHT is that it re-
lies on achieving invariance of the feature vectors to rigid
transformations, as well as that its computational complexity
is O(|P||Q|D), slightly higher than O(|P||Q|) of the sample
consensus. In practice, however, the increased computational
cost of the PC-FCHT is negligible when using parallel GPU
computing. The proposed PC-FCHT can be easily integrated
into existing registration algorithms, instead of the sample
consensus criterion, as has been successfully demonstrated
with common registration algorithms in the performed ex-
periments, increasing the accuracy and success rates of these
algorithms.
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