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Abstract—Global point-cloud registration remains challenging
when limited overlap, repetitive geometry, and sensor noise
produce correspondence sets dominated by outliers. Planar re-
gions are particularly difficult for conventional point descriptors
and are therefore often suppressed or discarded before match-
ing. We present PARTE (Plane-Assisted Robust Transformation
Estimation), a global registration method that instead treats
planar structure as complementary registration evidence. PARTE
extracts planar patches and represents them using our novel
Plane Context Histogram (PCH), a descriptor that encodes the
geometry surrounding each patch, while a two-level matching
procedure identifies reliable plane correspondences. Candidate
point and plane correspondences are combined in a confidence-
weighted compatibility graph for joint outlier rejection, followed
by rigid transformation estimation. When no usable plane cor-
respondences are available, PARTE naturally reduces to point-
only registration. We evaluate PARTE on 8, 097 registration pairs
across six indoor and outdoor benchmarks spanning dense RGB-
D and sparse LiDAR measurements. Evaluations show PARTE
achieves the highest overall success rate against 13 standard
and state-of-the-art methods while maintaining low runtime.
An (anonymous) open-source C++ implementation with Python
bindings is provided at https://parte.pages.dev.

I. INTRODUCTION

A critical bottleneck in developing advanced autonomous
robots is the ability to create an accurate 3D map of their
environment in the presence of sensor noise, dynamic objects,
and limited computational resources. Robotic mapping sys-
tems typically represent each sensor observation as a point
cloud, a set of 3D measurements that captures the geometry of
the surrounding environment. As the robot captures successive
point clouds while traveling through its environment, the core
challenge is determining how the robot moved between scans
in order to stitch them into a coherent map. This alignment
process is known as point cloud registration and underpins
many important applications, including SLAM, object recog-
nition, augmented reality, and medical imaging.

Achieving fast, accurate, and robust point cloud registration
remains challenging. As illustrated in Fig. 1, achieving both
high registration accuracy and low runtime remains difficult
for existing methods. Although globally optimal registration
algorithms exist [1], their exponential runtime scaling lim-
its their use in real-time applications. Practical registration
methods therefore generally follow one of two strategies:
local optimization or feature-based global registration. Local
methods iteratively minimize an alignment error between two
point clouds. They are fast and accurate when provided with
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Fig. 1. Registration of noisy Stanford bunny point clouds augmented with
ground-plane points using several state-of-the-art algorithms. (a) Input point
clouds colored blue and orange, with Gaussian noise of A'(0,1073) added
to each point coordinate. (b) About 17,000 initial associations obtained by
nearest-neighbor matching of FPFH point descriptors. (c¢) Ground-truth inlier
associations, which constitute less than 0.2% of the initial associations. (d—
n) Registered point clouds produced by various classical and state-of-the-art
algorithms. (o) Registered point clouds produced by PARTE.

a good initial estimate, but may converge to an incorrect local
minimum when the initial misalignment is large. Feature-based
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global methods instead search for transformation-invariant
features in the two point clouds, establish tentative correspon-
dences, and estimate the transformation without requiring an
initial alignment. This makes them more versatile and particu-
larly useful for tasks such as loop closure, re-localization, and
initialization-free scan matching. However, their reliability is
often limited by incorrect correspondences, commonly referred
to as outliers. These outliers arise from multiple sources,
including dynamic objects, sensor noise, limited overlap, and
feature-poor regions where distinctive geometric patterns are
scarce. Planar regions are particularly challenging for point-
based matching because points sampled from the same or simi-
lar planar surfaces often have similar local descriptors, making
their correspondences highly ambiguous. Since planar surfaces
are common in robotic environments, these ambiguities can
substantially increase the outlier ratio and reduce registration
reliability.

Existing global registration methods often treat planar struc-
ture as a source of ambiguous correspondences. Some remove
specific planes, most commonly the ground plane, while others
discard low-curvature planar points before feature matching.
Although these strategies can reduce ambiguous point cor-
respondences, they also discard large portions of the scene
that provide useful structural cues. Moreover, removing planar
points entirely can isolate nearby edge and corner points,
leaving too few neighbors for reliable descriptor computation.
The key observation behind PARTE is that, although individual
points on a plane may be difficult to distinguish, the planar
patch itself can provide a distinctive geometric feature and
impose strong constraints on the relative pose.

Based on this observation, we formulate global registration
over a mixed set of point and planar-patch correspondences.
PARTE first uses a greedy region-growing algorithm to extract
planar patches, while the remaining points are separated for
point matching. For plane matching, we introduce a novel
descriptor, named the Plane Context Histogram (PCH), along-
side a two-level matching procedure for establishing reliable
plane correspondences. During point-feature computation, pla-
nar points are retained as neighbors but excluded as stan-
dalone features. The resulting point and plane correspondences
are jointly processed using a graph-theoretic outlier-rejection
framework extended to support plane correspondences. To
reduce sensitivity to manually tuned thresholds, PARTE uses
geometry-dependent consistency tolerances that account for
uncertainty in the matched planes. Plane correspondences
are further weighted by their descriptor confidence, resulting
in a weighted maximum-clique formulation. The remaining
point and plane correspondences are then jointly optimized to
recover the rigid transformation.

We evaluate PARTE on 8,097 registration pairs across
six benchmarks spanning dense RGB-D and sparse LiDAR
measurements, indoor and outdoor environments, and point
clouds containing between 10* and 10° points. Across the
four principal robotics benchmarks—3DMatch, 3DLoMatch,
KITTI-10m, and KITTI-LC—PARTE achieves the highest
mean success rate among the evaluated methods while main-
taining low end-to-end runtime. PARTE also achieves the
highest overall success rate on both additional benchmarks:

ETH and the partial-to-full RESSO benchmark.
In summary, the main contributions of this work are

o We present PARTE, a plane-assisted global registration
pipeline that jointly uses point and planar-patch corre-
spondences in graph-based outlier rejection and rigid-
transformation estimation.

o We introduce the Plane Context Histogram, a descriptor
that represents a planar patch using its surrounding ge-
ometry, outperforming 14 existing shape descriptor and
plane matching algorithms.

e We formulate joint point—plane outlier rejection as
a confidence-weighted maximum-clique problem, using
geometry-dependent compatibility constraints that ac-
count for uncertainty in the extracted planes.

o We evaluate PARTE on 8,097 registration pairs across
six indoor and outdoor benchmarks. PARTE achieves
the highest mean success rate across the four principal
benchmarks and the highest overall success rate on both
ETH and partial-to-full RESSO.

II. RELATED WORK

Feature-based global registration. Most correspondence-
based global registration methods represent a point cloud using
a subset of distinctive point features. These features may
be selected using hand-crafted keypoint detectors [2]-[4] or
learned directly from data [5], [6]. Local descriptors are then
computed around the selected points and matched between
scans. Classical descriptors include FPFH [7], SHOT [8], Spin
Images [9], and 3D Shape Context [10], while more recent
methods use learned features and matching networks [6],
[11]-[15]. Because repetitive or weakly structured regions can
produce ambiguous point features, some methods additionally
suppress such regions before matching. For example, QUA-
TRO++ removes the ground plane before registration [16],
while KISS-Matcher suppresses low-variation geometric re-
gions that tend to produce ambiguous features [17].

Structure-aware registration. An alternative is to ex-
plicitly extract larger geometric or semantic structures and
use them as registration primitives. The use of geometric
primitives for 3D alignment dates back to early work on
representing scenes using lines, planes, and other geometric
entities [18], [19]. Later methods developed robust plane and
line extraction for LiDAR data [20]-[22] and incorporated
planar constraints directly into registration. Point-to-plane
ICP [23], GP-ICP [24], and NAP-ICP [25], for example,
use planar structure within local ICP-style alignment. More
recent global methods employ richer geometric primitives:
G3Reg [26] uses geometric structures, and QuadricsReg [27]
represents scene elements using quadric primitives and option-
ally combines their semantic labels with intrinsic geometric
attributes. Semantic registration methods similarly replace or
augment individual point matches with higher-level scene
information. Examples include SE-NDT [28], SegICP [29],
SegReg [30], SemReg [31], and SarNet [32]. Semantic ap-
proaches can provide strong priors in repetitive environments,
but typically require semantic prediction or learned represen-
tations in addition to the geometric registration pipeline.



Geometric descriptors and plane matching. Planes have
been widely used as geometric features in registration and
SLAM. In local registration, plane correspondences can often
be established using a prior pose estimate or the small motion
between consecutive scans, and simple plane properties such
as orientation, position, extent, or overlap are often suffi-
cient for association. This allows methods such as Plane-
ICP, GP-ICP [24], and NAP-ICP [25], as well as plane-
based SLAM systems such as Linear RGB-D SLAM [33],
PlanarSLAM [34], and VIP-SLAM [35], to use planar features
as additional constraints during pose estimation.

For global plane matching, simple geometric properties
such as plane orientation, centroid, size, or boundary shape
can be used to identify candidate correspondences, but these
properties are often ambiguous when several similar planes
are present in the same scene. Several methods therefore in-
corporate richer information. HIA-TCD [36] describes planar
patches using their contour geometry, while PLADE [37] uses
relationships between planes and lines to establish structure-
level correspondences. Plane Pair Matching [38] similarly
exploits relationships between pairs of planes rather than
describing each patch independently. Other approaches learn
the representation directly from data; PlaneMatch [39], for
example, learns an RGB-D descriptor for matching coplanar
patches across different views.

Generic 3D shape descriptors provide another way to rep-
resent planar patches. Descriptors such as ESF [40], Spin
Images [9], 3D Shape Context [10], GASD [41], and the hand-
crafted features used by SegMatch [42] encode the shape of
an object or segment through distributions of point positions,
surface orientations, or simple geometric statistics. Although
these descriptors can be applied to planar patches, they were
developed primarily for object, surface, or segment recognition
rather than for distinguishing similar planes across different
scenes. In contrast, PCH describes a planar patch using the
geometry surrounding the plane, providing additional context
when the shape of the patch itself is ambiguous.

Robust correspondence filtering. Feature matching often
produces a large number of incorrect correspondences, making
robust outlier rejection an important stage of registration.
RANSAC [43] and its many variants [44]-[49] address this
problem by repeatedly sampling small correspondence subsets
and selecting transformations supported by a large set. Other
approaches estimate the transformation using robust optimiza-
tion [50]-[54]. Learning-based methods instead learn to iden-
tify or reweight reliable correspondences, including 3DReg-
Net [55], PointDSC [56], VBReg [57], and BUFFER [58].

Graph-based methods have recently become particularly
attractive for registration with very high outlier ratios.
They represent candidate correspondences as graph nodes
and connect geometrically consistent pairs, allowing mu-
tually compatible correspondences to be identified with-
out first estimating the transformation. Methods such as
ROBIN [59], TEASER++ [54], CLIPPER [60], SC2-PCR [61],
and CLIPPER+ [62] build on this idea using compatibility
graphs and clique-based formulations. A major advantage of
this family, which PARTE also exploits, is its robustness to
extreme outlier ratios, in some cases as high as 99%.

TABLE I. Notation used throughout the paper.

Symbol Description

General

v € Rso Voxel-downsampling size.

R € 80(3) Rotation between the two point clouds.
tcR® Translation between the two point clouds.
s? Unit sphere in R3.

SO(3) Group of 3D rotation matrices.

Point clouds

PQCR? Source and target point clouds.

pi € P, g €Q Source and target points.

v; € S2 Estimated unit normal of point p;.

Plane segmentation

T4 Plane-thickness threshold.

To Plane-normal dispersion threshold.
Planar patches

II = {n;} Set of extracted planar patches.

Z; Indices of points belonging to patch ;.
pj € R? Centroid of patch ;.

u; € S Estimated unit normal of patch ;.

d; €R Plane offset, d; = ujTuj.

Plane descriptors
rpcu € Rso

Correspondences

Cpt = {(pi,Qi)}
Cor = {(mf =)}

Cpt

~

PCH signed-distance half-range.

Candidate point correspondences.
Candidate plane correspondences.
Inlier point correspondences.

Cpl Inlier plane correspondences.

w; € [0,1] Confidence of plane correspondence j.
Outlier rejection

€p Base spatial consistency tolerance.

€0 Base angular consistency tolerance.

PARTE builds on graph-based global registration by in-
troducing plane correspondences as complementary evidence
to conventional point matches. PARTE’s plane matching also
targets planar regions in which local point descriptors are
ambiguous by representing the geometry surrounding each
planar patch. These correspondences are integrated with point
matches throughout compatibility testing, confidence-weighted
inlier selection, and transformation estimation.

III. NOTATION

The main notation used throughout the paper is summarized
in Table I. For a finite set X, |X| denotes its cardinality.
For a vector z € R", we use [[z|1 = Y, |z;| and [|z]2 =
(3, 2)1/2 to denote the £, and ¢ norms, respectively. For
nonnegative vectors h, g € R™, we define their y?-distance as

hi — gi)?
Z ( 9)'

he 1+ a.
ihitges0 T i

X*(h,g) = (1)

Superscripts P and @ identify quantities associated with
the source and target point clouds, respectively. For example,
7rjP and W? denote a pair of matched planar patches from the
two clouds. For notational simplicity, matched features are re-
indexed by correspondence. Therefore, (p;, ¢;) denotes the ith

point correspondence, while (7! ,W?) denotes the jth plane

J
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Fig. 2. Overview of the PARTE registration pipeline. Planar patches are extracted from the input scans and matched by PCH, while the remaining points
are matched by FPFH. Candidate plane and point correspondences are combined for joint outlier rejection and rigid-transformation estimation.

correspondence. For a symmetric matrix A € R3*3, we denote
its eigenvalues and corresponding unit eigenvectors by A;(A)
and v;(A), ordered as

M(A) = Aa(A) = Aa(A),  Avi(4) = A(Awi(A). )

IV. PROPOSED APPROACH

PARTE follows the standard feature-based registration
stages of feature extraction, descriptor matching, outlier re-
jection, and transformation estimation, as illustrated in Fig. 2.
Its distinction lies in how planar information is represented
and integrated throughout these stages. PARTE describes each
extracted planar patch through the surrounding scene geometry
using PCH, while retaining conventional FPFH point features
for non-planar regions. The resulting point and plane corre-
spondences are combined in a single compatibility graph using
mixed point—point, plane-plane, and plane—point consistency
tests. Descriptor confidence controls the influence of each
plane correspondence during maximum-clique selection, and
the retained mixed correspondences jointly constrain the final
rigid transformation. When no suitable planar patches are
extracted, the same formulation reduces to point-only regis-
tration.

A. Preprocessing and Feature Extraction

Preprocessing starts by downsampling each point cloud to
reduce data size and the computational cost of registration.
Surface normals are then estimated for the downsampled
points. The downsampled points are segmented into planar
patches, while the remaining points are retained as point
features. Together, the planar patches and point features are
used for joint plane—point registration in the subsequent stages.

Downsampling. We use voxel-based downsampling with
voxel size v. Three-dimensional space is divided into cubic
voxels of edge length v, and the points within each occupied
voxel are replaced by their centroid.

Normal estimation. For each downsampled point p;, we
estimate a unit surface normal v; from its k-nearest-neighbor
neighborhood using local PCA. The normal is given by the
eigenvector corresponding to the smallest eigenvalue of the
neighborhood covariance matrix. We consistently orient the
estimated normals toward the sensor viewpoint.

Planar-patch segmentation. We segment the input point
cloud into planar regions using a region-growing strat-
egy. The algorithm assumes that the input point cloud

Algorithm 1 Planar Patch Extraction

1: Input Point cloud P = {p;}_, and point normals {v;}I¥.
2: Parameters Thickness threshold 74, normal-dispersion threshold
Tp, and minimum patch size min_pts.
3: Output II = {r;} % Set of planar patches
: % Planar seed initialization
: for all p; € P do
C'i, Qi < neighborhood statistics of p; from (5) and (6)
if \3(C;) <737 and 1— )\(Q;) < 77 then
m; < a patch initialized from (p;,v;)
I+ ITu {7[‘ 1}

R AR

10: % Planar patch merging

11: repeat

12: for all neighboring pairs (7q,m) € II do

13: Le, pte, Ce, Qe < merged patch statistics

14: uc < solution of (8)

15: if ul Coue < 73 and 1 — uIQCuc < 7'92 then
16: Te <~ (ICnU“CvC(hQCyuC)

17: IT + (I \ {ma,m}) U {rmc}

18: until no patches are merged

19: % Remove patches with insufficient support
20: IT < remove m; with |Z;| < min_pts
21: return II

P = {p1,...,pn} has an estimated normal v; € S? associated
with each point p;. At each stage, the algorithm maintains a
set of planar patches II = {m;}, where each patch 7; has
a support set Z; C {1,...,N}. As shown in Lines 4-9 of
Algorithm 1, the algorithm initializes a set of planar patches,
each containing one point whose local neighborhood is planar.
It then repeatedly merges neighboring patches whenever their
union remains planar (Lines 10-18). The process terminates
when no further valid merge exists, after which patches with
insufficient support are discarded.

To determine whether a patch 7; remains planar, let ;; and
u; € S* denote the centroid and estimated unit normal of its
support points {p; : ¢ € Z;}. Given user-selected thresholds
T4 and 19, we require every patch 7; € II to satisfy

1
] 2 (4 - )’ <73, 3)
iGI]‘
1
i ; [1— () vi)?) < 73 )

The first quantity is the mean squared distance of the support
points to the estimated plane. The second measures the average
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Fig. 3. [Illustration of normal estimation. (a) Six noisy points and their
normals. (b) The point-based estimate v3(Cj) can be inconsistent with the
point normals. (c) Conversely, estimating the patch normal from the individual
point normals using v1(Q;) can produce large point-to-plane residuals. (d)
The selected direction w* satisfies both planarity conditions.

disagreement between the patch normal and the normals of its
support points.

Directly evaluating these conditions would require iterating
over all support points after each candidate merge. Instead, for
each patch 7;, we maintain the centroid and covariance of its
support points,

i = \I | Zpu ;=

i€L;

NJ)

\I | 2w
i€L;
&)
We also maintain the second-moment matrix of the corre-
sponding point normals,

Q; = me : ©6)

€L,

Using (5) and (6), the planarity conditions reduce to

T 2 T 2
uj Cju; <74, 1—u; Qju; <75. @)

The choice of patch normal w; affects both planarity
conditions. It can be estimated either from the covariance
of the support points, using v3(C;) to minimize the patch
thickness, or from their point normals, using v1(Q;)
maximize normal agreement. However, neither estimate alone
guarantees that both planarity conditions are satisfied. Fig. 3
illustrates this through an extreme two-dimensional example,
where the covariance-based estimate fits the points well but is
not consistent with the point normals, while the normal-based
estimate agrees with the point normals but is not consistent
with the points. We therefore select, among all unit normals
that are consistent with the points, the direction that best agrees
with the point normals

u; = argmin (1 — uTqu) s.t. uTCju <72 (8

flull2=1

The resulting three-dimensional problem is solved efficiently
through its one-dimensional KKT dual.
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Fig. 4. FPFH descriptor computation after plane extraction. (a) Descriptors
are calculated only at non-planar points. (b) Planar points are excluded as de-
scriptor centers but kept in the neighborhood used for descriptor computation.

Algorithm 1 applies these planarity tests during both initial-
ization and region growing. During initialization, each point
whose k-nearest-neighbor neighborhood satisfies (7) initializes
a singleton patch. All other points are excluded from the
region-growing process. During region growing, neighboring
patches 7, and 7, form a candidate patch m. with support
T, = Ty Uy Its statistics are computed from those of the
two patches, and its normal is estimated using (8). The merge
is finalized only if 7. satisfies (7). The process continues until
no valid merge remains, after which patches with fewer than
min_pts points are discarded.

B. Descriptor generation and matching

In this stage, we compute descriptors for the non-planar
point features and extracted planar patches, and independently
establish point and plane correspondences between the source
and target point clouds.

Point descriptor and matching. We use FPFH [7] to
compute a 33-dimensional descriptor for each non-planar
point. FPFH captures the local geometric structure around a
point using the relative positions and normals of its neigh-
bors. As illustrated in Fig. 4, planar points are excluded as
descriptor centers to avoid ambiguous matches, but remain
in the neighborhoods of nearby non-planar points during
descriptor computation. We match points whose descriptors
are mutual nearest neighbors under the ¢ distance, producing
the candidate point-correspondence set Cpy = {(pz,qz)}Npt
Although FPFH often produces a high fraction of incorrect
correspondences, PARTE’s graph-based outlier-rejection stage
is designed to tolerate such cases. This allows the pipeline to
use an efficient CPU-based descriptor without relying on more
computationally expensive learned alternatives. The point-
descriptor stage is modular and can be replaced by other local
descriptors without modifying the remaining pipeline.

Plane descriptor and matching. For each planar patch
m;, we encode the geometric information of nearby points
into a compact descriptor named the Plane Context Histogram
(PCH), illustrated in Fig. 5. For each point p;, we calculate its
signed distance §; = u;r (pi — ;) and its normal agreement
a; = u;rui with the patch. We retain points satisfying |6;] <
rpcu, where rpep is a parameter controlling the signed-
distance support of the descriptor, as shown in Fig. 5(a). The
resulting (d;, a;) pairs are accumulated into a two-dimensional
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Fig. 5. Construction of the Plane Context Histogram. (a) Points within |§;| <
rpcy of the reference plane are marked. Orange denotes points of the patch,
while blue and magenta denote nearby context points on opposite sides of
the patch. (b) Each point contributes a signed-distance and normal-agreement
pair (d;, a;), which is accumulated into the normalized two-dimensional PCH.
(c,d) Signed-distance and normal-agreement distributions.

histogram with 16 distance bins and 12 normal-agreement
bins, producing a 192-dimensional descriptor as illustrated in
Fig. 5(b). The histogram is normalized to sum to one, reducing
its sensitivity to the number of contributing points.

A point cloud may contain several disconnected patches that
lie on the same infinite plane. Because these patches produce
very similar descriptors, we group them and combine their
histograms into a single plane-level descriptor, as illustrated in
Fig. 6(a,b). The resulting plane-level descriptors are matched
across the two point clouds using mutual nearest neighbors
under the y2-distance (Fig. 6(c)).

When a matched plane-level descriptor represents a single
patch in each point cloud, the correspondence is obtained di-
rectly. If it represents multiple disconnected coplanar patches,
we perform a second matching stage within the matched
groups, as illustrated in Fig. 6(d). For each patch, we compute
an oriented bounding box and construct a separate PCH
using only points whose projections lie inside the box. This
captures differences in the local surroundings of each patch,
helping distinguish patches that lie on the same plane. We
then apply the same matching procedure within each group.
The direct and refined matches together form the candidate
plane-correspondence set Cp.

For each correspondence, we also compute a confidence
score by comparing the descriptor distance of the selected
match with the descriptor distances to the next-best candidate
for each patch. For a mutual nearest-neighbor match, let
d = dgjl) = dg) denote the descriptor distance between the
matched patches, and let dgf) and al(Q2 ) denote the descriptor

distances to their respective second-best candidate matches.
We define the confidence score as

d d
=\t e ®
dy dy

Because d < dg) and d < dg) for a mutual nearest-neighbor
match, w € [0, 1]. The score approaches one when the selected
match is substantially closer than the next-best alternatives for

(d) Coplanar-group refinement

Fig. 6. Plane Context Histogram matching and coplanar-group refinement.
(a,b) Individual patches are represented by their PCHs, while disconnected
patches lying on the same plane are grouped and represented by a combined
descriptor. (c) Plane-level descriptors are matched between P and () using
mutual nearest neighbors under the x2-distance; the matrix shows the descrip-
tor distances. (d) For a matched coplanar group, oriented bounding boxes
restrict the support of each constituent patch to construct localized PCHs.
These descriptors are then rematched within the group using the shown 2 x 2
distance matrix.

both patches, and approaches zero when either descriptor is
ambiguous. This confidence score is later used to weight plane
correspondences during graph-based outlier rejection.

C. Outlier Rejection

The candidate point and plane correspondences generally
contain many incorrect matches. We reject them by find-
ing a subset of correspondences that are mutually consis-
tent under a rigid transformation. Let Cpy = {(p;,¢;)} and
Co = {(xF ,77;2)} denote the candidate point and plane
correspondences. An example of the resulting point and plane
correspondences is shown in Fig. 7(a). Rigid transformations
preserve several geometric relationships, which allow us to test
the consistency of pairs of correspondences.

Point—point consistency. For two inlier point correspon-
dences (p;,q;) and (pg,qr), their pairwise distance is pre-
served:

[Ipi = prll2 — llgs — qrll2] < 26, (10)

Plane—plane consistency. For two inlier plane correspon-
dences (71']? , 7TJQ) and (¥, 71',?), the angle between their nor-
mals is preserved:

Zwd uf) = 2(uf u)| < 26 (11)

Plane—point consistency. A rigid transformation also pre-
serves the signed distance between a point and a plane. For



a plane correspondence (7! 7er) and point correspondence

] b
(pi, qi), we define

ry = (@) pi—af) = (@) g —a?)|. a2
Normal uncertainty motivates the following bound:
Tij < 6p+60min(llpi —ﬂfllz,llqi—ufllz), (13)

where ep is expressed in radians. The first term accounts
for the base distance error, while the second grows with the
distance from the corresponding plane centroid. Therefore,
normal uncertainty has a larger effect on points farther from
the plane centroid. This effect is illustrated in Fig. 7(e), where
uncertainty in the plane normal produces a larger bound farther
from the plane centroid.

We construct a compatibility graph with one node for
each candidate point or plane correspondence. Two nodes are
connected when their correspondences satisfy the applicable
consistency test above. Therefore, every clique represents a set
of pairwise consistent correspondences.

For each plane correspondence, we convert the descriptor
confidence w; defined in (9) to the integer graph weight
w;j = [10w;]. Point correspondences are assigned a unit graph
weight, while plane correspondences are assigned weight w.
We then select a maximum-weight clique rather than simply
the clique with the largest number of nodes. This favors sets
containing distinctive plane matches without relaxing any of
the geometric consistency tests. Fig. 7(b) shows an example
in which the plane correspondences help select the correct
joint clique, while Fig. 7(d) shows the larger but incorrect
point-only clique obtained when correspondences are selected
only by cardinality. A weighted clique can be represented
in an unweighted graph by duplicating a node according
to its integer weight. Rather than explicitly expanding the
graph in this way, we extend the Parallel Maximum Clique
(PMC) solver to operate directly on nonnegative integer node
weights. This produces the same weighted-clique objective
while avoiding the additional nodes and edges introduced by
duplication. The correspondences retained by the joint clique
are then used for transformation estimation, producing the
alignment shown in Fig. 7(c).

D. Transformation Estimation

After outlier rejection, let 5pt = {(ps, qz)}f\[:plt and
Cpl = {(wf , 71'5‘?) ;V:pll denote the remaining correspondences.
We estimate the rigid transformation (R,t) by solving

Npt
(R*,t*) =argmin Y _ ||Rp; +t — qill5
ReSO(3) 44
teR3

Npl 2
P Q
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(b) Maximum-weight joint clique (c) Estimated alignment
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(d) Maximum-cardinality point clique (e) Adaptive plane—point bound

Fig. 7. Joint point—plane outlier rejection. (a) Descriptor matching produces
candidate point and plane correspondences. (b) The maximum-weight clique
combines the selected plane correspondences (large colored nodes) with a
mutually consistent subset of point correspondences (green nodes). (c) The
registration result from selected nodes. (d) In contrast, selecting the clique
by size yields a larger set that includes incorrect correspondences. (e) The
plane—point consistency threshold adapts to the plane-normal uncertainty and
point-to-centroid distance.

The first term minimizes the Euclidean distance between
corresponding points. The second aligns the normals of corre-
sponding planes. The third aligns their offsets after applying
the translation. Each plane correspondence is weighted by its
confidence score w;.

The joint problem in (14) does not admit a straightforward
solution for R and ¢ simultaneously. However, when ¢ is fixed,
optimizing R reduces to an orthogonal Procrustes problem
involving the matched points and plane normals, which can
be solved using a 3 x 3 SVD. Similarly, when R is fixed,
optimizing ¢ is a quadratic least-squares problem with a
closed-form solution. We therefore minimize the objective
using Block Coordinate Descent (BCD), alternating between
these two updates. Since each update optimizes one variable
while keeping the other fixed, the objective cannot increase
between iterations.

To initialize BCD, we choose the initial translation so that
the first rotation update reduces to an extended Arun solution
[63]. Specifically, we set 0 = q, where q is the centroid of
the matched target points. This reduces the point contribution
of the first rotation update to the centered formulation of
the classical Arun method, while the matched plane normals



Algorithm 2 Joint Point—Plane Transformation Estimation

Dataset Sensor #Scenes #Pairs v #Pts/scan #Planes/scan Success criterion

1: Input Point correspondences Cpi = {(pi, @) f\f{, plane corre-
spondences Cp1 = {(Wf,wj@) P, and plane weights {w;}
2: Output Rigid transformation (R, t)

3: % Initialization

4: t — Nlpt it % Extended Arun initialization
5: % Block coordinate descent

6: repeat

7: % Update R for fixed ¢

8 H<« Y. (¢—tpi +>,wjuf )’

9. H=UZV'

1 R+ Udiag(1,1,det(UV "))V

11: % Update t for fixed R

12: A+ Npels +37; wju?(u;?)T

13: b3 (¢ — Rpi) + Zj wj(d? - df)u?
14: Solve At = for ¢

15: until R and ¢ have converged

16: return (R, t)

provide additional rotation constraints. The resulting closed-
form rotation provides the initialization for the subsequent
BCD updates.

" Cost value: 18.7

Cost value: 26.9
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(a) Initial pose (b) First BCD iteration (c) Final BCD result

Fig. 8. Comparison of alignment stages in BCD optimization, Algorithm 2.
Source points and planes (orange) are progressively aligned to the target
configuration (blue). (a) shows the initial mismatch. (b) shows the pose
obtained after the first rotation update of the BCD scheme with fixed
translation ¢ = g., which is equivalent to the classical Arun rotation estimate.
(c) shows the final result after the full nonlinear BCD optimization, where
both point correspondences and planes are jointly refined.

V. EXPERIMENTAL EVALUATION

In this section, we evaluate PARTE at three different levels.
First, we evaluate the proposed plane descriptor and matching
procedure directly by measuring the quality of the resulting
plane correspondences. We then evaluate the complete reg-
istration pipeline across indoor RGB-D, outdoor LiDAR, and
partial-to-full registration problems. Finally, we study the main
design choices through ablation experiments and analyze the
runtime of the complete pipeline.

A. Experimental Setup

Datasets. We organize the evaluation around established
registration benchmarks and follow their standard pair defini-
tions and success criteria whenever available. For indoor RGB-
D registration, we use the eight test scenes of 3DMatch [11]
and additionally report results on 3DLoMatch [13]. 3DMatch
contains pairs with at least 30% overlap, while 3DLoMatch

3DMatch [11] RGB-D 8 1,623 Scm 43838 4.6 <15°, < 30 cm
3DLoMatch [13] ~ RGB-D 8 1,781 Scm 4821 4.6 < 15°, < 30 cm
KITTI-10m [26] LiDAR 3 556 30cm 18238 5.1 <5°,<0.6m
KITTI-LC [26] LiDAR 5 3325 30cm 18354 7.9 <5°,<2m
RESSO P2F [37] TLS + RGB-D 7 99 5cm 10,143 74 < 15° < 30 cm
ETH [65] LiDAR 4 713 10cm 30234 2.0 <15° < 30 cm
TABLE II. Datasets and evaluation protocols used in our experiments. Point

and plane counts are averages over unique scans appearing in the evaluation
pairs after voxel downsampling.

contains the more challenging pairs with 10-30% overlap.
For outdoor LiDAR registration, we use the KITTI odometry
dataset [64] under two complementary protocols. The first
is the standard KITTI-10m pairwise-registration benchmark
commonly used in prior work [6], [13], while the second is the
KITTI-LC loop-closure benchmark introduced by G3Reg [26].
We further include two additional settings that test registration
outside these standard benchmarks. From RESSO [37], we
select sequences in which a local hand-held scan is registered
against a larger static scan, forming a challenging partial-to-
full registration problem. Finally, we use the ETH bench-
mark [65] to evaluate full-scan registration on challenging
terrestrial LiDAR data.

Compared methods. For the plane-matching evaluation, we
compare PCH against a broad set of descriptors that represent
planar patches using different geometric cues. As simple
geometric baselines, we use patch area and perimeter. The
local descriptor baselines include Spin Images [9], Angular
Spin Images [66], USC [67], and 3D Shape Context [10].
We additionally evaluate global and segment-level represen-
tations, including VFH [68], CVFH [69], OUR-CVFH [70],
GRSD [71], [72], ESF [40], GASD [41], the handcrafted
segment features used by SegMatch [42], and the Gaussian
Ellipsoid Model (GEM) representation used by G3Reg [26].

For the complete registration experiments, we compare
PARTE with representative classical, graph-based, geometry-
based, and learning-based methods. The classical baselines
include RANSAC [43] and FGR [50]. We compare against
robust correspondence-filtering methods TEASER++ [54],
MAC [73], and CLIPPER+ [62], as well as the QUATRO
estimator [74], evaluated with ground-filtered point correspon-
dences following the QUATRO++ strategy [16]. G3Reg [26]
provides a recent geometry-based comparison using higher-
level geometric primitives. We additionally compare against
the plane-based methods PLADE [37] and VPFBR [75]. For
datasets with publicly available trained models, we addition-
ally compare against the learning-based methods PREDA-
TOR [13], PointDSC [56], and VBReg [57].

Evaluation metrics. For plane matching, we report F1
score, average precision (AP), and the average number of true-
positive correspondences per scan pair, TP. F1 is computed
from the mutual nearest-neighbor correspondences, while AP
summarizes the precision—recall curve obtained by varying the
descriptor distance threshold over all candidate plane pairs.
For registration, given an estimated transformation (R, ) and
ground truth (R*,t*), we compute the rotation error (RE)

tr(R"R*) — 1) 7

RE =
arccos ( 5



TABLE III. Parameter settings used throughout the experiments.
Stage Symbol Parameter Value
Normal estimation — Radius / max neighbors 2v /30
Plane extraction Td Thickness v

T Normal dispersion 0.2

- Minimum points 100
FPFH - Radius / max neighbors 5v / 100
PCH rpcu  Signed-distance half-range 20v
Outlier rejection €p Base spatial tolerance v

€o Base angular tolerance 5°

and translation error (TE)
TE = ||t — t*||o.

We report the success rate (SR), defined as the percentage of
registration pairs whose RE and TE satisfy the dataset-specific
criteria in Table II. We additionally report average rotation
error (ARE), average translation error (ATE), and mean end-to-
end runtime per pair. Unless otherwise stated, RE and ARE are
reported in degrees, TE and ATE in centimeters, and runtime
in milliseconds.

Implementation and parameter settings. Table III sum-
marizes the parameters used throughout the experiments. We
use the voxel size v as the common geometric scale of the
pipeline. Apart from selecting v for each dataset as shown
in Table II, the remaining parameters are fixed across all
experiments or expressed directly as multiples of v. Surface
normals are estimated within a radius of 2v using at most 30
neighbors, and the same neighborhoods are used during plane
extraction. Plane segmentation uses 74 = v, 79 = 0.2, and
a minimum patch size of 100 points. FPFH descriptors use
a radius of 5v with at most 100 neighbors, while PCH uses
rpcu = 20v and therefore covers signed distances in the range
[-20v,20v]. For outlier rejection, we use the base spatial
tolerance €, = v and the base angular tolerance ey = 5°. The
resulting point—point and plane—plane bounds are therefore 2v
and 10°, respectively, while the plane—point bound adapts to
the matched-plane geometry as described in Sec. IV-C.

B. Plane Descriptor Evaluation

We first evaluate the quality of the plane correspondences
produced by PCH independently of the complete registration
pipeline. We compare against a broad set of alternatives,
including simple geometric properties, local point descriptors,
and global and segment descriptors. All competing descrip-
tors are computed from the same extracted planar patches.
Patch-based descriptors use only the points belonging to
the corresponding plane, whereas PCH additionally uses the
surrounding scene geometry by design. For each descriptor, we
construct the pairwise distance matrix between the planes ex-
tracted from the two scans and establish correspondences using
mutual nearest-neighbor (MNN) matching. Different distance
measures have been used with histogram-based geometric
descriptors in prior work and reference implementations [10],
[40], [68]-[70]. We therefore evaluate multiple reasonable
choices where applicable and report only the distance that
gives the highest overall MNN F1 score across the evaluated
datasets. Specifically, we compare ¢; and x? distances for
PCH, ESF, and VFH; minimum ¢; and minimum X2 distances

between the signature sets produced by CVFH and OUR-
CVFH; and ¢, and normalized x? distances for 3DSC. For
Spin Image and Angular Spin, we use 1 — p, where p denotes
the Pearson correlation coefficient between the two descriptor
vectors. For the simple geometric baselines, we similarly
evaluate absolute difference, ratio, and log-ratio measures. The
selected distance for each descriptor is reported in Table IV.

Table IV summarizes the resulting plane-matching perfor-
mance. F1 and TP are computed from the MNN correspon-
dences, while AP summarizes the precision-recall behavior
of each descriptor. Our one-level PCH matcher performs
substantially better than the competing descriptors across
most datasets, while our full two-level matcher, PCH-2L
in Table IV, further improves performance. In particular,
the improvement is large on 3DLoMatch and the two KITTI
benchmarks, where descriptors based primarily on the shape
or extent of the planar patch provide relatively weak discrim-
ination.

Fig. 9 shows the corresponding precision-recall curves
and confidence analysis on 3DMatch and KITTI-LC. PCH
remains above the competing precision—recall curves
throughout the plotted recall range on both datasets,
showing that its advantage is not limited to a particular
matching threshold or method. What sets PCH apart is that
it describes each plane using the geometry around it rather
than the planar patch alone. Overall, these results support the
main motivation for PCH: planar patches are often difficult to
distinguish from their own geometry alone, while the geometry
surrounding the plane provides a more distinctive matching
cue.
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Fig. 9. Plane matching performance on 3DMatch (top) and KITTI-LC
(bottom). Left column: precision—recall curves, where PCH maintains sub-
stantially higher precision across the recall range. Right column: descriptor-
match confidence versus empirical inlier ratio, where higher PCH confidence
corresponds strongly to a higher probability of a correct plane correspondence.



Name Dist. Size 3DLoMatch 3DMatch KITTI-10m KITTI-LC ETH RESSO
F1 AP TP F1 AP TP F1 AP TP FI AP TP F1 AP TP Fl AP TP
Simple geometry
Perimeter |log(a/b) 1 0.15 0.08 0.26 0.31 0.21 0.83 0.16 0.08 0.78 0.10 0.05 0.69 0.65 0.48 0.90 0.05 0.02 0.21
Area |log(a/b) 1 0.15 0.08 0.27 0.32 0.21 0.84 0.13 0.08 0.66 0.08 0.05 0.59 0.66 0.51 0.90 0.05 0.02 0.19
Local point descriptors
Angular Spin [66] 1 —p 153 0.13 0.08 0.19 0.24 0.19 0.54 0.12 0.09 0.50 0.07 0.05 0.42 0.25 0.14 0.22 0.06 0.03 0.20
Spin Image [9] 1—p 153 0.12 0.09 0.19 0.27 0.23 0.64 0.17 0.12 0.75 0.11 0.07 0.66 0.69 0.68 0.91 0.08 0.03 0.27
USC [67] Lo 1960 0.17 0.10 0.19 0.29 0.27 0.55 0.14 0.13 0.42 0.09 0.08 0.36 0.64 0.60 0.68 0.06 0.04 0.15
3DSC [10] x? 1980  0.15 0.12 0.19 0.36 0.32 0.74 0.25 0.19 0.99 0.16 0.11 0.86 0.72 0.77 0.91 0.05 0.04 0.14
Global/segment descriptors
OUR-CVFH [70] min ¢y K x 308 0.22 0.14 0.36 0.47 042 1.21 0.26 0.20 1.23 0.17 0.12 1.13 0.46 0.35 0.40 0.12 0.05 0.41
CVFH [69] min /1 K x 308 0.22 0.15 0.36 0.47 042 1.21 0.26 0.19 1.22 0.16 0.12 1.08 0.76 0.82 1.02 0.13 0.06 0.48
GRSD [71], [72] X2 21 0.09 0.07 0.15 0.16 0.14 0.39 0.09 0.06 0.41 0.05 0.04 0.34 0.57 0.40 0.72 0.03 0.02 0.11
VFH [68] 01 308 0.22 0.14 0.38 0.46 0.41 1.20 0.23 0.17 1.12 0.15 0.10 1.02 0.77 0.82 1.02 0.11 0.05 0.42
GASD [41] 01 512 0.11 0.08 0.18 0.29 0.24 0.69 0.20 0.13 0.81 0.13 0.08 0.71 0.68 0.65 0.90 0.09 0.04 0.31
ESF [40] x? 640  0.15 0.10 0.26 0.32 0.29 0.82 0.21 0.15 1.01 0.15 0.10 0.98 0.64 0.63 0.82 0.10 0.04 0.35
SegMatch [42] lo 8 0.15 0.09 0.24 0.32 0.24 0.83 0.22 0.14 1.05 0.14 0.07 0.97 0.66 0.56 0.83 0.08 0.04 0.28
GEM [26] W22 12 0.16 0.08 0.28 0.35 0.23 0.89 0.23 0.12 1.11 0.15 0.06 1.05 0.71 0.44 0.96 0.09 0.05 0.35
Ours
PCH X2 192043 026 0.74 0.79 0.72 2.23 0.59 0.44 2.91 0.42 0.30 2.76 0.76 0.66 1.04 0.31 0.18 1.07
PCH-2L x? 192 0.46 0.34 0.77 0.80 0.77 2.24 0.66 0.54 3.17 0.48 0.33 3.00 0.76 0.72 1.04 0.32 0.18 1.09

TABLE IV. Plane-matching performance across the evaluated datasets. We report F1 score, average precision (AP), and the average number of true-positive

correspondences per scan pair, TP.

Fig. 9 also shows how the empirical inlier ratio varies
with the match confidence defined in (9). For PCH, the inlier
ratio increases strongly with confidence on both datasets, with
the highest-confidence correspondences being correct in the
large majority of cases, making confidence a reliable basis for
weighting plane matches.

C. Global Registration Performance

For the main registration benchmarks, methods that operate
on a supplied correspondence set are given the same point
correspondences, obtained using FPFH descriptors followed
by mutual nearest-neighbor (MNN) matching. This includes
RANSAC, FGR, TEASER++, MAC, CLIPPER+, PointDSC,
and VBReg. The only exception is MAC: its input correspon-
dence set is capped at 4,000 matches when necessary, as larger
sets exceed 32 GB of memory. For methods requiring a noise-
bound parameter, we use the voxel size v. For QUATRO,
following QUATRO++ [16], we segment the ground on KITTI
and ETH using TRAVEL [76], remove the identified ground
points, and apply the same point-matching frontend to the
remaining points. PARTE similarly uses TRAVEL for ground
segmentation in KITTI, but it keeps the segmented ground
for plane-matching. Methods that include their own feature
extraction or correspondence-generation stage are evaluated
using their native pipelines, including PREDATOR, G3Reg,
KISS-Matcher, VPFBR, and PLADE. Unless otherwise stated,
reported runtimes include the complete computational pipeline
from feature extraction and matching through outlier rejection
and transformation estimation, excluding file I/O.

Indoor RGB-D registration. We first evaluate global reg-
istration on 3DMatch and the more challenging 3DLoMatch
benchmark. Table V reports the results using FPFH computed
with camera-oriented normals. PARTE achieves success rates
of 89.6% on 3DMatch and 55.8% on 3DLoMatch, ranking
second only to PREDATOR on both benchmarks. PARTE
also obtains the lowest rotation error on both datasets and

the lowest translation error on 3DMatch, while maintaining
relatively low end-to-end runtime. The improvement is partic-
ularly notable on 3DLoMatch, where the low overlap produces
a substantially more difficult point-matching problem.

TABLE V. Indoor registration performance on 3DMatch and 3DLoMatch
using FPFH descriptors with mutual nearest-neighbor matching. Reported
runtimes include the complete registration pipeline, from feature computation
and matching through outlier rejection and transformation estimation.

3DMatch 3DLoMatch

Method

SR ATE ARE Time SR ATE ARE Time
Baseline
RANSAC-10% 59.8 95 34 634 158 135 50 587
RANSAC-10° 856 84 28 70.8 458 132 45 703
RANSAC-107 87.7 84 2.8 1202 509 13.0 44 2827
FGR 80.3 6.8 22 923 226 10.7 37 672
Robust point-based methods
KISS-Matcher 75.5 29 110.8 26.8 13.0 45 264
CLIPPER+ 859 7.0 23 1175 447 114 39 130.1
TEASER++ 86.6 7.1 23 777 48.0 11.6 39 645
MAC 88.0 6.8 2.1 1124 524 11.6 3.7 853
Learning-based methods
PointDSC 855 6.6 2.1 722 415 11.0 3.6 654
VBReg 894 6.8 2.1 1028 535 11.6 3.7 94.0
PREDATOR 921 74 23 957 61.0 11.0 3.7 820
Segment- and plane-based methods
VPFBR 26.5 130 29 288 28 163 37 264
PLADE 344 82 2.0 16647 73 142 3.2 1292.1
G3Reg 48 142 62 351 00 - - 429
Ours
PARTE 896 62 18 594 558 10.8 34 568

The quality of the point correspondences has a substantial
effect on registration performance. In particular, consistently
orienting the point normals toward the camera considerably
improves FPFH matching compared with independently esti-
mated unoriented normals. Table VI compares several point-
matching frontends to separate this effect from the registration
method itself. PARTE achieves the highest success rate with
both FPFH variants on 3DMatch and 3DLoMatch, and remains



TABLE VI. Success-rate comparison under different point-matching fron-
tends on 3DMatch and 3DLoMatch. Oriented FPFH uses camera-oriented
normals, while FPFH uses independently estimated unoriented normals. All
frontends use mutual nearest-neighbor matching, except FCGF + 1K, which
uses 1,000 sampled correspondences.

Method Oriented FPFH FPFH FCGF FCGF + 1K
3DM 3DLo 3DM 3DLo 3DM 3DLo 3DM 3DLo

Baseline )

RANSAC-10% 59.8 15.8 423 44 863 378 808 194

RANSAC-10° 85.6 45.8 734 252 88.6 44.6 90.0 475

RANSAC-107 87.7 50.9 763 312 88.6 445 904 509

FGR 80.3 22.6 66.6 10.5 884 378 873 307

Graph-based robust estimators

CLIPPER+ 85.9 447 755 249 874 419 887 45.1

TEASER++ 86.6 48.0 763 278 85.6 385 872 432

MAC 88.0 524 774 32.1 853 449 91.7 54.6

Learning-based methods

PointDSC 855 415 71.8 22.0 887 439 911 47.1

VBReg 894 535 79.7 33.6 90.6 48.7 922 55.2

Ours

PARTE 89.6 55.8 855 391 89.3 47.7 902 50.5

the highest-performing non-learned method when FCGF cor-
respondences are matched using MNN. When 1,000 FCGF
correspondences are retained, the gap narrows and MAC per-
forms best among the geometric methods. This correspondence
set contains more competing mutually consistent structures, a
setting that MAC explicitly addresses by considering multiple
maximal cliques rather than relying on a single maximum
clique. Overall, PARTE remains among the top-performing
methods across the different point frontends, indicating that
its performance is not tied to a particular point descriptor or
matching strategy.

The frontend comparison also illustrates the trade-off be-
tween correspondence quantity and robust-estimation cost.
MNN produces a relatively compact correspondence set,
whereas retaining a larger number of FCGF matches sub-
stantially increases the runtime of several robust estimators.
This motivates the use of MNN in the main evaluation, while
the consistent performance of PARTE across the different
frontends indicates that its registration gains are largely com-
plementary to the choice of point-matching method.

Outdoor LiDAR registration. We evaluate outdoor regis-
tration on the standard KITTI-10m benchmark and the more
challenging KITTI-LC loop-closure benchmark.

Table VII reports the results on KITTI-10m. PARTE
achieves a 99.8% overall success rate, matching PREDATOR
for the highest performance and reaching near-perfect registra-
tion on all three sequences. G3Reg also performs strongly with
a 99.1% success rate, while most modern robust registration
methods exceed 97%. These results indicate that KITTI-
10m is largely saturated by current global registration meth-
ods [26]. PARTE nevertheless reaches this performance with
a mean runtime of 178 ms, substantially below PREDATOR,
TEASER++, CLIPPER+, and MAC, although G3Reg and
KISS-Matcher remain faster. The RANSAC results also show
a clear convergence trend, increasing from 10.3% success at
10? iterations to 91.5% at 10° and 98.2% at 107 iterations.

KITTI-LC provides a substantially more difficult setting by
evaluating temporally separated loop closures over a wider
range of relative motion. Table VIII therefore separates the
results into 0—10 m, 10—20 m, and 20-30 m translation ranges

TABLE VII. Registration performance on the KITTI-10m benchmark. Suc-
cess rate is reported for sequences 08—10 and overall, together with mean
end-to-end runtime.

Success Rate (%) Runtime (ms)

Method 08 09 10 All 08 09 10 All
Baseline

RANSAC-10% 49 167 172 103 4192 4321 287.0 4023
RANSAC-10° 893 94.4 943 91.5 4342 4464 300.0 416.7
RANSAC-107 97.4 100.0 97.7 982 5943 5620 367.1 5493
FGR 225 34.0 379 282 480.1 506.6 3457 466.8
Robust point-based methods

KISS-Matcher 97.1 98.8 94.3 97.1 98.8 107.1 784 98.0
CLIPPER+ 98.0 99.4 100.0 98.7 800.1 1487.3 632.3 974.1
TEASER++  98.0 100.0 100.0 989 5343 574.1 3674 519.8
QUATRO 99.0 98.1 954 982 3452 359.6 242.1 3333
MAC 97.1 100.0 100.0 98.4 1967.2 2053.1 1433.8 1908.7
Learning-based methods

PointDSC 96.1 100.0 98.9 97.7 441.6 457.0 303.5 4245
VBReg 96.7 988 97.7 97.5 514.1 5382 356.1 496.4
PREDATOR  99.7 100.0 100.0 99.8 564.5 579.2 465.7 553.3
Segment- and plane-based methods

VPFBR 345 302 241 31.7 186.7 143.1 1256 165.5
PLADE 20 00 00 L1 7999 730.6 691.1 762.7
G3Reg 99.0 98.8 100.0 99.1 90.1 851 859 88.0
Ours

PARTE 99.7 100.0 100.0 99.8 1829 188.3 141.5 178.0

in addition to the overall result.

While several methods perform nearly perfectly at short
range, their success rates decrease substantially as the displace-
ment increases. PARTE remains among the strongest methods
across the sequences and distance ranges, with particularly
strong performance in the short- and medium-range cases. At
20-30 m, G3Reg achieves the highest success rate on four
of the five sequences. This is a favorable setting for G3Reg,
whose frontend is specifically designed for outdoor LiDAR
registration and exploits planes, lines, and object clusters that
are common in structured urban environments [26].

Partial-to-full registration. We additionally evaluate regis-
tration on the RESSO partial-to-full benchmark, where a local
RGB-D scan is aligned to a larger static reference scan. This
setting is challenging because the two point clouds can have
substantially lower overlap and different scene context.

Table IX reports the results across the seven evaluated
scenes. PARTE achieves the highest overall success rate of
59.6%, followed by CLIPPER+ at 58.6%, MAC and VBReg
at 57.6%, and TEASER++ at 56.6%. The smaller margin com-
pared with the main indoor and outdoor benchmarks is con-
sistent with the plane-matching results in Table IV. In partial-
to-full registration, the context surrounding a corresponding
plane can change substantially between scans, reducing the
discriminative advantage of PCH as is evident in Table IV.
PARTE fails on 40 of the 99 registrations, of which 28 are
also missed by every other method in Table IX. Among these
common failures, 25 contain fewer than five geometrically
consistent FPFH correspondences and 13 contain none. Of
the remaining PARTE failures, several result from an incorrect
plane match that biases the selected clique toward outliers.

These cases expose a limitation of the joint point—plane
formulation: confidence-weighted plane correspondences im-
prove robustness when reliable, but incorrect associations



TABLE VIIL

end-to-end runtime over all evaluated pairs.

KITTI-LC registration performance across sequences and translation ranges. We report success rate under the 2 m/5° criterion and mean

0-10 m 10-20 m 20-30 m All Runtime

Method

00 02 05 06 08 00 02 05 06 08 00 02 05 06 08 00 02 05 06 08 (ms)
Baseline
RANSAC-10% 459 448 31.8 388 172 38 35 20 16 06 00 00 00 00 00 148 142 10.1 85 5.0 360.1
RANSAC-10° 993 90.7 99.4 100.0 94.0 47.5 41.4 387 46.6 327 29 72 23 99 22 462 42.8 433 42.9 38.0 376.9
RANSAC-107 100.0 90.7 100.0 100.0 100.0 71.0 60.1 71.4 952 80.2 16.5 26.9 13.7 47.6 9.2 59.3 56.5 58.6 77.2 58.4  1073.8
FGR 594 390 494 698 37 35 15 05 08 00 00 00 0.0 00 0.0 187 11.8 14.8 146 1.0 410.9
Robust point-based methods
KISS-Matcher 100.0 88.4 99.4 100.0 100.0 58.7 55.1 58.8 71.7 71.0 8.9 10.8 6.4 147 54 524 48.1 51.5 54.7 53.8 101.1
CLIPPER+ 100.0 92.4 100.0 100.0 100.0 78.0 57.1 79.9 98.0 88.9 18.6 22.0 14.2 61.9 17.8 62.4 54.1 61.6 84.0 64.7 2574.9
TEASER++  100.0 93.0 100.0 100.0 100.0 81.5 61.6 86.4 99.2 95.7 25.7 309 21.0 75.4 26.5 66.2 59.2 66.3 89.9 70.3 494.7
QUATRO 99.0 100.0 100.0 100.0 100.0 93.8 81.8 95.5 98.8 98.1 52.2 46.6 52.1 94.0 61.1 79.9 73.9 80.8 97.2 84.4 304.3
MAC 100.0 91.3 100.0 100.0 100.0 77.1 60.1 78.9 96.8 88.3 21.5 31.8 19.2 57.9 17.3 63.2 58.5 63.1 82.0 64.2 17214
Learning-based methods
PointDSC 100.0 89.5 100.0 100.0 100.0 65.1 47.5 66.3 92.8 67.9 9.4 12.1 9.6 37.3 54 547 46.4 554 72.2 52.8 414.3
VBReg 100.0 87.8 100.0 100.0 100.0 78.3 54.0 81.4 96.4 81.5 21.8 24.7 15.5 409 13.0 63.7 52.8 62.6 75.0 60.3 465.1
PREDATOR 71.0 61.6 75.6 984 73.1 31.7 21.2 28.1 179 142 3.1 1.8 1.8 1.6 0.0 32.7 25.6 32.5 27.8 25.2 366.3
Segment- and plane-based methods
VPFBR 90.1 37.2 81.8 48.1 46.3 65.7 10.1 52.3 24.3 309 247 49 233 79 184 57.7 16.0 50.3 22.6 30.4 154.7
PLADE 178 06 45 78 07 29 05 05 12 06 24 00 00 04 00 7.1 03 15 22 04 878.0
G3Reg 100.0 91.9 100.0 97.7 100.0 96.8 67.2 97.5 100.0 98.8 58.3 52.0 73.5 99.2 76.8 83.4 68.6 89.4 99.2 90.6 96.5
Ours
PARTE 100.0 100.0 100.0 100.0 100.0 93.0 85.9 97.0 100.0 98.1 56.2 55.2 57.5 96.8 68.1 81.4 78.4 83.3 98.7 87.1 127.1

can reinforce an erroneous consensus. Nevertheless, PARTE
achieves the highest overall success rate and succeeds on six
pairs where both VBReg and TEASER++ fail.

TABLE IX. Partial-to-full registration performance on the seven evaluated
RESSO scenes. We report success rate for each scene and overall, together
with mean end-to-end runtime in milliseconds.

Method Success Rate (%) Time
6a 6b 6 6d 6f 6g 6h Al
Baseline
RANSAC-10% 0.0 158 0.0 133 10.0 0.0 0.0 6.1 3488
RANSAC-10° 23.1 47.4 36.8 53.3 30.0 0.0 28.6 34.3 358.1
RANSAC-107 76.9 47.4 42.1 73.3 80.0 0.0 57.1 545 727.1
FGR 23.1 21.1 31.6 53.3 20.0 0.0 28.6 27.3 362.7
Robust point-based methods
KISS-Matcher 61.5 31.6 31.6 73.3 60.0 11.1 28.6 424 213.5
CLIPPER+ 76.9 52.6 42.1 80.0 70.0 33.3 57.1 58.6 707.9
TEASER++  69.2 47.4 47.4 86.7 70.0 22.2 50.0 56.6 385.2
QUATRO 00 00 474 6.7 0.0 0.0 0.0 10.1 385.1
MAC 76.9 52.6 42.1 80.0 80.0 11.1 57.1 57.6 549.9
Learning-based methods
PointDSC 53.8 47.4 36.8 73.3 60.0 11.1 42.9 47.5 380.3
VBReg 76.9 52.6 42.1 80.0 80.0 11.1 57.1 57.6 443.7
PREDATOR 0.0 21.1 263 6.7 0.0 0.0 0.0 10.1 3923
Segment- and plane-based methods
VPFBR 30.8 0.0 5.3 20.0 0.0 7.1 10.1 166.3
PLADE 0.0 0.0 10.5 133 0.0 0.0 5.1 6617.7
Ours
PARTE 76.9 57.9 42.1 66.7 70.0 55.6 57.1 59.6 315.8

Additional environments. We finally evaluate on ETH,
which contains comparatively few planar patches and often
only a dominant ground plane. As in the indoor experiments,
we find that the orientation of the normals used by the FPFH
frontend has a substantial effect on the reported registration
rate. For example, TEASER++ improves from 72.7% to 94.0%

when FPFH is computed using consistently oriented normals.
Similarly, MAC reports a registration recall of 36.1% with
FPFH on ETH [73]; in our evaluation this increases to 57.7%
with MNN matching and further to 87.2% when the FPFH
normals are consistently oriented. This makes ETH consider-
ably less challenging once a stronger point frontend is used.

TABLE X. Registration performance on the ETH benchmark. Success rate
is reported for each sequence and overall, together with mean end-to-
end runtime. MACT encountered out-of-memory failures on 17 of the 713
registration pairs; these cases are counted as failures.

Method Success Rate (%) Time
Gazebo Gazebo Wood  Wood
Summer Winter Autumn Summer All
Baseline
RANSAC-10%  26.6 9.0 3.5 72 123 8724
RANSAC-10° 783 54.3 65.2 60.0 63.3 8929
RANSAC-107 984 77.5 95.7 96.0 89.1 1373.7
FGR 60.9 36.7 71.3 744 55.1 935.1
Robust point-based methods
KISS-Matcher  95.1 82.4 95.7 93.6 89.8 226.7
CLIPPER+ 99.5 89.3 99.1 95.2 94.5 4266.4
TEASER++ 100.0 86.5 98.3 984 94.0 1078.3
QUATRO 87.5 95.2 68.7 81.6 86.5 1479.3
MACT 98.4 76.5 93.9 89.6 87.2 7521.2
Learning-based methods
PointDSC 91.8 79.2 81.7 76.8 82.5 905.0
VBReg 96.7 89.3 89.6 84.8 90.5 10154
PREDATOR 53.3 64.0 71.3 72.8 64.0 1657.8
Segment- and plane-based methods
VPFBR 33.7 14.9 43 5.6 16.4 1259
PLADE 4.9 5.9 2.6 3.2 4.6 7089
G3Reg 29.9 20.1 47.8 52.0 32.7 1619
Ours
PARTE 100.0 99.0 100.0  100.0 99.6 437.6




Although ETH is largely unstructured and often contains
only the ground plane as a reliable planar feature, the available
plane correspondences still provide useful complementary con-
straints. PARTE recovers 40 of the 43 registrations missed by
TEASER++, with plane correspondences participating in 39 of
these recoveries. The ground plane is selected in all 39 cases,
while only 12 contain an additional plane correspondence. This
shows that even a single reliable plane can provide useful com-
plementary evidence when the point correspondences alone are
insufficient.

Gazebo Winter provides an especially interesting exam-
ple. The relative motion is close to gravity-aligned, with a
maximum tilt of 5.48°, making it well suited to the reduced
rotational model exploited by QUATRO [16]. PARTE recovers
95 of the 96 registrations missed by QUATRO. In 92 of
these cases, QUATRO’s point-only maximum clique contains
incorrect correspondences, with outliers forming the majority
in 36 cases. PARTE uses the matched ground plane directly
in the compatibility graph, where plane—point consistency
removes point correspondences that disagree with the shared
plane before transformation estimation. Therefore, the ground
plane provides information during correspondence selection,
rather than only constraining the final pose.

Ablation studies of our algorithm for planar-patch extrac-
tion, plane weight selection, and runtime are presented in
Appendices A and B. Fig. 10 summarizes performance across
the four main benchmarks. PARTE achieves the highest
mean success rate while maintaining low runtime, showing
consistently strong performance across both indoor and
outdoor registration problems.

D. Limitations

The experiments show that reliable plane correspondences
can substantially improve global registration, particularly when
the point correspondence set contains few inliers. At the same
time, PARTE remains fundamentally a mixed point—plane
method, and its behavior approaches that of the underlying
point pipeline when few useful planes are available. As
discussed in Appendix B, point descriptor computation and
matching also remain the main computational bottleneck.

A second limitation is sensitivity to changes in the geometry
and density surrounding a plane. This is most evident on
RESSO in Table IV, where partial-to-full registration can sub-
stantially change the context observed around corresponding
planes and reduce the effectiveness of PCH. Large density
variations, particularly in LiDAR, can produce a similar effect.

VI. CONCLUSION

We presented PARTE, a global point-cloud registration
method that complements conventional point features with
explicitly extracted and matched planar patches. Our Plane
Context Histogram (PCH) algorithm describes each plane
using the surrounding geometry, enabling reliable plane corre-
spondences when the patch itself is ambiguous. These corre-
spondences are combined with point matches during outlier
rejection and transformation estimation, while the method
naturally reduces to point-only registration when useful planes

PARTi'(ours) [>RANSAC

80 TEASER xMAC <>FGR
S ] CLIPPER+
g7 KISS-Matcher B TEASER++
2 60 @®QUATRO
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Fig. 10. Overall registration performance across 3DMatch, 3DLoMatch,
KITTI-10m, and KITTI-LC. Each point reports the mean success rate and
runtime across the four benchmarks, with each benchmark weighted equally.

are unavailable. Across diverse indoor RGB-D and outdoor
LiDAR benchmarks, PARTE achieves consistently strong reg-
istration performance and the best overall success rate among
the evaluated methods.
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APPENDIX A
ABLATION STUDIES

Plane extraction. The plane-extraction method introduced
in Sec. IV-A is designed specifically for the mixed point—plane
registration pipeline rather than for maximizing segmentation
quality. During initialization, points whose neighborhoods do
not satisfy the planarity conditions are excluded from region
growing and remain available as point features. As illustrated
in Fig. 11, this produces conservative planar patches while
preserving edges, corners, and other non-planar regions.

This early rejection also reduces the segmentation workload.
On average, the initialization test excludes approximately 40%
of the points from region growing on 3DMatch, 50% on
KITTI-10m, and 65% on ETH. Fig. 12 shows that these
rejected regions are also more useful for point matching: the
FPFH inlier ratio generally increases with normal dispersion.
Therefore, the same test both avoids absorbing distinctive point
features into planes and reduces unnecessary region-growing
operations. Table XI compares several alternative plane-
extraction backends within the same registration pipeline.

TABLE XI. Effect of the plane-extraction backend on registration perfor-
mance. SR reports the success rate of the complete PARTE pipeline, while
Time reports the mean plane-extraction time per scan.

. 3DMatch 3DLoMatch KITTI-10m

Plane extraction
SR (%) Time (ms) SR (%) Time (ms) SR (%) Time (ms)

PCL RANSAC [43] 78.5 254.4 274 251.3 90.3 860.9
PCL region growing [77] 76.8 18.9 26.9 18.7 97.7 43.1
Efficient RANSAC [78] 85.8 13.3 432 13.3 90.6 54.4
Robust Planar Patches [79] 75.2 14.2 26.2 14.3 89.9 24.5
GEM frontend [26] 834 2.9 39.2 2.8 99.8 6.8
PARTE 89.4 15 56.0 74 99.8 120

PARTE provides the strongest registration performance
while remaining faster than most reliable segmentation base-
lines. For completeness, the reported PARTE segmentation
time includes KNN construction, although these neighbor-
hoods are reused elsewhere in the pipeline.

Weighted correspondence selection. We next evaluate
how plane correspondences should contribute during clique
selection. We compare the standard unweighted maximum
clique against two weighted variants. The first assigns the
same weight to every plane correspondence, while the second
scales each plane weight using its PCH confidence w;. In
both cases, a weight multiplier controls the overall influence of
plane correspondences relative to unit-weight point matches.

Fig. 13 shows the effect of varying the weight multiplier
on 3DMatch and KITTI-LC. Confidence-based weighting is
considerably less sensitive to the multiplier, maintaining strong
performance over a broader range. This supports using the
PCH confidence to distinguish reliable plane matches from
ambiguous ones during clique selection.



(a) PCL RANSAC [43]

Fig. 11.  Comparison of plane-extraction methods on a representative scene
from the RedKitchen dataset. Colored regions denote extracted planar patches.
In PARTE, red points fail the initial planarity test and are excluded from
region growing, leaving them available for point-feature matching. Reported
times show plane-extraction runtime; the PARTE timing also includes KNN
neighborhood search.
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Fig. 12. FPFH inlier ratio as a function of local normal dispersion on

3DMatch and KITTI-10m. Points with larger normal dispersion are more

likely to produce correct FPFH correspondences, supporting the 12° threshold
used to exclude such regions from plane growing.

APPENDIX B
RUNTIME ANALYSIS

To understand where PARTE spends computation, we com-
pare its runtime breakdown against a point-only variant. The
point-only variant uses the same downsampling, normal esti-
mation, FPFH matching, and robust registration pipeline, but
does not extract or match planes. Instead, FPFH descriptors
are computed over the full downsampled point cloud. Fig. 14
shows the average runtime on 3DMatch and KITTI-10m
under both multithreaded and sequential execution. Overall,
separating planar points and matching them as patches can
substantially reduce the total runtime by lowering the cost of
point descriptor computation, matching, and outlier rejection.
Nevertheless, PARTE’s runtime remains dominated by the
conventional point-matching stage.
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Fig. 13. Effect of plane-correspondence weighting on registration success.

Fixed weighting assigns the same weight to all plane matches, while
confidence-based weighting scales their contribution using PCH confidence.

[ Downsampling I Plane
[ Normal Estimation [ FPFH

ion [ Plane M
[ Point-Matching

@ Outlier Rejection

3DMatch KITTI-10m
E
< PARTE
I
=
3
£
=  Point-only
=
I T T I T T
25 50 0 150 300
E PARTE
=]
=
5
=
=3
o
@ Point-only
I T T F T T
0 100 200 0 600 1200

Mean runtime per pair (ms)

Fig. 14. Runtime breakdown of PARTE and the point-only variant on
3DMatch and KITTI-10m under multithreaded and sequential execution. Plane
extraction and matching add overhead, which is offset by lower point-feature,
matching, and outlier-rejection costs.
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