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Abstract

With the growing adoption of automation in industrial settings, computer vision
has become increasingly important for enabling robots and systems to perceive
their surroundings. A core 3D vision task is point cloud registration: estimating the
rigid motion (rotation and translation) that aligns two 3D scans of the same subject
captured from different viewpoints, often with partial overlap. Reliable registration
supports applications such as 3D reconstruction, robot localization and mapping,
and object pose estimation. Since pipelines often succeed or fail depending on the
quality of the initial correspondences, we isolate how the choice of local feature
descriptor affects alignment quality through a controlled comparison between
classic, handcrafted descriptors and modern deep-learning based alternatives within
otherwise identical registration pipelines.

We study this problem using a deliberately simple, controlled pipeline to isolate
the effect of feature descriptors. A fixed global-to-local stack, with feature matching,
Random Sample Consensus (RANSAC) for initial alignment, and Iterative Closest
Point (ICP) for refinement, is implemented in Open3D twice: once with the
handcrafted Fast Point Feature Histograms (FPFH) descriptor and once with
the learned Fully Convolutional Geometric Features (FCGF). To ensure a fair
comparison, both variants share the same hyperparameters and a conservative cap
on ICP iterations, and the system is instrumented with iteration counters and
per-stage timing. We evaluate across three regimes: (i) the 3DMatch test split;
(ii) a noise-augmented 3DMatch benchmark (Gaussian noise, spikes, pepper); and
(iii) a cross-domain CAD to RGB-D setting adapted from SuctionNet, where a
lightweight centering step preconditions point clouds. Metrics follow established
practice and the official 3DMatch protocol, reporting fitness, inlier RMSE, and
precision/recall via rotation/translation error checks (RRE/RTE).

Empirically, stronger correspondences upstream (FCGF) resulted in faster and
steadier consensus and lighter refinement downstream: fewer RANSAC steps, bet-
ter ICP start basin, improved robustness under injected noise while maintaining
quality; under cross-domain, generalization remains competitive with minimal pre-
conditioning. These results provide a controlled, reproducible baseline connecting
descriptor quality to end-to-end efficiency and accuracy in registration pipelines.
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Chapter 1

Introduction

Reliable 3D point cloud registration is the base of a long line of perception tasks
in robotics, mapping, augmented reality, and industrial inspection. In its most
common form, the problem is posed as pairwise alignment: given a source and a
target cloud captured from different viewpoints, estimate the rigid transform that
best aligns them. Classical pipelines approach this with a global stage to break
symmetries and reject outliers, such as Random Sample Consensus (RANSAC) [1]
with a closed-form 6-DoF solver, followed by a local refinement stage to polish
the pose, such as point-to-plane Iterative Closest Point (ICP) [2, 3]. Whether
these systems succeed or fail depends critically on the quality of correspondences
produced by the feature extractor upstream.

Handcrafted descriptors, such as Fast Point Feature Histograms (FPFH) [4],
summarize local surface geometry through histograms and have long been the
default in real systems due to their simplicity and interpretability. More recently,
learned descriptors trained directly on point clouds, such as Fully Convolutional
Geometric Features (FCGF) [5], have shown strong repeatability on real scans and
better tolerance to clutter and self-similar structures. A practical question that
emerges is how much we can gain by replacing the descriptor while keeping the
rest of the pipeline (i.e., the downstream registration stages) unchanged. This is
the central question of this thesis.

We implement and compare two pipelines built on Open3D!: a geometric-only
baseline using FPFH, and a deep-learning variant that swaps FPFH for FCGF
while keeping the same global (feature-based RANSAC with Kabsch-Umeyama [6])
and local (point-to-plane ICP) stages. We instrument both with iteration counters

LOpen3D is an open-source Python library for 3D data processing. It provides tools for loading,
processing, visualizing, and analyzing point clouds, meshes, and RGB-D (Red, Green, Blue and
Depth) images, and includes well-established classical registration algorithms widely used in
computer vision and robotics. Available at https://www.open3d.org/.
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and stage-level timers and evaluate them in three complementary settings: (i) the
standard 3DMatch benchmark (Section 4.5), (ii) a noise-augmented 3DMatch
variant with controlled corruptions (Section 5.2), and (iii) a cross-domain object
benchmark adapted from SuctionNet (Section 5.3) where sources are Computer-
Aided Design (CAD) models and targets are RGB-D reconstructions.

Concretely, we ask:

1. Does swapping in learned descriptors reduce the effort of global and local
stages (iterations)?

2. Does it improve alignment quality (fitness and inlier Root Mean Square Error,
RMSE) and end-to-end runtime?

3. How do both pipelines behave under synthetic degradations (Gaussian noise,
sparse spikes, salt-and-pepper dropout)?

4. Do the gains carry to a cross-domain alignment where the appearance gap is
large?

Section 4 formalizes the pipeline and implementation choices. Preprocessing
includes voxel downsampling and normal estimation. Feature extraction is either
FPFH or FCGF. Tentative correspondences are built by 1-Nearest-Neighbor (1-NN)
in feature space with a mutual filter. RANSAC estimates a rigid transform from
minimal 4-point subsets and uses distance and edge-length checkers before scoring.
ICP refines with a Gauss—Newton point-to-plane update.

To analyze effort, we capture RANSAC and ICP iteration counts by parsing
Open3D’s debug logs. To analyze time, we wrap stages with a high-resolution
timer. For accuracy we report fitness and inlier RMSE at both stages, and (on
3DMatch) recall and precision using the official toolbox (Relative Rotation Error,
RRRE < 15°, and Relative Translation Error, RTE < 0.3m). For robustness
we introduce an augmentation module: variable-variance Gaussian noise; sparse,
positively skewed spikes; and salt-and-pepper dropout. For the cross-domain study,
we adapt SuctionNet scenes by reconstructing per-object point clouds from RGB-D
and add a lightweight centering step that de-means both clouds at the origin
prior to feature computation, leveraging cheap numerical operations that improved
stability under large offsets.

Across standard 3DMatch, replacing FPFH with FCGF reduces RANSAC effort
by roughly one third and ICP by about one fifth, while raising fitness at both stages
and lowering inlier RMSE (Section 5). End-to-end time shrinks not only because
there are fewer iterations to pay for, but also because feature extraction itself
is faster with FCGF', matching prior reports on 3DMatch where FCGF exhibits
lower per-feature latency than classical descriptors. Under injected corruptions,
the deep-learning pipeline remains more resilient: it converges in fewer RANSAC
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validations and attains higher fitness and lower RMSE, even when ICP hits a fixed
iteration cap in the heaviest-noise settings. In the cross-domain benchmark, FCGF
again helps on the global stage (iterations, fitness, RMSE), with ICP performing
similarly on average between pipelines. Estimated recall improves modestly overall,
with object-to-object variability expected from the domain gap.

Along the way we document practical behaviors that matter in the field: how
conservative feature matching under noise can clean correspondences and raise the
inlier fraction, shortening RANSAC according to its confidence bound; how a small,
fixed ICP budget behaves under noise; and how a simple de-meaning step improves
numerical conditioning when clouds start far from the origin.

We summarize the main technical contributions and empirical results below.

o An FPFH-RANSAC-ICP baseline and an FCGF swap-in variant, implemented
on Open3D [7], sharing the same global/local solvers and hyperparameteri-
zation for a fair comparison. Public code release for end-to-end experiments
and figures ([8]).

o A lightweight module that captures RANSAC and ICP iteration counts from
Open3D logs and stage-level timers, enabling device-agnostic effort analysis
and transparent runtime accounting.

« A controllable noise augmentation module with variable-variance Gaussian
noise, skewed spike outliers, and pepper dropout, plus full ablations (none,
Gaussian, Gaussian+spikes, Gaussian+spikes-+pepper) used to stress-test both
pipelines.

o A novel cross-domain benchmark assessing a CAD to RGB-D setup derived
from SuctionNet [9] with per-object reconstructions, a simple centering pre-
conditioner, and a protocol for approximate recall without ground truth
(fitness-based success proxy).

o With learned features: (i) RANSAC iterations drop by ~30% and ICP by
~20%; (ii) fitness rises at both stages (deep-learning RANSAC alone already
surpasses geometric-only ICP); (iii) inlier RMSE decreases at both stages
(millimeter-level gains); (iv) end-to-end runtime is markedly lower, consistent
with FCGF’s faster feature extraction on 3DMatch [5].

o The learned pipeline maintains higher fitness and lower RMSE across all noise
settings; RANSAC variability widens as noise grows (explained by the inlier
fraction in the confidence bound), while ICP often meets the iteration cap
in the heaviest-noise cases yet still finishes with lower error due to better
initialization.
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o Learned features reduce global effort and error on CAD to RGB-D pairs; ICP
averages are similar across pipelines; estimated recall improves modestly overall
with notable object-level variation, suggesting that light domain adaptation
or coarse-to-fine schedules could close the remaining gap.

Overall, this thesis makes a practical point: modern learned descriptors can be
dropped into a familiar RANSAC and ICP stack to yield faster, more accurate
registration with minimal changes elsewhere. The rest of the thesis details how we
built, measured, and stress-tested that claim, and where the margins still are—and
should be targeted next. The full code developed for this thesis and its experiments
is provided at [8].



Chapter 2

Related Works

Point cloud registration (PCR) estimates the rigid transform that aligns a source
cloud to a target in the presence of noise, partial overlap, and viewpoint change. In
practical settings (robotics, mapping, inspection), scans are incomplete, sampling
densities differ, and outliers are common. These conditions impose three recurring
requirements on a deployable pipeline: (i) robustness to mismatches and missing
geometry, (ii) low latency and modest compute, and (iii) stability across scene
scales, sensors, and operating regimes. Modern systems address these demands
with a coarse-to-fine structure: first obtain reliable correspondences and a robust
coarse pose, and then refine locally at geometric resolution.

Most recent progress consolidates around correspondence-based strategies. The
central object is the correspondence set, which includes pairs of points hypothesized
to represent the same surface location across different clouds. Pipelines differ
primarily in how this set is constructed and how it is used to estimate pose. On
construction, we distinguish (i) feature-based methods that compute descriptors
and match them in feature space, (ii) geometry-based methods that rely directly on
spatial proximity (typically assuming a good initialization), and (iii) hybrids that
couple a descriptor-driven coarse alignment with a geometric fine stage. Within
feature-based approaches, we further separate keypoint-based versus keypoint-free
extraction, and hand-crafted versus learned descriptors. Keypoint-based pipelines
trade density for repeatability and speed, while dense keypoint-free schemes offer
higher recall but require downstream filtering (often via attention mechanisms or
graph reasoning) to suppress ambiguous matches from low-texture regions.

Given a tentative correspondence set, global registration estimates an initial
SE(3) transform while tolerating high outlier rates. Representative families include
hypothesize-and-test consensus (e.g., RANSAC [1]), robust optimization with grad-
uated or truncated penalties, convex/certifiable relaxations, and graph formulations
that enforce pairwise consistency among matches. The trade-off is clear: stronger
robustness and guarantees typically increase compute, while lighter solvers reduce
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latency but rely on well-formed correspondences and effective sanity checks.

With a reasonable initialization in hand, local registration refines the pose by
minimizing geometric residuals. Classical ICP [2] and its variants (point-to-point,
point-to-plane, generalized) remain widely used due to simplicity, speed, and reliable
convergence in the small-residual regime. Alternatives such as Normal Distributions
Transform (NDT) [10] and Coherent Point Drift (CPD) [11] adjust the residual
model for smoother objectives or probabilistic robustness. Practical implementa-
tions rely on acceleration structures (e.g., KD-trees), multi-scale strategies, and
robust kernels or trimming to resist the residual outliers that survive the global
stage.

Across these threads, a few design principles emerge for reliable PCR: (i) adopt
a coarse-to-fine structure to decouple outlier handling from precision fitting, (ii) pre-
fer descriptors and normalizations stable under sampling density and moderate
rotations, (iii) attach confidence to matches and enforce geometric consistency
before pose estimation, (iv) use estimators with explicit outlier models at the global
stage and well-conditioned residuals at the local stage, (v) control runtime via
compact keypoint sets or sparse convolution backbones, efficient neighbor search,
and early rejection tests, and (vi) evaluate with metrics that reflect deployment
goals, such as pose error, recall, inlier ratios, and time.

This chapter is organized accordingly. Section 2.1 reviews feature extraction
strategies, contrasting keypoint-based and keypoint-free pipelines and discussing
descriptor design and correspondence refinement. Section 2.2 surveys global reg-
istration methods that convert tentative matches into a robust initial transform,
before deep diving in RANSAC. Section 2.3 covers local refinement algorithms
and the practical choices that make them fast and stable, before focusing on ICP
and its alternatives. Together, these sections motivate the pipeline choices and
evaluation criteria adopted in the remainder of this work.

2.1 Feature Extractors

In point cloud registration (PCR) tasks, the end goal is to align two point clouds
(source and target). However, since different scans usually capture distinct views of
an object or scene, it is common for them to contain points representing parts that
are absent in the other cloud. Thus, not all points should be aligned. So, the first
step is to identify which points are present in both clouds, representing the same
thing and, therefore, should be aligned. These point-to-point matches are called
correspondences pairs, and the collection of all these pairs form the correspondence
set.

Methods that rely on this correspondence set to estimate the rigid transformation
are commonly referred to as correspondence-based methods, and they dominate

6
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recent advances in 3D registration. In order to build the correspondence set which
will later be used to generate the alignment, there are typically three approaches:
(i) feature-based, (ii) geometry-based, and (iii) hybrid.

First, the feature-based approach establishes correspondences between points
based on the geometric features and aspects of the cloud, such as shape and curva-
ture. These models encode local geometry information for each point (or patch)
in each cloud, before matching them across clouds. In this way, the comparison
and matching accounts for how similar are the overall structures each point or set
of points form (e.g., edges and corners). This branch of models includes classical,
hand-crafted ones such as FPFH for fast local normal histograms [4] and Signature
of Histograms of Orientations (SHOT) for orientation histograms in a repeatable
local reference frame [12], and modern learned ones like FCGF for dense learned
features [5], D3Feat for joint keypoint detection and description [13], GeoTrans-
former for superpoint matching with geometric attention [14], and Deep Global
Registration (DGR) [15] for deep correspondence weighting and global registration.
These methods have driven much of the recent progress due to improved robustness
under partial overlap, sensor noise, and large initial misalignment [4, 5, 14].

However, it is not strictly necessary to rely upon these features, and, instead,
the geometry-based approach simply relies on the raw coordinates (and sometimes
normals) directly. In these cases, the correspondences are set by straightforward
distance metrics (i.e., geometric proximity). This means that the basic assumption
here is that points that are close to each other are similar and, therefore, must be
aligned. Because of this, although these methods have the advantage of skipping
the feature extraction stage, the downside is that they are heavily sensitive to the
initial alignment (i.e., they consistently present high performance if, and only if, the
clouds are already fairly aligned and close to each other). If the initialization is not
precise enough, with a pose far from the optimum, they may fall into local minima
or fail altogether, becoming much less reliable [16]. Hence, this class of methods
is typically adopted as a fine-alignment stage to refine an obtained coarse initial
transformation estimate [17]. It comprises mainly classical and geometry-driven
algorithms, most notably the Iterative Closest Point (ICP) [2] and its variants
(like point-to-plane ICP [3] and Generalized ICP (G-ICP) [18]), as well as related
matching formulations such as the NDT [10] and CPD [11].

Then, the so-called hybrid approach, which has become prevalent in many
modern PCR pipelines, as the name suggests, works by combining the previous
two approaches: a feature-based model is used to reliably produce an initial rigid
transformation that aligns the clouds well enough to serve as a robust initialization
to a following local refinement stage, which increases the fit and precision of the
previous transformation [4, 19]. This leverages the strengths of both branches while
mitigating their weaknesses, resulting in a robust approach.

A feature in this context is a compact, discriminative representation of local
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geometry around a point (or patch). It goes beyond coordinates by encoding
structural context such as surface variation, angles, or neighborhood configuration,
thereby supplying richer information to the pose estimator [4, 5, 14, 20]. Figure 2.1
shows a RedKitchen fragment and the same cloud colorized by per-point feature
descriptors. Points that are similar in feature space (i.e., locally similar geometry)
tend to share matching colors, so similar objects appear in related hues (e.g., the
chairs).

o

./_g,fi!ﬁw' 7] - 2

(a) Raw cloud (b) Feature-colored cloud

Figure 2.1: Feature visualization on a 3DMatch RedKitchen fragment. (a) Raw
point cloud. (b) The same cloud, with each point colored by its descriptor (projected
to RGB). Similar colors indicate similar local geometry. Note that absolute colors
have no semantic meaning, only relative similarity matters.

The feature extraction strategy adopted represents a major design choice, and
PCR pipelines can be typically split into two categories: (i) keypoint-based and
(ii) keypoint-free methods.

Key-point based methods first detect salient and distinct, or repetitive, points
(called keypoints), which can be understood as a location of interest that stands
out from its surrounding (e.g., corners and edges) and can therefore be leveraged
as a reference to align two clouds. Several detectors have been proposed, and
they can be hand-crafted, such as Intrinsic Shape Signatures (ISS) [21] and 3D
Scale-Invariant Feature Transform (SIFT) [22], or learned, like Unsupervised Stable
Interest Point (USIP) [23]. Once the keypoints have been detected, their descriptors
are computed. A descriptor works similar to an embedding of the keypoints, it
encodes the local geometry information into a vector space, i.e. the feature space.
This process of summarizing and converting geometric information into a specific
space domain, allows for easier and faster matching and operations in the following
steps [17]. Descriptors too can be obtained through classical approaches, like
FPFH [4] and Spinlmages [24], or on deep-learning, like FCGF [5] and D3Feat [13].

8
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Then it is finally possible to match the descriptors between source and target
points by finding those that are closer in the feature space. Therefore, the distance
measured here is not geometric, but a representation of similarity [17]. With the
correspondence set built, the rigid transformation can be estimate through methods

such as RANSAC [1].

Although selecting a set of few but well-descriptive keypoints makes the previous
approach efficient, it also results in sparse correspondences, meaning less information
to be leveraged when estimating the transformation. Furthermore, in cases where
the cloud presents low-texture or noisy regions it might be hard to detect reliable
keypoints. The alternatives arises as the keypoint-free methods, which avoid the
explicit keypoint detection step by, instead, processing the whole cloud (or a dense
subset). Then, after obtaining the descriptors for all (or at least most) points, as
the previous approach, the points are matched based on pairwise feature similarity
scores (such as distance in feature space).

Since features were obtained for a large number of points, this step yields a
dense correspondence set [5, 14], which would be computationally demanding to
be considered whole. Additionally, by neglecting the detection of locally salient
points that presented high geometric distinctiveness, keypoint-free methods are
sensitive to ambiguous points, without any geometric peculiarity. Therefore, many
points from flat, featureless and repetitive regions of the cloud will be analyzed.
Due to their uniform and bland geometry, these points might appear similar locally,
producing closely resembling descriptors even if they are not true matches globally
(e.g., points from two separate flat areas of the cloud). For these two reasons, most
models that follows this methodology introduce a matching-refinement stage that
uses contextual reasoning to filter the initial dense correspondence set. For this
end, several implementations have been proposed, with common ones relying on
the use of attention mechanisms or Graph Neural Networks (GNNs) [5, 14, 25].

For attention-based refinements, the descriptor of a source point is updated
by aggregating information from other points identified as relevant via learned
attention weights. With cross-attention, each point in one cloud attends to points
in the other cloud. This means that, for each source point, the model compares it to
all (or top-k) target points, computes attention weights based on feature similarity,
and performs a weighted aggregation of target descriptors to update the source
point descriptor or to produce match confidences for filtering false positive [14,
26]. Because target points that appear more compatible with the current source
point receive higher weights, they contribute more to the update, making the
source descriptor increasingly similar to theirs. This allows the source descriptor
to become aware of the target points or regions it aligns with, thereby facilitating
correspondence matching and reducing outlier correspondences [14]. Besides that, a
simpler approach is to adopt the attention weights directly as matching-confidence
scores, since they quantify how strongly each source point attends to each target
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point [14, 26].

Alternatively, with self-attention, instead of comparing both clouds, each source
point attends to its neighboring points within the same cloud. This injects local
context (i.e., information about the geometry immediately around the points), and
long-range context (i.e., how this region compares to farther structures in the same
cloud). This results in more discriminative descriptors where, for instance, flat
regions that looked locally identical become distinguishable once the surrounding
geometry (curvatures, edges, corners, etc.) are encoded. Thus, by reducing
ambiguous features, the subsequent cross-matching yields fewer outliers [13, 14].

On the other hand, GNN-based refinements usually represent tentative corre-
spondences as nodes which are connected by edges that encode geometric proximity
or consistency. For instance, two correspondences (nodes) are linked (by edges)
if they are mutually consistent under a rigid motion, meaning that given two
correspondences, the distance, normal, and angle between both source points are
similar to those between the two target points. Then, the descriptors of the points
are updated by the neighboring (i.e. connected) nodes, similar to the attention
based approach. A GNN then passes over this correspondence graph, updating each
node’s embedding based on its compatible neighbors (linked nodes) and producing
a confidence (inlier) score per correspondence. These scores are used to filter the
tentative matches [25, 27].

In summary, while keypoint-free pipelines have impressive robustness, they are
often heavier and more complex, which can be incompatible with industrial settings
that operate under tight latency and low-compute constraints [5, 14, 26]. For
this reason, after this overall review of feature extractors, we now concentrate
on keypoint-based registration. As noted earlier, we can further split this class
based on the strategy they rely on to obtain the descriptors: (i) classical geometric
algorithms, grounded in analytic models and heuristic design (i.e., manually engi-
neered descriptors), or (ii) Al-based models, that leverage learned detectors and
descriptors. In what follows, we give a quick overview of notable advances in each
category and deep-dive into those that will be selected to build the pipelines to be
analyzed in this study.

The initial work on hand-crafted 3D local descriptor extractors set the foun-
dation for correspondence-based registration [28]. Spinlmages projects a point’s
neighborhood to a 2D accumulator anchored on the surface [24]. Unique Shape Con-
text (USC) anchors a shape-context histogram with a unique local reference frame
to improve distinctiveness and memory use [29]. SHOT aggregates histograms of
normals within a robust and repeatable local frame [12]. Point Feature Histograms
(PFH) and FPFH summarize pairwise angular relations of normals and relative
geometry as compact orientation-aware histograms [4, 30].

Among these, we focus on FPFH because it preserves much of PFH’s geometric
discriminative power, offering approximately pose-invariant local features, while
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dramatically reducing the computational complexity [4, 17, 28]. Hence, to un-
derstand FPFH, one must first comprehend PFH. Given a set of 3D points and
their estimated normals, often obtained by Principal Component Analysis (PCA)
in a local patch [31], PFH defines, for each point p, a sphere of radius r around
it, delimiting its neighborhood. Then, all points within this sphere are selected
(k-neighbors of p). For each pair of different points p; and p; in this neighborhood
and their estimated normals n; and n;, where p; is defined as the point of the pair
that has the smaller angle between its normal and the line connecting the pair. A
Darboux frame is defined using n; through:

U =ny;
v=(p; —pi) Xu (2.1)
w=1uXUv

Then, using (u,v,w)) and n;, PFH computes three angular variations:

a=17v-n;
u-\pPj — Pi

p= P (2.2)
Ips = i

§ = arctan (w - nj, u - n;)

PFH repeats this for all point-pairs in the k-neighborhood accumulating the
occurrences of «, ¢ and # into a multi-dimensional histogram (i.e., it saves each
feature into discrete fixed bins of uniform ranges). Thus, this histogram, often
normalized, represents the consolidation of the local geometry around point p, i.e.
its descriptor (or feature) [4, 30].

While PFH produces highly descriptive features, its computational complexity
of O(n - k%) where n is the number of points and k is the select neighborhood size,
grows too quickly, making this approach unfit for real-time, or even near real-time,
industrial applications. To solve this issue, FPFH was proposed, reducing the
complexity to O(n - k) while maintaining roughly the same feature performance of
PFH [4].

FPFH begins similar to PFH, where for each point p a sphere defines its k-
neighborhood. Then, it too computes the angular variations using (2.2). However,
instead of computing these relations for all pairs between neighbors themselves,
FPFH does it only for pairs between p and a neighbor. The resulting histograms are
defined as the Simplified Point Feature Histogram (SPFH). Then, after SPFH has
been obtained for all keypoints, a refinement step takes place. In it, for each point
and its k — neighbors, FPFH tunes its SPFH descriptor by aggregating the SPFH
descriptors of its neighbors through distance-based weights wy (i.e., neighbors that
are closer to p will have more influence on the refinement of its descriptor):
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FPFH(p) = SPF(p) + ; Z :k SPF(pg) (2.3)

Finally, this is followed by the usual histogram normalization [4]. In practice,
the results are compatible with the results of PFH, with the major gain of higher
scalability [4, 17, 28], which is the motivation of our choice for this extractor later
on this study.

Now, we switch context to learned feature extractors. As mentioned, these
represent the most recent advances in 3D descriptors. By adopting deep-learning
architectures (whether supervised or self-supervised), they are able to learn more
constant and wider geometric context directly from data.

Early neural approaches segmented local neighborhoods and learned volumetric
Truncated Distance Function (TDF) descriptors, as in the 3DMatch descriptor [32].
Other methods align local patches to a consistent local frame, convert the points
into a smooth 3D grid (a blurred occupancy map), and read features at multiple
neighborhood sizes to capture both fine details and overall shape, for example
3DSmoothNet [33] and GeDi [20]. Fully Convolutional Networks (FCN) backbones,
such as FCGF [5] produce dense per-point descriptors efficiently. Joint detect-and-
describe networks improve repeatability, as shown by D3Feat [13]. Rotation-aware
kernels strengthen robustness to orientation changes, as in the Convolutional
Neural Network (CNN) based SpinNet [34]. Additionally, approaches focused
on transformers have recently gained attention, such as GeoTransformer [14],
where the point matcher incorporates long-range geometric priors to improve the
correspondence stage.

Among these, we focus on FCGF due to its strong balance of accuracy and
efficiency. It yields dense, high-quality descriptors in a single forward pass using
sparse 3D convolutions, scales well on large point clouds, and should integrate
smoothly with robust transformation estimators under tight latency constraints [5].

As the name suggests, FCGF is based on a FCN architecture. An FCN is a CNN
that replaces the usual fully connected layers at the end with only convolutional
(and the regular required normalization and activation) blocks. This design enables
the network to accept inputs with variable sizes (while CNN demands fixed sizes)
and produce dense, spatial outputs with the same spatial structure of the input
(since the fully connected layers that would typically flatten the output were
removed). In 2D, for example, a standard classification CNN predicts one label for
the whole image, estimating what is being shown, whereas an FCN can produce
a label at each pixel, estimating what is being show in each part of the image,
producing a segmentation of the picture [35]. In 3D, this means we can voxelize a
point cloud and obtain a descriptor at every occupied voxel, rather than a single
global embedding (which would be of little use for PCR). FCNs are therefore a
natural fit for local feature extraction, since they share computation across the
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entire scene in one pass and return a dense descriptor field that can be mapped
back to the original points.

However, a traditional FCN with dense 3D convolutions must operate over
all voxels, and each 3D convolution has a cubic cost with the grid resolution.
Doing this for every voxel quickly becomes infeasible. FCGF keeps the fully
convolutional design but implements it with sparse 3D CNNs, using Submanifold
Sparse Convolutions and Minkowski Convolutions, that compute only on occupied
voxels and their immediate neighborhoods. This retains the benefits of FCNs while
dramatically reducing compute and memory [36, 37]. FCGF then learns descriptors
with a contrastive objective, so that true correspondences are left close together
in the feature space and non-matches are far apart, enabling robust matching
downstream[5].

Given an input point cloud and a chosen voxel size (set according to sensor noise
and scene scale), the first step in FCGF is voxelization. To do this, the 3D space is
partitioned into a regular grid with that constant resolution (set by the voxel size),
and each point is quantized to its voxel index (i.e., mapped to the nearest voxel
center). Points landing in the same voxel are aggregated into a single representation
of them, or a per-voxel feature, which encodes the information of all those points
into a single entry in the grid. These per-voxel features can be kept minimal, often
just a constant or a simple statistic, because in sparse CNNs, the geometry is
encoded by the voxel coordinates themselves (the set of active voxel indices and
their adjacency), so even very simple features suffice [36, 37]. Empty voxels are
then discarded, yielding a sparse 3D grid represented as coordinate-feature tuples,
which serves as the network’s input tensor [5].

Next, FCGF feeds the sparse grid into an encoder-decoder, UNet structure,
backbone, as shown in Figure 2.2. A receptive field is the specific area of an
input, that influences a particular feature. It is known that its size determines the
complexity level of what a feature can represent, small fields capture local basic
shapes (low-level features, such as edges, curvature and corners), while larger fields
capture broader and more meaningful shapes (high-level features). Because of this,
FCGF adopts this UNet structure, where the encoder progressively downsamples
the input through strided sparse convolutions, reducing the resolution, expanding
the receptive field and, consequently, gathering wider context, while the decoder
uses transposed sparse convolutions to upsamples it back, restoring the original
resolution, allowing the obtainment of descriptors for every occupied voxel. Besides
that, the skip connections fuse fine detail (low-level features) from early layers with
coarse semantics (high-level features) from deeper ones [5, 37, 38]. To keep this
efficient in 3D, layers use submanifold sparse convolutions, which compute outputs
only at already active voxel coordinates, preventing the grid from densifying after
each convolution [36].

The final layer outputs a low-dimensional descriptor at each active voxel, and
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Figure 2.2: Typical UNet architecture illustrating the encoder—decoder structure
with skip connections. The orange blocks represent convolutional layers followed by
ReLLU activations, the pink blocks denote max-pooling layers, and the green blocks
correspond to transposed convolutions used for upsampling. The black arrows
indicate skip connections linking encoder and decoder feature maps.

each vector is normalized on Lo so that cosine similarity and Euclidean distance are
consistent. Then, using the same quantization map from the voxelization process
(initial step), every input point inherits the descriptor of its voxel (or an average if
multiple points share the voxel), producing a dense per-point descriptors set ready
for the following matching stages [5].

Regarding how FCGF’s network is trained to extract feature descriptors from
point clouds, a metric learning strategy is adopted, where a contrastive loss is
used during training. In metric learning, the goal is learn how an embedding
(i.e., a representation system) according to specific task metric, which in this
case is a contrastive loss. This encourages FCGF to learn an embedding where
true matching points (positives) lie close together in the feature space, while non-
matching, dissimilar, points (negatives) are far a part from each other (beyond
a certain margin). To enable this, labeled training data were constructed from
fragment pairs with known relative poses (e.g., from the 3DMatch benchmark [32]).
Then, using the ground truth transformation to align the point cloud pair, voxels
from both clouds were compared: those whose centers present an Euclidean distance
between them that falls within a small radius were labeled as positives, while all
other pairs were set as negatives [5, 32].

Additionally to the metric learning, hard-negative mining is also employed,
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which means that among available negatives in a mini-batch, the most confusable
(i.e., closest) ones are emphasized so the network learns to push them apart. By
focusing on the most difficult cases, it improves descriptor discriminativeness and
training stability [5, 39, 40]. In practice, mini-batches include multiple fragment
pairs from diverse scenes, and standard 3D augmentations (e.g., random rota-
tions, translations, and noise/jitter) promote robustness. This supervision setup
encourages invariance to sampling density, moderate viewpoint changes, and sensor
noise, producing descriptors that are reliable for nearest-neighbor matching in
downstream registration steps [5, 32].

2.2 Global Registration

In the last section, we focused on feature extractors, which, as mentioned, are
vital for the downstream registration stage. Additionally, as already hinted, most
advanced pipelines usually adopt a two-stage mechanism: obtaining an initial
alignment followed by a refinement. In this section, we focus on the former, and in
the next section we will discuss the latter.

Global registration estimates the alignment between two point clouds without
any good initialization, aiming to handle large initial misalignment, partial overlaps,
and high outlier rates. It serves as a coarse alignment stage: given a correspondence
set (often from matching the descriptors obtained by the feature extractors reviewed
earlier), a global method returns a robust initial pose that is later refined by a
local solver [2, 3, 17, 18].

The obtained registration is given by a rigid transformation matrix, as in (2.4),
although typically the scaling factor is neglected, and only rotations and translations
are considered.

b _ SRZ tg
Ta - [OT 1] (24)

Historically, the work on this topic progressed along a few recurring ideas.
First, the were methods based on hypotheses generation followed by validations
routines (called hypothesize-and-test methods), which try to maximize the consensus
of correspondences over a certain hypothesis (candidate transformation). The
canonical example is RANSAC, and its specific variants towards PCR, which
remain a strong baseline for transformation estimation robust to outliers [1].

Along similar lines, geometric congruent set methods generate more informed
hypotheses by leveraging approximately congruent set of correspondences. Here,
a hypothesis is derived from a small set whose geometric configuration is almost
congruent across clouds (e.g., 4 coplanar points). By avoiding exhaustive matching,
it provides speed but can be sensitive to noise in geometric invariants and to scenes
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lacking distinctive structure. Notable examples include 4-Points Congruent Sets
(4PCS) [41] and Super4PCS [42].

Another branch of methods formulates the registration task as a global opti-
mization problem over the full 6 Degrees of Freedom (DoF) transformation space
(including rotations and translations), often solved with Branch-and-Bound (BNB),
such as Go-ICP [16]. By defining this 6-DoF space that contains all possible
combinations of rotations and translations, and defining an objective metric, such
as point-to-point Euclidean distance between the transformed source and the
target, the goal of optimizing this metric represents obtaining a transformation
that better aligns the cloud pair. Additionally, the nested BNB allows it to effi-
ciently explore the SE(3) search space, maintaining tight upper and lower bounds
over regions to prune regions that cannot contain better solutions (suboptimal
regions) [16]. Another common example is Globally-Optimal Gaussian Mixture
Alignment (GOGMA) [43], which instead of considering the individual points
themselves, it aligns Gaussian Mixture Models (GMMs) of the clouds (i.e., a
probabilistic model that approximates how the points are distributed within the
cloud), leading to smooth, differentiable objective while retaining global optimality
guaranteed via BNB [43]. These methods can provide deterministic optimality but
are computationally heavier. Regarding these methods, their the major advantage
is the deterministic guarantee of global optimality, when possible. However, they
are much computationally heavier, due to the expensive 6-DoF optimization.

Viewing registration as robust optimization over correspondences leads to meth-
ods such as Fast Global Registration (FGR) [19], which formulates PCR as a
robust least-squares (LS) over correspondences with a nonconvex penalty function
(Geman-McClure penalty) that down-weights outliers, and solves it via Graduated
Non-Convexity (GNC) for speed and robustness [19].

To facilitate the optimization approach, TEASER [44] uses convex relaxations
and decoupled subproblems to achieve guaranteed robustness (certifiable global
solution) without exhaustive search. It first decouples scale, rotation and trans-
lations into individual subproblems. Then, it leverages Truncated Least Squares
(TLS), where residuals beyond a certain threshold stop contributing. Finally, it
solves each subproblem individually through Semi-Definite Programming (SDP).
It is slower than approximate methods, and requires good noise models for tight
relaxation, but provides guaranteed solutions even under extreme outlier rates [44].

More recently, approaches based on graph theory gained attention, especially
Maximal Cliques (MAC) [25]. It models the correspondences as nodes in a graph
and connect those nodes that represent mutually consistent correspondences under
certain geometric constraints (e.g. if the relative distance or angle between source
points matches that of the target points, it makes these correspondences compatible
under a rigid transform). Then, it searches for the maximal cliques (i.e., a consistent
subset of connected nodes that cannot be increased by adding any other node from
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the graph) and, for each one, it generates a transformation hypothesis through
Singular Value Decomposition (SVD), before evaluating to select the best-scoring
one [25, 6].

Among these approaches, we now take a closer look at RANSAC, which is the
method we will later adopt for our global registration stage. We first recap the
core idea of consensus maximization from minimal samples as introduced by [1],
then describe the adaptations that make RANSAC effective for PCR.

RANSAC is a general iterative algorithm which can be applied to several different
contexts, always with the goal of estimating the parameters of a mathematical
model from data, being especially efficient when outliers are present. The overall
intuition is simple and can be split into few steps. First, randomly select the
minimum amount of data points needed to fit the model (e.g., two points for a
line or three points for a circle). Notice however, that it can take more than the
exact minimum, but it always selects a tiny subset of all available data. Then, fit
a candidate model to this random minimal subset and evaluate how many of the
remaining points that were not sampled can also fit this model within a certain
threshold (e.g. how many extra points are close enough to the estimated line or
circle). These points are called inliers, and if their number is not high enough,
RANSAC keeps repeating this process. Otherwise, if the number of inliers suffices,
we select all the inliers and re-estimate a final model taking into account all of these
points. The iteration continues until we reach the convergence criteria which are
either: a good enough model is found (i.e., some candidate obtained the minimum
number of inliers needed), or it reaches a maximum iteration limit [1].

Now, focusing on our task (PCR), RANSAC can be used for global registration.
In this scenario, our "data points" become the point pairs (correspondences) between
source and target. One could try to estimate what points are a match simply by
their geometric distance (i.e. which point in the target is closest to each point in
the source). However, this is neither reliable nor efficient, given how dense the
clouds are. Thus, a clever and more robust approach is the feature-based RANSAC,
where instead of looking simply at the raw spatial coordinates of the points, it also
leverages the information about their geometric features [5, 14, 17].

Given the feature sets for the source P and target ) clouds (previously obtained
by the feature extractor) we begin the algorithm by using them to build the
tentative correspondence set C (2.5), where p; is a source point and ¢; is its match
in the target.

C={,q),29), -, (Pn:qn)} (2.5)

Hence, in this feature-based approach, we build this set by, for each source point,
pairing it to the target point which is closest in the feature space (usually through
nearest-neighbor search) to obtain a tentative correspondence (it is not possible to
affirm whether they are a true match or not). Since we are dealing with the feature
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space, and not the Euclidean space, the match will be formed by the similarity of
the features of each point, not by their proximity. With the correspondence set
ready, we sample n random pairs from it. In 3D, a rigid transformation has 6-DoF
(3 for rotations and 3 for translations), so we need at minimum 3 pairs (3 points
in the source and 3 in the target) to compute the transformation, if they are not
collinear. Then, from these pairs, a candidate rigid transformation is computed.
There are multiple closed-form solvers able to do this, and a very common one is
the Kabsch-Umeyama method [6, 45]. First, compute the centroids of each cloud
and subtract their points by their centroids, effectively centering the cloud around
the origin.

n
p=>"p  a=2>4q
=1

i=1 (2.6)
Di=Dpi— D G =q —q.

Form the covariance matrix between both centered clouds.

H:zﬁ@T (2.7)
Compute its SVD.

H=UxV'T (2.8)

Use this to compute the optimal Rotation Matrix R* and check if it is a proper
rotation (no reflection).

* I 0 T
=V l() sign(det(VUT))] u (2.9)

Apply the obtained rotation in the raw source and compute the distance between
the centroids of the raw target and the rotated source to obtain the translation.

t*=g—Rp (2.10)

Finally, assemble the obtained rotation and translation into the rigid transfor-
mation matrix, as in (2.4).

According to the general RANSAC loop, the next step is to evaluate the
hypothesis against all points. Doing so requires applying the candidate transform
to the entire source cloud and counting inliers, which can be expensive when many
hypotheses are tested. To reduce overhead, practical pipelines insert an intermediate
step: apply the transform only to the sampled source points used to compute it,
then run a set of cheap checkers (filters) to decide whether the hypothesis is
worth scoring on the full set. If any checker fails, the hypothesis is discarded.
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Common checks include (i) an edge length (pairwise distance) consistency test,
which verifies that two correspondence pairs preserve inter-point distances within a
tolerance (ratio near 1), and (ii) a distance test, which verifies that, after applying
the hypothesis to the sampled source points, enough mapped points fall within a
positional threshold of their targets [5, 7]. This process repeats until a satisfactory
inlier count is achieved or a maximum iteration budget (derived from a desired
confidence) is reached, at which point the best-scoring transform is returned [1].

2.3 Local Registration

After a coarse global alignment, local registration refines the pose by minimizing
a geometric objective under the assumption of a good initialization and sufficient
overlap. In modern pipelines, this stage tightens the alignment from the robust but
coarse estimate delivered by global methods, typically converging via Gauss-Newton
iterations on small residuals [17].

The canonical example for this class is ICP, where starting from an initial pose, it
alternates between correspondence update (e.g., nearest neighbors) and pose update
to reduce a chosen error metric. The original formulation minimized point-to-point
distances [2], and the widely used point-to-plane variant improved convergence speed
and stability by projecting errors onto target normals [3]. Systematic analyses and
speed-ups (sampling, correspondence search, rejection, and linearization choices)
were surveyed and benchmarked by [46], establishing many practical variants
that remain standard today (e.g., normal-space sampling, and multi-resolution
pyramids). Beyond pure geometry, Colored ICP augments the objective with
a photometric term to better constrain tangential drift on low-texture surfaces,
improving convergence on RGB-D data [47].

Alternative local matchers adopt different residual models. The NDT replaces
NN search with registration against a grid of Gaussian cells, yielding smooth
objectives and robust behavior for LIDAR scan matching [10]. Subsequent 3D
variants quantify distances directly between NDT models to further stabilize and
accelerate alignment [48]. CPD casts alignment as probabilistic density fitting with
a GMM and Expectation-Maximization (EM) optimization (rigid and non-rigid),
offering effective handling of noise, outliers, and missing data [11]. Generalized
ICP (GICP) unifies point-to-point and plane-to-plane by modeling local surface
covariances, producing a single least-squares that adapts across scene structure [18].
On RGB-D streams, projective ICP and multiscale strategies enabled real-time
dense tracking and mapping (e.g., KinectFusion) by aligning each frame to a
predicted surface model [49]. Robust variants such as Trimmed ICP mitigate
outliers and partial overlap by optimizing over a subset of correspondences with
smallest residuals, improving convergence in difficult scenes [50].
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In what follows, we deep-dive into the classical ICP and some of its most notable
variations. Although ICP is sensitive to local minima in cases of poor initializations
and may require multiple iterations, it remains an established and intuitive method
with strong practical performance, capable of tightening coarse global alignments.
Additionally, numerous variants have been proposed to mitigate its limitations |2,
3, 46].

Although ICP was originally introduced for point-set (shape) registration (i.e.,
PCR), its iterative behavior of alternating between recomputing correspondences
and then solving a least-squares pose, has inspired related geometric optimization
schemes in other domains. The standard ICP framework, however, remains specific
to registration [17, 2, 3.

Once again, let us denote p; as points in the source P, ¢; as points in the target
Q, and Ty = (Ry, tp) as the initial transformation (obtained by global registration)
that roughly aligns P to @ such that Q ~ {Rop; + to | p; € P}. ICP starts its first
iteration (k = 1) by applying this initial transformation to the original source:

Py ={Rop; +1to | p; € P} (2.11)

Equivalently, with P representing P in homogeneous coordinates:
= ~ ~ P
Py =T,P, P = 1T (2.12)

The next step is establishing correspondences between the current source 4y and
the target (). The standard ICP, also called point-to-point ICP, simply evaluates
the Euclidean distance between pairs, matching, for each source point, the nearest
target point. There are many alternatives proposals to this matching strategy,
which we will discuss in the sequence. However, the main downside of the classical
approach is its computational cost, since computing all the pairwise distances gets
expensive very quickly when dealing with dense clouds. For instance, considering
that both source and target have roughly the same size, we can say N represents
the number of points in them, so the matching complexity would be squared
proportionally to the clouds size: O(N?). Additionally, this would be repeated for
each iteration k, producing a final complexity of O(kN?). But, in practice we have
that N > k, so we can reduce the cost back to O(N?) [3, 46].

To overcome this overhead, the most common approach is to adopt a KD-tree
(Figure 2.3), enabling efficient nearest-neighbor search by reducing the search
space [51].

This works similarly to a regular binary tree, but instead of a singular value per
node, we have K coordinates, and the tree has depth of D. The KD-tree is built on
the target cloud (), which remains stationary through all ICP iterations, meaning
that the tree can be build just once and reused for all following iterations. In 3D,
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Figure 2.3: Typical KD-tree structure and its space division procedure visualized
on 2D. Notice that the space on the left is divided by descending through the tree
and, at each level, alternating the axis in which the split plane is drawn.

we have K = 3 for the three axes. At each node, we must choose the splitting axis
(i.e., the direction of the splitting plane) and its order. This can be done by either
cycling through the axes (e.g.,x — y — z) or, more elegantly, selecting at each
node the axis with the largest variance in that node’s subset (directions along which
the cloud is more spread come first, while more concentrated directions come later).
We then split along that axis at the median point (i.e., split the space at the point
that keeps its roughly balanced in terms of number of points on each side). When
splitting the space, we store the median coordinate (split value) and the chosen
axis at the node (each node thus stores the median point’s coordinate on the split
axis and the axis index used to divide the space). Each subset is split into left and
right parts, and we keep recursively partitioning until a stopping criterion is met:
either we reach the desired subset size (i.e., the number of points at a leaf node
is below a certain threshold, usually between 8 and 32 points) or the maximum
depth. This building process has complexity O(N log N) and is performed only
once [46, 51].

Then, with the KD-tree ready, we query it for each p; to find its closest g;.
Starting at the root, we compare p; coordinates to the node’s split value along that
node’s split axis (as defined earlier). If p; is smaller, we descend to the left child,
otherwise, to the right. At each level, the split axis follows the same order/selection
rule used during construction. Upon reaching a leaf node, we compute the exact
distances between p; and the few points in the remaining subset, keeping the current
best one. As with other tree searches, we can also backtrack by ascending one level
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to the immediately previous node and exploring the sibling branch we skipped. We
do this only if the distance from p; to the parent node’s splitting plane is smaller
than the best distance so far (i.e., if the search sphere intersects the other side).
Considering a balanced tree this search process has expected O(log N) time in low
dimensions like 3D, with worst case of O(NN). This search is performed N times
(once for each p; in P) for each iteration k: O(kN log N). As mentioned before, in
practice we usually have N > k, so the overall search cost across all iterations can
be approximated as O(N log N) [46, 51]. Thus, the final complexity of the KD-tree
approach can be estimate as:

Ototal = Obuild + Osearch
= O(NlogN)+ O(NlogN) (2.13)
= O(Nlog N)

Therefore, when comparing the final time of the KD-tree approach O(NlogN)
with that of exhaustive search O(N?), the benefit of adopting this structure in
terms of reduced cost becomes evident[46, 51].

Returning to ICP, once the NN search is complete and the correspondence set for
iteration k has been obtained, we estimate the updated rotation R; through SVD
of the covariance matrix of the demeaned clouds, as in (2.9), and the translation
t; by, as in (2.9), computing the distances between p_; (i.e., the centroid of the
rotate current source Ry Py_1) and ¢ (centroid of Q) [6, 45]. Assembling these, yield
the transformation Ty, which ICP uses to proceed to the next iteration:

Piyr = {Rkpi +ti | pi € P} (2.14)

Or, once again in homogeneous coordinates:

- - - [P
Poy1 =TyP,, P, = lﬁf] (2.15)

There are several reasonable convergence criteria, with common choices being to
continue iterating while the error (e.g., the Root Mean Square Error, RMSE, over
correspondences) decreases significantly and remains above a threshold, or until the
pose update is sufficiently small, or a maximum iteration limit is reached [2, 46].

As hinted earlier, many alternatives have been proposed to the standard ICP,
and they typically target a specific stage of the loop. A common focus is the corre-
spondence sampling strategy at each iteration. Even with the KD-tree acceleration
we previously presented, attempting to match every point can be expensive, so
practical variants adopt sub-sampling strategies, such as uniform sub-sampling,
random sub-sampling, or feature-based sub-sampling that favors points in distinc-
tive regions (corners, edges, et.c). Another interesting strategy that is also widely
used is normal-space sampling, which selects points so that their surface normals
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are well distributed on the unit sphere (i.e., avoiding an over-representation of
large planar areas). This yields a set of samples that are more concentrate around
regions where normals are changing considerably, and sparser in flat regions, which
make it fit for scenes with dominant featureless surfaces (Figure 2.4) [46].

(a) Uniform Sampling (b) Normal-Space Sampling

Figure 2.4: Visualization of different sampling strategies used during ICP itera-
tions (black lines). (a) Uniform sub-sampling selects points evenly in space. (b)
Normal-space sampling selects points to balance surface-normal directions, reducing
bias from large planar regions.

Another branch of alternatives changes the correspondence rule itself. While
standard ICP uses nearest neighbors in Euclidean space, many implementations
add compatibility filters before accepting a match. For examples, checking on
normal angles, distances, curvatures, or even color and feature similarities to reject
closest points that are geometrically or photometrically inconsistent [46, 47]. A
different policy is normal shooting: from a source point, cast a ray along its surface
normal and choose the first target intersection (or the nearest point to that ray).
This can improve convergence on smooth surfaces where the closest point often lies
along the normal direction, though it may behave worse on complex, feature-rich
geometry [46].

Moreover, we have the renowned point-to-plane ICP, a notable variation that
changes the error metric rather than the data-association logic (i.e., the correspon-
dence matching strategy). In this version, correspondences are still usually formed
by NN search, but the residual to be minimized, becomes the distance from the
given source point to the tangent plane at its matched target point, as shown in
Figure 2.5. By projecting the error along the target normal direction, it ignores
the tangential component of the distance. Here the tangent plane acts as a first-
order approximation of the local surface: around the target point, the (generally
curved) surface is linearized by its tangent plane (whose normal is the surface
normal), capturing the surface’s behavior to first-order and ignoring higher-order
curvature. By discarding tangential components and optimizing this linearized
residual, point-to-plane often converges faster and more stably than point-to-point
ICP on smooth scenes, especially under small pose errors [3, 46]. Additionally,
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instead of the straightforward SVD approach presented for the standard ICP, the
point-to-plane alternative often adopts a least squares method to minimize this
new residual solved through iterative Gauss-Newton minimization. When normals
are noisy or at sharp edges, robust kernels or hybrid formulations such as GICP
can be used to further improve stability [18].

Figure 2.5: Illustration of the error metric. The blue dot is a source point and the
red one its matched target. The black segment depicts the point-to-point residual,
while the pink segment shows the point-to-plane residual, aligned with the target
normal (perpendicular to the target’s tangent plane).

Finally, another important line of ICP variants focuses on rejecting, or down-
weighting, outliers before solving the pose. Common filters impose hard thresholds
on correspondence distance or normal-angle compatibility, while others enforce local
consistency, e.g., neighboring source points should map to neighboring target points,
or pairwise distances should be preserved. In all these cases, the inconsistent pairs
that fail these verifications/filters are pruned [46]. A well-known method is Trimmed
ICP (TrICP), which sorts correspondences by residual (e.g., Euclidean error for
point-to-point or the normal-projected error for point-to-plane) and minimizes a
trimmed objective over only the best 7% of pairs. The trimming fraction 7 reflects
expected overlap and can be fixed or selected by line search, yielding robustness to
gross outliers and large unmatched regions [50].
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2.4 Registration Benchmarks and Evaluation

A plethora of benchmarks exist for evaluating PCR. Generally, they can be grouped
by scale: either object-scale, which centers on individual objects, or scene-scale,
which covers larger environments. Additionally, scene-scale datasets are commonly
further divided by context into indoor (e.g., bedrooms, kitchens, offices) and outdoor
(e.g., buildings, streets, urban blocks) settings, reflecting where the scans were
acquired and the sensing conditions they entail.

Regarding object-scale benchmarks, widely used options include the Stanford
3D Scanning Repository with laser-scanned meshes of canonical objects such as the
Bunny, Dragon, and Armadillo, commonly used to stress-test geometric algorithms
under clean mesh conditions [52]; ModelNet, an immense CAD collection that
enables controlled perturbations for learning and evaluation [53]; and ShapeNet,
an information-rich collection of CAD models with broad category coverage and
annotations organized by a taxonomy (e.g., labels follow a hierarchy, such as
furniture — chair — office chair, rather than a single flat label), again synthetic
and thus free of real sensor artifacts [54].

Then, at scene-scale, common outdoor benchmarks include KITTI Odometry,
which provides synchronized LiDAR (Light Detection And Ranging) and stereo
sequences, captured by a vehicle-mounted setup, with Global Positioning System
(GPS) and IMU (Inertial Measurement Unit) ground-truth trajectories, supporting
scan-to-scan and scan-to-map (i.e. SLAM, Simultaneous Localization and Mapping)
registration at driving scenarios [55]. For ICP-focused comparisons under real
sensing conditions, the ETH laser-scanner datasets used by [56] remain a classical
reference, covering diverse indoor, urban, and natural environments and enabling
systematic evaluation of ICP variants. On the indoor side, RGB-D datasets such
as TUM RGB-D [57], ICL-NUIM [58], and Redwood [59] are frequently used for
SLAM and pairwise alignment in household scenes, with TUM offering motion-
capture ground truth and challenging handheld trajectories, ICL-NUIM providing
photorealistic synthetic sequences with a calibrated noise model, and Redwood
supplying reconstruction sequences and a dedicated pairwise registration benchmark.
Finally, the most notorious one is 3DMatch which remains the go-to benchmark
for correspondence learning and pairwise registration.

The 3DMatch Geometric Registration Benchmark (Figure 2.6) aggregates indoor
RGB-D reconstructions (e.g., bedrooms, offices, kitchens) into surface fragments
and provides ground-truth relative poses between fragment pairs. The standard
protocol selects pairs with at least 30% geometric overlap. Because the data are
captured with commodity RGB-D sensors, the benchmark stresses robustness to
depth noise, low-texture surfaces, occlusions, and partial views, while remaining
broadly reproducible via public fragments, ground truth, and evaluation scripts [32].
Recent works also adopt community-curated splits and preprocessed fragments
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(e.g., PREDATOR's release) to ensure comparability under identical voxelization
and overlap mining [14, 26].

Figure 2.6: Visualization of the 3DMatch geometric registration benchmark.
On the left, the whole reconstructed indoor scene, and on the right, examples of
fragment pairs obtained from it. Red dots and yellow segments mark matched
keypoints. Source: adapted from [32].

Beyond canonical PCR benchmarks, object grasping and manipulation datasets
also provide synchronized RGB-D streams and object CAD models, enabling cross-
domain registration (i.e., aligning ideal synthetic meshes to real sensor acquired
scans). This is useful to explore domain gaps (mesh vs. depth scans), heavy
occlusion, and cluttered tabletops. A representative choice is SuctionNet-1Billion,
which builds on GraspNet-1Billion by reusing its multi-view RGB-D captures
from commodity sensors (Intel RealSense D435 and Azure Kinect) and adding
suction-specific supervision [9, 60]. The dataset covers 190 cluttered tabletop scenes
populated by 88 everyday objects, each with an associated CAD model [60]. For
every scene, the two RGB-D cameras traverse a fixed trajectory around the table,
in a synchronized way, yielding 256 viewpoints per scene, providing substantial
viewing angles diversity. Typically, the same set of objects is rearranged into several
distinct scene configurations (about four scenes per set of objects), varying poses
and placements while preserving object identities. In addition to RGB and depth
images, label images are also provided (Figure 2.7), where each of its pixels stores
the integer value related to the ID of the visible object (or 0 for background), which
can be used to identify where each object is included in the scene, behaving similar
to an image segmentation view. This also allows to isolate a single-object out of
the whole cluttered tabletop view. This combination of CAD meshes, synchronized
multi-view RGB-D, and dense instance labels makes SuctionNet an effective source
for constructing object-scale, cross-domain PCR benchmarks under realistic clutter,
occlusion, and sensor noise [9, 60].

Accompanying benchmark choice, evaluation metrics and protocols determine
whether results are comparable and meaningful across papers. In PCR, three
types of metrics are most common: correspondence-level scores, registration success
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Figure 2.7: Example of a sample data triplet from SuctionNet. Left: standard
RGB colored image. Center: depth image, where each pixel’s value indicates its
distance from the camera (for visualization, the image was plot in grayscale, where
the brighter a pixel is, the higher is its distance; notice that the upright shampoo
tube is darker because it is the closest object to the camera). Right: instance label
image where each pixel store the value of an object ID or 0, if it is the background
(once again, in grayscale, so brighter pixels indicate higher the IDs).

"

criteria, and efficiency measures. First, for the correspondence-level metrics, given
the tentative correspondence set C of the source P and the target ) cloud, an
estimated transformation 7', and an inlier distance threshold 7, the inlier set is
defined as follows:

I(T,P,Q,7)={i | |Rpi+t—qll2 <7 (piva;) €C} (2.16)

Then, two residual metrics are widely reported: fitness and inlier RMSE. The
fitness measures the proportion of correspondences that lie within a maximum
distance after applying the estimated transformation to the source:

. 7]
Fitness = (2.17)
C]

And the inlier RMSE measures geometric tightness conditioned on inliers [7]:

1

|I’ ZHRpi—i_t_QiH% (2-18)

Inlier RMSE = \J
i€

Learned matchers additionally report Inlier Ratio (IR) per pair and Feature
Matching Recall (FMR), the fraction of pairs whose IR exceeds a fixed threshold,
to summarize how often a method produces a workable correspondence set for
downstream pose estimation [14, 26].

Following this, the pose-level metrics and success protocols are applicable when
ground-truth relative poses (R, t ) are available (e.g., 3DMatch). In these cases,
the canonical errors are RRE and RTE:
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T P—
RRE(R, R,;) = arccos (Tf(R Ry 1))

2 (2.19)

RTE(t, tg:) = ||t — tgll2

And a registration is deemed successful if RRE < 6 and RTE < e, where
popular choices, such as on 3DMatch, are § = 15° and ¢ = 0.3 m. This enables
the computation of Registration Recall (RR) as the fraction of successful pairs,
and related success rates [14, 26, 32]. Some works also report accuracy curves
(Area Under the Curve, AUC) by sweeping # and e. For sequence benchmarks
(SLAM/odometry), frame-to-frame registration quality is commonly summarized
by Absolute Trajectory Error (ATE) and Relative Pose Error (RPE) over camera
tracks [55, 57], but these target multi-frame pipelines rather than isolated pairwise
PCR.

Finally, for the last family of metrics, for assessing efficiency and robustness,
results typically report runtime and sometimes, when applicable, iteration counts
to give quantify computational effort [7]. Protocol details (such as overlap filtering
of > 30%, voxel size, correspondence radius, and preprocessed fragments and
splits) are typically fixed to community settings to ensure reproducibility and fair
comparison [26, 32].
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Problem Formulation

Given two points clouds, a source P and a target () (kept stationary), where p;
and ¢; denote points in P and @), respectively, point cloud registration seeks to
obtain a rigid transformation 7" = (R, t) € SE(3), as in (2.4), that better equalizes
the relative pose between P and @), aligning them such that

Q~{Rp;+t|p P} (3.1)

Or, in homogeneous form:
. . . P .

Moreover, in this study, we adopt only scale-invariant benchmarks (introduced
later in this section), focusing on purely rigid registration. Hence, the scaling
component can be ignored, reducing (2.4) to:

T = léfﬁ ﬂ R e S0(3),t € R*, T € SE(3) (3.3)

In short, at a high level, the purpose of the registration stage in PCR pipelines
is to estimate a transformation that aligns a pair of clouds. With this conceptual
idea laid out, we can translate it to a more strict format by casting it as the goal of
minimizing an adequate alignment loss (i.e., a metric that measures the discrepancy
between the transformed source and the target). Let £(T, P, Q) denote such a loss
as a function of a transformation and the cloud pair. Then, we can formulate the
registration problem as

T = arg Tgslg(lg) L(T,P,Q) (3.4)
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Notice that here we keep an abstract loss function £, because each stage (global
or local) has a particular loss function depending on its working principle. The
specific choices used in our pipelines are detailed next.

Therefore, within the general PCR objective, this study evaluates a deep-
learning—based pipeline against a classical geometric-only pipeline under consistent
datasets, metrics, and runtime measurements, comparing alignment quality, latency,
and robustness. Guided by prior work, as covered in the comprehensive overview
in Section 2, we adopt a coarse-to-fine correspondence-based design: a feature
extractor backbone to form tentative matches, a robust global estimator to obtain an
initial pose, and a local optimizer to refine it. The decision to adopt a coarse-to-fine
structure was motivated because it separates outlier handling from precision fitting,
improving robustness under large misalignment and partial overlap while ensuring
stable convergence in the small residual regime [17, 46]. Figure 3.1 showcases the
concept behind the coarse-to-fine approach that both pipelines will follow.

Source Target

Local Registration

Figure 3.1: Conceptual overview of the coarse-to-fine approach adopted in our
pipelines. The top row displays the source and target RGB-D scans of the same
scene captured from different viewpoints, illustrating appearance and occlusion
differences. The bottom row presents the stages of a coarse-to-fine registration.
Initial relative pose: the point clouds are shown as acquired (target is blue and
yellow is source). Global registration: a robust alignment brings the clouds into
coarse agreement, where large structures align (e.g., the chairs), but noticeable
gaps and residual errors remain. Local registration: an optimization stage refines
the previous alignment producing the final registration, where both clouds are
tightly matched.

We further opt for correspondence-based pipelines for their modularity and in-
terpretability (explicit correspondence sets enable geometric sanity checks). Finally,
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we choose keypoint-based extraction to meet latency and compute constraints: se-
lecting salient, repeatable points reduces search and scoring cost without sacrificing
reliability in structured scenes, while dense keypoint-free schemes typically demand
heavier downstream filtering and higher runtime [17, 28].

Notably, both pipelines share the same registration stage, with feature-based
RANSAC for global alignment and point-to-plane ICP for local refinement. They
differ only in the feature extractor: a learned sparse-CNN descriptor (FCGF)
for the deep pipeline versus a hand-crafted histogram descriptor (FPFH) for the
geometric pipeline. We fix the global and local stages to isolate the effect of the
feature extractor. RANSAC is selected for its strong tolerance to high outlier rates,
and lightweight geometric checkers/filters that, as previously mentioned, are used
to prune weak hypotheses before full scoring, reducing runtime while preserving
robustness [5, 7]. For refinement, point-to-plane ICP typically converges faster
and more stably than point-to-point in the small residual regime, which is exactly
the setting produced by a good global initialization [3, 46]. The deep pipeline
adopts FCGF for its dense, high-quality descriptors computed efficiently in a single
pass by sparse 3D convolutions and contrastive training, yielding a strong trade-off
between accuracy and latency [5]. Meanwhile, The geometric pipeline uses FPFH
for its rotation-aware, analytic histograms that require no learning, scale well, and
are widely adopted as a classical baseline [4, 17]. In summary:

« Deep-learning pipeline: FCGF [5], feature-based RANSAC [1] and point-to-
plane ICP [3].

» Geometric-only pipeline: FPFH [4], feature-based RANSAC [1] and point-to-
plane ICP [3].

Now, having introduced our overall pipeline architectures, we return to the
abstract loss in (3.4) and specify it for each stage. First, for the global stage,
RANSAC does not exactly minimize a smooth loss, but instead, it maximizes the
size of the consensus set (i.e., the inlier set as defined in 2.16) given the inlier
threshold 7, which is the maximum distance between a transformed source point
and its tentative target correspondence for the pair to be counted as an inlier to
the transformation. So, the canonical RANSAC objective is defined below [1].

T" = arg Trgrgg(;g)f(T, P.Q,T) (3.5)

Then, for the local stage, point-to-plane ICP follows a classical least squares
formulation, where given the correspondence set Cy, at iteration k£ and target normals
n; at ¢;, it minimizes the sum of squared normal-projected residuals [3, 46]. Hence:

Licp(T,P,Q) = Y. (nj - (Rp; +t — C]z'))2 (3.6)

(Pi,qi) ECx
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For testing, we use two complementary benchmarks to assess robustness across
scales. For scene-scale, we adopt 3DMatch, which offers indoor RGB-D fragments
with ground-truth relative poses and a standardized protocol based on pairs with
at least 30% overlap. This dataset captures real sensor noise, partial overlap, and
viewpoint change and is widely used in registration studies [32]. To match commu-
nity practice, we rely on the publicly released data preprocessed by PREDATOR
for reproducibility [26]. As an object-scale complement, we repurpose SuctionNet-
1Billion to form CAD-to-scan registration pairs under realistic clutter, occlusion,
and noise. Although originally designed for grasp planning. its synchronized
depth streams and available object meshes make it well suited for cross-domain
registration (i.e., synthetic sources to real acquired targets) evaluation, under heavy
occlusion, self-similar shapes, and realistic sensor noise. We use the Intel RealSense
data in our experiments to mirror common industrial setups [9, 60].

For evaluation (see Section 2.4), we report fitness (2.17) and inlier RMSE (2.18),
where fitness reflects the fraction of correspondences within a distance tolerance and
inlier RMSE measures geometric tightness over those inliers [7]. Additionally, on
3DMatch, where ground-truth relative poses are available, we compute Registration
Recall (RR) and Accuracy using the standard success thresholds [14, 26, 32]. On
SuctionNet, where our cross-domain setup does not provide pairwise ground-truth
transforms, we approximate recall by declaring a successful alignment when fitness
> 0.3, echoing the 30% overlap criterion from 3DMatch [32]. Finally, we measure
runtime per stage (feature extraction, global registration, and local refinement) on
a fixed hardware and also log iteration counts (i.e., RANSAC and ICP iterations
to convergence). Iteration counts are useful due to their hardware-agnostic nature,
which supports fair comparison even when absolute runtime may differ across
machines.
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Methodology

This chapter details the design and implementation of the two point cloud regis-
tration pipelines presented in Section 3: a classical, geometry-only pipeline built
around FPFH descriptors, and a deep-learning pipeline that employs FCGF as
the feature backbone. Figure 4.1 summarizes the end-to-end flow shared by both
pipelines: preprocessing (voxel downsampling and normal estimation), feature
extraction (FPFH or FCGF), global alignment via feature-based RANSAC (with
Kabsch-Umeyama SVD and lightweight hypothesis checkers), and local refinement
with point-to-plane ICP. All modules were implemented on top of Open3D 0.19,
with small compatibility updates to the public FCGF codebase. The complete
source code developed in this project is available at [8].

Here, we focus on the implementation details and design choices of both the
pipelines themselves and the experiments setups we used. We proceed as follows.
Section 4.1 specifies the classical feature extractor and the preprocessing choices.
Section 4.2 documents the FCGF integration and the minimal adaptations required
for our benchmarks. Then, Section 4.3 describes the registration stage (RANSAC
and ICP), including convergence criteria and scoring metrics. Section 4.4 introduces
our instrumentation for iteration counts and per-stage timing. We then present the
3DMatch evaluation protocol and hyperparameters (Section 4.5), extend robustness
testing with a controlled noise generator (Gaussian, spike, and salt-and-pepper) for
an augmented 3DMatch benchmark, and finally construct a cross-domain object-
scale benchmark from SuctionNet (Section 4.7), including an origin-centering step
to improve numerical conditioning.
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Figure 4.1: Overview of our registration pipelines. Clouds are preprocessed, then
keypoint features (shown in color-coded clouds) are computed with FPFH (for
deep-learning). Tentative correspondences come
from 1-NN search in feature space. Global registration uses feature-based RANSAC
with Kabsch SVD and checkers. Its output initializes point-to-plane ICP, which
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4.1 Classical Feature Extractor Stage

We begin with the geometric-only pipeline, whose first step is the feature extractor.
As noted in Section 3, we adopt FPFH for the handcrafted pipeline. However, before
extracting features, we must first define a short preprocessing chain, as illustrated
in Figure 4.1, with two operations: downsampling and normal estimation.

Downsampling is useful because we are dealing with dense clouds, so reducing
the amount of points accelerate subsequent computations such as feature extraction
with FPFH, and it results redundancy caused by the abundance of points. This
process is implemented through a voxelization approach parameterized by a given
voxel size (resembling the first step of FCGF’s review detailed in Section 2.1).
Following the standard approach, the 3D space is partitioned into cubes of edge
length equal to the voxel size. All points that fall in the same voxel (cube) are
replaced by a single representative located at the centroid of those points [7],
behaving similar to an encoding of all points. This yields a reduced sparser cloud
which still preserves the geometry characteristics of the raw dense version. Figure 4.2
illustrates this idea in 2D for easier visualization. Note that only occupied voxels
produce a representative point, while empty voxels are simply ignored.

This approach is preferred over random sampling (i.e., selecting n random points
with n smaller than the cloud size) because it provides geometry-aware, uniform,
and reproducible results, avoiding non-deterministic stochastic behavior. The
voxel grid enforces a minimum spacing (approximately the voxel size) between
retained points, preventing clusters in dense areas and holes in sparse ones. Random
sampling preserves density bias and can miss thin structures. In practice, this
yields more robust downstream performance [46, 56.

Then, as mentioned in Section 2.1, FPFH requires the surface normal at each
keypoint in order to provide the feature descriptors. Hence, we estimate said
normals on the downsampled clouds using a KD-tree with hybrid k-NN search [7].
The KD-tree allows rapid queries, as detailed in Section 2.3, and the hybrid search
combines the efficiency of both radius and k-NN search. Thus, given a search radius
r, and a neighbor limit k,,, for each point z we gather neighbors within r,,, sorted
by distance, and keep up to k, of them (if available). Let the retrieved set have
size m < k,, with neighbors z;i*,. Then, we compute the neighborhood centroid as:

1 m
15, 41
1 m;x (4.1)

With this, we can form the covariance matrix, which measures how the neighbors
are spread in each direction around the centroid:

ROy (4.2

H =
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Figure 4.2: Visualization of the voxelization process in a 2D space. (a) Raw
points distributed across the space. (b) Space partitioned into voxels segmenting
the points into discrete locations. (c¢) The centroids (red) of each occupied voxel
are computed. (d) Only the centroids are kept as voxel representatives.

And perform PCA by computing the eigenvalues and eigenvector of H:

H’Uj = )\j'l}j, )\1 Z )\2 2 )\3 2 0 (43)

Where the eigenvector vz (associated with the smallest eigenvalue \A3) aligns
with the direction of minimal variance in the local neighborhood. Hence, v3 is
taken as the surface normal, because minimal variance along this axis implies the
points are most planar (i.e., flat) in the plane orthogonal to v, which is consistent
with the expected behavior of a normal vector [31].

Note that this PCA approach provides directions but not sign, as both positive
and negative candidates might be true without knowing the global geometry (the
normal orientation problem) [31, 7]. In our pipeline we do not explicitly orient
normals, which is acceptable because the downstream stages are largely sign-
agnostic: we do not apply a normal-angle checker in RANSAC, and point-to-plane
ICP minimizes a squared normal projection that is invariant to sign.

Next, once the clouds have been properly preprocessed, we extract FPFH
descriptors on the downsampled point set. The core FPFH logic was presented in
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great details in Section 2.1, so here we present a high-level overview focusing on the
particularities and choices regarding implementing it using Open3D. As mentioned,
FPFH routine begins by, for each kept point, building its neighborhood set, which
here is also done through a KD-tree hybrid k-NN approach: all neighbors within a
user-specified feature radius 7, capped by a maximum number of neighbors k. In
the feature extraction context, this hybrid approach offers two practical benefits:
(i) a radius anchors the descriptor to a consistent physical scale, and (ii) a cap on
k¢ prevents runtime blow-ups in dense regions [7]. Given those neighbors and their
estimated normals, the algorithm computes the SPFH (Simplified PFH) at the
center point. This means computing a histogram over the three Darboux-frame
angular features (a, ¢, 0) from 2.2, but considering only pairs between the current
center point and each neighbor (neglecting pairs formed between only neighbors
themselves). After iterating over all kep points and obtaining their SPFH, it
iterates again and, for each point, it aggregates the SPFHs of its neighbors with
distance-based weights to form the final FPFH at the center point [4].

Open3D returns a 33-dimensional (i.e., 11 bins per angular component), Li-
normalized histogram per kept point, aligned one-to-one with the downsampled
cloud. These descriptors are translation-invariant by construction and approxi-
mately rotation-stable due to the use of local frames [4, 7]. In our pipeline, the
feature radius 7y is set larger than the normal radius r,, to provide a wider geo-
metric context for description. Thus, in summary, this stage produces a compact
per-point feature descriptor matrix on the downsampled cloud, ready to feed the
feature-space correspondence search in the global registration stage.

Given the different scales of our benchmarks (scene-scale vs. object-scale), we
present concrete hyperparameters (e.g., voxel size, normal and feature radii, and
neighbor caps) when discussing benchmark setup later in this chapter. The exact
values and any dataset-specific adjustments are reported in Section 4.5 for 3DMatch,
and Section 4.7 for SuctionNet.

4.2 Deep-learning Feature Extractor Stage

For the deep-learning pipeline, we implement FCGF as the feature-extraction
backbone, as noted in section 3. As in the geometric-only case, we first implement
the same preprocessing chain (Figure 4.1) detailed previously in Section 4.1, which
includes: voxel downsampling and normal estimation on the downsampled cloud.
While FCGF does not require normals, since its descriptors are learned directly
from the voxelized coordinates, and adding normals did not improve results in the
original work [5] we still estimate them here to support the downstream point-
to-plane ICP stage (Section 2.3), which requires them for the normal-projected
residuals. Regarding the downsampling process, it serves the same purpose as
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before: reduce redundancy in dense scans and set a consistent spatial scale for both
runtime and descriptor stability.

Then, following this preprocessing chain, we instantiate the FCGF feature
extractor. We start from the authors’ reference implementation [5, 61], but it
no longer builds cleanly with current toolchains and dependencies used in our
project. To address this, we forked the official repository [61] to our maintained
copy [62], applying minimal changes needed for compatibility with our pipeline
and benchmarks. For reproducibility and modularity, the fork is included in the
main project as a Git submodule [8], allowing the registration pipeline and the
descriptor backbone to be updated or pinned independently at specific commits.

The complete list of fixes can be inspected in the commit history of our fork [62].
Below are the highlights:

Updated syntax calls for Open3D and scikit-learn to reflect recent releases
(e.g., parameter renames and signature changes), ensuring compatibility with
Open3D 0.19 and scikit-learn 1.7.

Consolidated console output into structured logging to improve runtime
progress monitoring.

Removed future fstrings headers, which has become obsolete since Python
3.6.

After voxelization, the coordinates are discretized to integer voxel indices.
Previously, they were re-wrapped into a new integer tensor, which needlessly
allocates fresh memory, hurting performance. This was adapted to, instead,
convert the data type while keeping the data on the existing device (i.e.,
hardware location), avoiding extra copies. Overall, this reduces memory
cost, explicitly indicates voxel coordinates as non-differentiable indexing data,

and improves performance and stability with the sparse tensor backend (e.g.,
MinkowskiEngine) [37].

« Aligned feature output saving to our pipeline’s folder layout (directory struc-
ture and filenames), so downstream stages can consume descriptors without
additional adapters.

e Fixed the 3DMatch benchmark script to consider only non-consecutive pairs,
following the standard evaluation protocol. Previously, consecutive pairs would
be considered.

o Added a subset-evaluation flag to accelerate debugging: given a desired number
of fragments/clouds Ng,p,, we randomly select Ng,p, items and form admissible
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pairs following the 3DMatch protocol (non-consecutive and, when ground
truth is available, meeting the overlap criterion), [7]. This yields up to

Nsub o Nsub! o Nsub<Nsub - 1)
2 ) 21(New —2)! 2

pairs samples to be tested. After that, we produce a text file listing the
selected pairs and save the ground-truth transformations of said pairs in a
log file. This allows both pipelines to run the exact subset test with the
same samples, ensuring reproducibility and fair comparison, and the reduced
ground-truth log simplifies the evaluation procedure.

Then, with the source code updated, we initialize the FCGF backbone model and
load the authors’ released pretrained weights. Specifically, we use the ResUNetBN2C
configuration with base feature dimension 16 and three residual blocks per stage
(“ResUNetBN2C-16feat-3conv”), which offers a good trade-off between speed and
accuracy for large fragments. The model is moved to the selected device and
set to evaluation mode, since we are not re-training it. Voxel quantization and
sparse-tensor construction follow the reference implementation’s conventions [5, 37,
61].

As with the geometric pipeline, all concrete hyperparameters are reported later
alongside the benchmark setups in Sections 4.5 and 4.7. Because our FCGF
codebase is an adaptation of the authors’ reference implementation, this section
records only our compatibility changes. For the network architecture, training
procedure, and working principle explanation, see Section 2.1, where we presented
a detailed literature review of FCGF [5]. And, for the technical implementation
choices, refer to the original source code [61].

4.3 Registration Stage

The registration stage is the same for both pipelines and it comprises two sub-stages:
a global alignment via feature-based RANSAC followed by a local refinement with
point-to-plane ICP (Figure 4.1). Both theses algorithms have been explained during
our literature review (Sections 2.2 and 2.3). Here we detail the implementation
choices and their motivations.

For feature-based RANSAC, the inputs are the downsampled point sets and their
descriptors: Fp for the source and Fq, for the target (FPFH or FCGF, depending on
the pipeline). Before starting the RANSAC loop, we estimate the correspondence
set C 2.5 by, for each kept source point, executing a 1-NN search to obtain the
closest target point in the feature space, forming matches by their descriptor
similarity and not simply by Euclidean distance. Notice that this correspondence
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set is an estimate, as we still cannot be sure if these points are actually matches.
To further improve our confidence is this correspondence set, we employ a mutual
filter strategy, where a matching pair is only valid if the correspondence of a source
point’s target match is the source point itself (i.e., a pair is accepted only if it is each
other’s nearest neighbor). This reciprocal filter, prunes many weak correspondences
before any of the other computations, improving runtime, and, by providing better
correspondence sets, it improves convergence [7].

With C ready, RANSAC can begin its loop. First, it randomly samples pairs
from C which will be used to estimate the transformation candidate. Thus, we
must estimate a 6 DoF rigid transformation (3 rotation angles and 3 translation
directions), and each pair provides 3 equations (one for each coordinate). So 2 pairs
would already provide 6 equations, matching the 6 unknowns we must estimate.
However, this does not uniquely constrain rotations in 3D, because it is still possible
to rotate the pair around the axis connecting it without changing their position
relative to each other. Hence, a minimum of 3 non-collinear pairs are required to
uniquely determine a 3D rigid transformation. However, in our case, we opted to
use 4 pairs to add extra stability by making the system overdetermined [6].

With this random sampled set, we compute a candidate transformation through
the Kabsch-Umeyama closed-form solver detailed in Section 2.2 from Equations 2.6
to 2.10.

After obtaining the candidate transformation (the hypothesis), we implement an
intermediate step before proceeding with evaluation. Here, we apply the hypothesis
to only the 4 pairs we sampled from C, and them invoke two cheap checkers to quickly
discard weak hypothesis before scoring it against all correspondences (avoiding
the cost of full scoring not promising candidates). The first one, a distance-based
checker, evaluates if the pairs were aligned well enough by the hypothesis simply
by measuring if the Euclidean distance between the transformed source points
and matching target points are under the inlier threshold. The second one, an
edge-length-based checker, takes pairs two by two and verifies if the edge (i.e. the
distance) between the two source points eg, is similar to that of the two target
point ey [7]. This checker is controlled by a similarity threshold sy, € (0,1]:

s < [l esrell < i
etgell ~ sn

(4.4)

We ignored normal-based checkers to avoid the normal-orientation ambiguity
problem discussed in Section 4.1.

If, and only if, a hypothesis pass both checkers, we fully evaluate it by applying it
to all source points in the tentative correspondence set and scoring it with the inlier
count (i.e., number of matching pairs that were aligned under an inlier threshold
by the hypothesis). Once we have the inliers set (also called the consensus set), we
also compute fitness and inlier RMSE as described in 3. RANSAC iterates this
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loop until it reaches the convergence criteria.

We adopt two convergence criteria, where at least one of them must be met to
terminate execution. The first one is a hard cap on iterations, useful to prevent
RANSAC from executing indeterminately when no decent transformation can be
obtained.

For the second criterion, recall that RANSAC repeatedly samples a small minimal
set of correspondences of size m (here m = 4), estimates a candidate transformation
from that set, and then counts how many of the remaining correspondences are
consistent with it (inliers under a distance threshold). Let w denote the inlier
fraction (or the fitness, as we called it earlier) in the current correspondence pool
with respect to the best-so-far hypothesis (e.g., if 60 of 100 pairs are inliers for the
current best transform, then w = 0.6). Given w, the number of iterations sufficient
to achieve a target success probability ¢ (i.e., the confidence) is

log (1 —¢)

log (1 —w™) (45)

Nransac =

Here, ¢ is the probability that at least one of the first Ngransac iterations samples
an all-inlier minimal set (i.e., every element in that minimal set, sampled from the
correspondence set, is consistent with the unknown ground-truth transformation
under the inlier threshold). During the run, RANSAC maintains the best-so-far
hypothesis and its inlier fraction w. Initially, while no decent hypothesis has been
found yet (small w), the bound Ngransac remains large, allowing the algorithm to
continue iterating (i.e., exploring) rather than stopping prematurely. Whenever a
better hypothesis is found (larger w), the bound in (4.5) is recomputed, and the
increase in w results in a decrease in Ngransac, enabling early termination once the
current iteration count reaches this updated bound.

Regarding the choice of ¢, (4.5) shows that higher confidence requires more
iterations (keeping all other parameters constant), while higher inlier fraction w
requires fewer. Thus, ¢ reflects how sure we want to be that at least one all-inlier
sample has been drawn from the correspondence set. Setting a larger c¢ trades
additional computation for a higher probability of success (i.e., greater confidence
that RANSAC’s random sampling has produced a good estimate), while setting a
smaller ¢ does the opposite.

Combining both criteria, RANSAC terminates when the iteration count reaches
the minimum between the maximum iteration threshold (first criterion), and the
confidence-based iteration bound (second criterion), at which point, the algorithm
returns the best hypothesis (with the highest inlier ratio w) found so far.

Once RANSAC terminates, we initialize point-to-plane ICP with its best hy-
pothesis Ty. At each ICP iteration k, the current transform 7T} = (R, tx) is applied
to the source, and new correspondences are then formed by a 1-NN search in
Euclidean space on a KD-tree built on the target, as detailed in Section 2.3. These
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correspondences are also pruned by ICP’s inlier threshold so that only pairs within
this distance bound are retained.

For each retained pair (p;, ¢;) with target normal n;, the point-to-plane normal-
projected residual is

ri(Ty) = n; (Ripi +te — q;) (4.6)

which can be stacked into one global residual vector:

M) =[] (4.7)

where M is the number of current correspondences kept. Hence, as previously
mentioned, this ICP alternative defines a least-squares objective as

L(Ty,) = |Ir(Tw) |3 (4.8)

which is equivalent to (3.6). However, since rotations are always nonlinear, (4.8)

also becomes nonlinear in 7T},. To handle this, we linearize the residuals around
T

Ty using a Gauss-Newton step [3, 63, 64, 65]. With A = [6w 5t} € R% as a

small 6-DoF pose increment (3 for rotation, 3 for translation), the first-order Taylor
expansion of the residuals around T}, is:

or;
(T & AE) m 1i(Ty) + —| AL (4.9)
OJANS T,
We can expand the perturbed transformation as:
T ® AE = (exp([dw]x )Rk, tg + dt) (4.10)

where [dw]y is the skew-symmetric matrix such that [dw]xv = dw x v. We can
combine (4.10) with (4.6) to obtain

i (Tr @ AE) = n, ((exp([0w]x)Ry) pi + ti + 0t — q;) (4.11)

Here, exp([0w]y) is the exponential map that converts the small rotation vector
into a rotation matrix. For small angles (|0w| < 1), we can approximate this
exponential map as:

exp([dw]x) ~ I + [dw]« (4.12)

So the perturbed rotation of point p; becomes:

(exp([dw]x)RE) pi = (I + [dw]x) Rkpi = Ripi + [dw]« Rip; (4.13)
Using the cross-product identity [a]xb = a x b in (4.13), we obtain:
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(exp([0w]« ) Ry) pi = Rypi + [6w]x Ripi = Ryp; + 0w x (Rypi) (4.14)
So substituting (4.14) in (4.11):

i (Tx ® AE) =n, (Ryp; + 0w x (Ryp;) + t + 0t — q;)
= n: (Rgpi +te — qi) + nZT (6w x (Ryp;)) + n: (0t) (4.15)
=7:i(T) + n] (6w x (Repy)) +n (6t)

We can derive it with respect to translation dt. Since the first two terms are
constant, we get:
(97“,» T
And with respect to rotation dw, where the first and last terms are constant, we
can use the cyclic permutation of the scalar triple product a’ (b x ¢) = (¢ x a) b to
obtain:

Ori 0 n] (0w x (Ryp;)) 9 ((Rkpi) X nj) ow

6w 6w 6w (Bipi) xmy - (4.17)

We can assemble (4.16) and (4.17) into the per-pair Jacobian matrix as
Ji= o ol = [(Rpi xni)T 0] (4.18)

T

By stacking these into the complete Jacobian matrix J = [Jl JM} €

RM>*6 we can also stack all residuals in the linearized form (4.9), yielding
r g+ JAE (4.19)

The Gauss-Newton normal equations are

(J7T) Ag = =T Trg (4.20)

Solving for A¢ gives the small pose increment, which is composed with Ty
(through the exponential map) to obtain the new updated transformation Tj;.
Then, this loop repeats until convergence: recompute the new correspondences
under T} 1, linearize the residuals, solve the least-squares system, and then update
the transformation.

We adopt three convergence criteria: a hard cap on the maximum number of
iterations, and relative change thresholds on both fitness and inlier RMSE between
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successive iterations (i.e., a threshold that verifies if the drop in fitness and inlier
RMSE is still significant). If any criterion is met, ICP stops and returns the refined
transformation [7, 46].

As already mentioned, all parameters adopted for RANSAC and ICP are reported
in the methodology section corresponding to each dataset (Sections 4.5 and 4.7).

4.4 TIteration Counters and Timers

Besides the metrics directly related to the alignment quality produced by the
obtained transformation (i.e., fitness and inlier RMSE), we also want to compare
the results in terms of runtime. A good approach is to measure the number of
iterations of the registration stages (RANSAC and ICP), which allows for a device-
agnostic view, since the number of iterations is independent of the underlying
hardware, whereas time itself can vary significantly. Since Open3D does not provide
a built-in way to retrieve iteration counts, we must implement our own method
using a workaround. Our approach is to first set the Open3D verbosity level
to debug. This setting causes the console to print detailed information during
execution, including the iteration counts we are interested in.

However, to be able to access this log information, we must capture the output
by redirecting it from the console to a variable. The output redirection mechanism
expects a file-like object with a write method. A regular Python variable (like a
string) is not a file-like object, so it does not provide the necessary interface to
receive this log data. Instead, we use the StringI0 class from the io module, which
acts as an in-memory stream (a file-like object) that can be written to and then
queried to retrieve its contents as a string. The problem with this approach is that it
fully redirects the output to this buffer, which prevents us from visualizing anything
in the console during runtime, making it impossible to monitor the execution. To
avoid this, we define a custom Tee class, which is a subclass of io.StringI0. A
“tee”-like class writes to both the console and an in-memory buffer. Then, we can
redirect stdout to this object. The name Tee comes from the Unix tee command,
which reads from standard input and splits or duplicates that stream to both
standard output and one or more files. The name alludes to the shape of a T,
where a single “flow” is split into two paths. In the same way, our Python Tee
class duplicates the stream of text so that it goes both to the console and into an
internal buffer.

Once we have access to the captured output, we can parse it. First, we observe
the console output to identify Open3D’s debugging logs and locate the relevant
lines. For RANSAC, the number of validations is reported after it completes,
producing lines such as
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[Open3D DEBUG] RANSAC exits after 198 validations. Best inlier ratio
4.652035e—01, RMSE 3.927418e—02.

Meanwhile, for ICP, instead of one single log summarizing the results of all
iterations, we have individual logs for each iteration, as shown below:

[Open3D DEBUG] ICP Iteration #0: Fitness 0.5680, RMSE 0.0133
[Open3D DEBUG] Residual : 1.03e—04 (# of elements : 256714)
[Open3D DEBUG] ICP Iteration #1: Fitness 0.5680, RMSE 0.0133
[Open3D DEBUG] Residual : 1.03e—04 (# of elements : 256704)

We can then simply find the last iteration of each alignment to obtain the total
number of ICP iterations. Note that in these logs Open3D considers the ICP
iterations to be zero-indexed (i.e., it begins with “ICP Iteration #0” instead of
“ICP Iteration #17), so we need to add one to get the proper total.

For the deep-learning pipeline, we cannot use the Tee object during the RANSAC
stage, because it executes in a separate Python script launched as a subprocess (the
same script provided by the authors that contains the feature extraction stage). The
Tee object works by overriding Python’s standard output in the current process, but
a subprocess does not share the same stdout environment as the parent process.
Thus, it would have no effect on the subprocess’s output stream. Instead, we
manually pipe the subprocess’s stdout back into the parent’s environment, read it
line by line, and forward each line both to the actual console and to a buffer for
later use. More details on this implementation can be seen in Notebook 5 of the
codebase [8].

We also propose implementing a timer for a refined analysis focusing on a
time-based comparison of the pipelines rather than just iteration counts. Although
the iteration counts are very useful to assess how well each method performs in
a device-agnostic way, we must evaluate whether the feature-extraction time is
comparable between both pipelines, since it is not captured by the iteration counters
(i.e., the feature extraction stage does not have an iterative behavior that we can
measure as we did for RANSAC and ICP). Since the deep-learning pipeline has a
much more complex structure and working principle, one would expect it to take
longer than the geometric-only one, so we must confirm whether the time saved in
the RANSAC and ICP stages is enough to compensate for the extra time required
by the feature extractor.

To implement this, we define a timer decorator that can be added to any
function (without requiring any modification to its code) to return the time taken
by that function. To measure the time, the decorator uses perf_counter from the
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time module, which has a higher resolution and therefore provides more accurate
measurements. In practice, we implemented it with a decorator factory pattern,
which allows us to pass input values when invoking it (in this case, the names of
the stages), facilitating its application across different parts of the code.

We split the pipelines into three stages: Preprocessing (which involves feature
extraction, downsampling, and normal computation, but the time here is predomi-
nantly due to feature extraction), RANSAC, and ICP. Notice that all experiments
were run on the same hardware, which is crucial to guarantee a fair comparison in
terms of runtime.

4.5 3DMatch Benchmark

With our pipelines implemented, we first evaluate them on the 3DMatch bench-
mark [32]. Following common practice, we use the publicly released 3DMatch
data preprocessed by PREDATOR [26]. The first step is therefore to adapt both
pipelines to iterate over the entire dataset. According to the 3DMatch guidelines,
for each scene we must evaluate our pipelines by registering all non-consecutive
fragment pairs, i.e., pairs (F;,Q;) such that j > i+ 1. Additionally, the official
3DMatch evaluation protocol also states to consider only fragment pairs whose
overlap ratio is greater than 30%.

Each pipeline loops over all scenes in 3DMatch and attempts to align all such
non-consecutive pairs. There is, however, a small structural difference between
the two implementations. The geometric-only pipeline was fully developed by us,
and is organized so that, for each pair, it executes the complete sequence of stages
(feature extraction, RANSAC alignment, ICP refinement) before moving on to the
next pair. In contrast, the deep-learning pipeline is based on the authors’ original
FCGF code, which is organized in a batched fashion: it first extracts features for
all pairs, then runs RANSAC for all pairs, and finally runs ICP for all pairs. Thus,
instead of running the full pipeline pair by pair, it processes the dataset stage by
stage.

As discussed in Section 4.2, we also had to modify the original 3DMatch
evaluation setting in the FCGF code, since it was considering all fragment pairs,
including consecutive ones, rather than restricting to non-consecutive pairs as
recommended in the 3DMatch protocol.

For both pipelines, we provide an optional setting to run only a subset of scenes
or pairs instead of the full benchmark, which is useful for debugging and sanity
checks. Nevertheless, for all tests presented in this text, we considered the whole
set.

Once both pipelines have finished running on the whole dataset, we parse the
captured Open3D console logs to extract the iteration counts, as described in
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Section 4.4. For this benchmark, we record the number of RANSAC and ICP
iterations, as well as the fitness (2.17) and inlier RMSE (2.18) of the transformation
obtained after each registration stage (RANSAC and ICP). These metrics are
described in detail in Section 2.4.

We then aggregate the results as follows. For each scene, we compute the mean
and standard deviation (SD) of the alignment metrics over all evaluated pairs.
From these per-scene statistics, we then compute the global average and SD over
the whole benchmark, as well as the inter-scene SD, which measures the variability
of performance across different scenes. In addition, using the timer described earlier,
we estimate the runtime of each feature-extraction stage (FPFH or FCGF') and
the average time per iteration of RANSAC and ICP.

Table 4.1 summarizes the parameters used in the 3DMatch benchmark. Notice
that the preprocessing and registration parameters are shared by both pipelines.

4.6 Noise Generator and Augmented 3DMatch
Benchmark

Although the standard 3DMatch benchmark is already based on real data and
therefore includes real sensor noise, we further assess the robustness of each
pipeline by evaluating them under increased noise conditions (simulating degraded
environments or lower-quality sensors). To this end, we design a data-augmentation
stage responsible for generating additional noise and injecting it into the 3DMatch
point clouds. It can produce three different types of noise, described in this section.

We begin with Gaussian noise. Gaussian noise models the small, random
measurement errors commonly observed in real cameras and LiDARs. It follows
the normal distribution, defined by a mean p and variance o2, whose probability
density function is

V2mo? 202

Figure 4.3 illustrates how different choices of mean and standard deviation affect
the shape of the distribution.

We implement two variants of Gaussian noise. The first applies a single normal
distribution to all points, meaning that every point is perturbed by noise drawn from
the same distribution. The second variant introduces spatially varying noise levels,
so that different points are affected by different variances, making the perturbation
less deterministic and more representative of the heterogeneity typically observed
in real-world data.

F@) = ——— exp <—W> | (4.21)

In the fixed-variance case, we sample noise from a normal distribution N(0, 0?)
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Stage Parameter Value Note

Downsampling Voxel size VS 0.05 5 cm

(Voxelization)

Normal Search radius r,,  0.10 10 cm (2V9)

estimation Max neighbors k, 30

FPFH Search radius ry  0.25 25 cm (5VS)
Max neighbors £y 100

FCGF Network ResUNetBN2C Pretrained
configuration -16feat-3conv weights [5, 61]

RANSAC Inlier threshold 0.05 5 cm (= VY)
Sample size m 4 Minimal set
Mutual enabled Reciprocal NN
correspondence in feature space
Edge-length 0.9 Checker
similarity s, Threshold (4.4)
Max iterations 10000 Hard cap
Confidence ¢ 0.999 As in (4.5)

ICP Inlier threshold 0.05 5 cm (= VY)
Max iterations 30 Hard cap
Fitness drop 1076 Successive
threshold criterion
Inlier RMSE 10-¢ Successive
drop threshold criterion

Benchmark Minimum 30% 3DMatch

Protocol overlap protocol [32]
Pair selection (P, Q) j>i+1

Table 4.1: Hyperparameters and evaluation protocol used in the 3DMatch bench-
mark. Preprocessing and registration parameters are shared by both pipelines.
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Figure 4.3: Examples of normal distributions for different combinations of mean
u and standard deviation o. Increasing o broadens the distribution, while changing
1 shifts it along the horizontal axis.

with a user-defined standard deviation o, and add it to each point. In the variable-
variance case, we first construct an array of standard deviations {o;}, one per
point in the cloud. To do so, each o; is sampled from a uniform distribution
0; ~ U(0, Omax), Where o and oy,ax are user-specified minimum and maximum noise
levels. Then, for each point, we generate noise from its own distribution A/(0, 0?),
using the corresponding entry o; (i.e., the i-th point from the cloud uses the i-th
standard deviation from the array). Hence, each point is perturbed by a different
normal distribution, which breaks the deterministic behavior of the fixed-variance
case and yields a more diverse and realistic noise pattern.

To further simulate real cameras, we also introduce spike readings for a small
fraction of points. These points represent gross outliers acquired by the sensor with
large depth errors. The spike magnitudes are allowed to vary over a range much
larger than the Gaussian noise described previously. Conceptually, these spikes
should occur in an asymmetric manner, with many small outliers and only a few
huge ones. To model this behavior, instead of a standard normal distribution we
consider a positively skewed distribution (Figure 4.4), so that smaller spikes are
sampled more often than the largest ones.

Rather than sampling directly from a skew-normal distribution, we implement a
simple and efficient sampling scheme that induces a similar positive skew over the
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------- Mode  —— Median  ---- Mean

(a) Negatively skewed (b) Normal (no skew) (c) Positively skewed
: I

Density

0.0

Figure 4.4: Examples of distributions with different skew settings. (a) Negatively
skewed: the mass is concentrated toward larger values. (b) Symmetric (no skew):
standard symmetric normal distribution. (c) Positively skewed: density on small
values and a long tail toward larger values.

spike magnitudes. We first create an auxiliary array u by drawing ngpikes Samples
from a uniform distribution:

w ~U01), i=1,... Nepikes (4.22)

If we were to map these directly to magnitudes via

m; = spike;, + (spikey., — spikey,) w; (4.23)

we would obtain uniformly distributed spike magnitudes in [spike;,, spike . |-
To bias the magnitudes toward smaller values, we instead apply a power transform
to the uniform samples:

m; = spike, + (spikey . — Spikey,) u) (4.24)

where v > 1 is a user-specified spike-skew parameter. Hence, if u; is close to 0,
then u] is even closer to 0, so m; ~ spike,,;,. Otherwise, if u; is near 1, then wu;
remains close to 1, so m; ~ spike,,.. This shows that, because of the exponent,
most of the transformed values u; cluster near 0, producing many small spikes and
only a few large ones, which is exactly the desired behavior.

The discussion above concerns the spike magnitudes. For the directions, real
depth sensors tend to produce outlier spikes approximately along the camera’s
viewing ray, i.e., the local optical axis (often the camera’s Z-axis) [66]. However,
the 3DMatch fragments are pre-fused from many RGB-D frames into a single global
point cloud, so we no longer know which original camera ray produced each point,
nor which points were visible in which views. Figure 4.5 illustrates this situation:
the same surface point may be observed from different camera positions, resulting
in different viewing directions.
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Figure 4.5: Illustration of a point on an object being observed from two different
camera positions, yielding different viewing rays and image-plane projections. In
a pre-fused point cloud, the original per-frame viewing directions are no longer
explicitly available, which complicates injecting spike noise along the true camera
rays. Source: [67].

Recovering accurate per-point camera-ray directions would require injecting
spikes before fusion: for each raw depth frame, we would back-project pixels into
3D using the camera intrinsics, perturb selected points along their individual
rays, and then re-fuse all frames into a single point cloud [66, 67]. This would
significantly increase the complexity of the preprocessing pipeline. For our purposes
(a controlled robustness test) we instead adopt a simpler approximation and sample
spike directions as random 3D unit vectors. This trades strict physical realism
for ease of implementation, while still allowing us to probe the sensitivity of the
registration pipelines to sparse, large magnitude outliers.

For the third and final noise, we use salt-and-pepper noise, which refers to sparse
corruptions in which a small fraction of samples are either set to extreme values
(“salt”) or removed entirely (“pepper”) [68], as illustrated in Figure 4.6.

In point clouds, we focus on the pepper case by randomly deleting a percentage
of points to mimic missing or occluded measurements. In practice, the user specifies
a percentage Ppepper € [0,1]. We compute the number of points this percentage
represents and uniformly sample this amount of point indices (without replacement),
and build a boolean mask that is false at the sampled indices and true elsewhere.
Applying this mask filters out the selected points from the coordinates (and any
associated color/normal arrays). We then rebuild the point cloud from the remaining
points. This lightweight scheme is intuitive and provides a simple, single-parameter
control over dropout sparsity.

Our deep-learning pipeline uses MinkowskiEngine for sparse tensors. When
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Original

Figure 4.6: Illustration of increasing salt-and-pepper corruption levels. Top: clean
data. Middle: moderate perturbation. Bottom: heavy perturbation.

combining our augmentation with sparse quantization, we observed occasional
issues under multi-threaded loading. For the augmented benchmarks we therefore
enforced single-worker execution, which eliminated nondeterministic failures while
leaving results unaffected. Details, diagnostics, and impact analysis are reported in
Appendix A.

We follow the same evaluation procedure described in Section 4.5, now using
the noise-augmented clouds. All pipelines’ parameters remain as in Table 4.1. The
specific augmentation settings used to generate the 3DMatch augmented benchmark
are listed in Table 4.2.

4.7 Custom cross-domain dataset creation and
testing

To complement the previous scene-scale experiments on 3DMatch, we also evaluate

our pipelines at object-scale. For this, we adapt SuctionNet [9] into a cross-domain
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Stage Parameter Value Note
Noise Generator  Gaussian Mode variable
Omin 0.01 1 cm
Omax 0.05 5 cm
Spike ratio 0.005 0.5% of points
spike i, 0.1 10 cm
Spike ax 0.5 50 cm
Skew exponent v 2 Positive skew
DPpepper 0.01 1%

Table 4.2: Noise-generator parameters used in the augmented 3DMatch bench-
mark. All preprocessing and registration parameters remain as in Table 4.1.

registration benchmark in which the source is a clean model of the object and the
target is a real RGB-D capture of the same object. This setting stresses robustness
to real sensor noise and the appearance gap between ideal CAD geometry and
measured data.

SuctionNet already provides dense point clouds sampled from the CAD meshes.
Rather than converting triangle meshes (CAD models) to point clouds ourselves
(e.g., via Poisson-disk sampling), we directly adopt the authors’ dense point clouds
as source data and only convert their format for Open3D compatibility [7]. For
our targets, we reconstruct point clouds from the provided real RGB-D images,
considering both the whole tabletop scene and the individual objects. For con-
venience and storage constraints, we use the fourth training split, since it is the
smallest subset. This does not affect evaluation fairness because we do not train
any network on SuctionNet.

Hence, to build this dataset, our goal is to convert 2D RGB-D images into 3D
point clouds. The dataset provides, for each scene and each view, a color image
(RGB) and a matched depth map in which each pixel encodes its distance from
the camera. By combining these, we recover a 3D point for each pixel, yielding
an RGB-D point cloud. This conversion requires the camera’s intrinsics and, in
general, the extrinsics. Intrinsics describe the camera’s internal geometry under
the pinhole model [7, 69, 70] and map 3D points in the camera frame to the image
plane. The intrinsic matrix K is:
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fo 0 o,
K=10 f o, (4.25)
0 0 1
with focal lengths (f,, f,), in pixels, and principal point (04, 0,). A 3D point
Pe = (Te,Ye, 2.) " in the camera frame is projected to image coordinates (u,v)
through
u= foe + 0g, v = Jube + o, (4.26)
Ze Ze

The extrinsics describe the camera pose in a larger frame (e.g., world or robot)
and consist of the rotation R and translation ¢:

pw = Rpe+1t (4.27)

Together, intrinsics and extrinsics form the standard camera matrix P = K [R | t]
that maps world points to image points [69, 70]. However, in our particular case,
since we are not interested in reconstructing the absolute pose of the 3D points,
but rather just the object geometry, we rely solely on the intrinsics.

Given a pixel (u,v) with stored depth d(u,v) and device depth scale s (to
convert device units to meters), we can obtain the coordinate along the camera’s
axis Z. = s - d(u,v). Thus, we can apply the inverse projection process (back-
projection), where we convert pixels (image coordinates) to 3D (world coordinates):

T, = M Ze,
fa: u
o= =% 5 = p=ZK v (4.28)
C fy (&3] 1
Ze = J,

Additionally, RGB values at (u, v) can be attached to each 3D point to form a col-
ored point cloud. In practice, the authors provide the intrinsic matrix for each scene
in a dedicated file, which we load and wrap in Open3D’s PinholeCameralIntrinsic
object (along with image height and width) [7]. Each scene contains multiple views
along a fixed camera trajectory (Figure 2.7 presents an RGB-D sample example).

With intrinsics and images in hand, we convert each RGB-D pair into a point
cloud. We first build an RGBDImage in Open3D (an object that simultaneously
stores the color and depth images) and then invoke Open3D’s routine to create the
point cloud via the back-projection in (4.28). Figure 4.7 shows the resulting point
cloud for a full tabletop scene.

After obtaining the full scene cloud, we extract per-object clouds. Along with
RGB and depth, each scene and view also provides a label image in which each
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Figure 4.7: Point cloud of an entire SuctionNet tabletop scene obtained from a
single RGB-D view using the intrinsics. Note that depth noise is clearly visible.

pixel stores the integer ID of the object at that location (or 0 for background).
Figure 4.8 annotates a label image to reveal object IDs per pixel (downsampled for
legibility).

Figure 4.8: Left: label image, where each pixel value is the ID of the visible object
(blanks are 0, which indicates background). Right: corresponding RGB image.

Given a target object ID, we form a binary mask by setting pixels equal to
that ID to 1 and all others to 0, thereby isolating the object region. We apply
this mask to both the RGB and depth images and then repeat the same RGB-D
to point-cloud conversion, yielding a cloud that contains only the selected object.
Because SuctionNet’s object list is 0-indexed while labels use 1 for the first object
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(with 0 reserved for background), there is an offset of one between the object index

and the label value. Figure 4.9 shows an example mask and its effect on RGB and
depth.

RGB DEPTH LABEL

J J J

Figure 4.9: Right: binary mask derived from the label image (white = object,
black = background). Left and center: RGB and depth after masking, which retain
only the selected object’s pixels.

Finally, applying the same intrinsics to the masked RGB-D pair yields the
reduced, per-object point cloud (Figure 4.10).

With the procedures for extracting both the full-scene and per-object clouds
properly implemented, we create a simple pipeline to process all available samples.
For each scene, and for each view along the trajectory, we first obtain the full-scene
cloud and then, while on the same view, we read the label image to enumerate all
the unique object IDs present. Then, for each such object, we apply the masking
procedure above and generate its corresponding point cloud. In this way, we obtain
a novel cross-domain dataset adapted from SuctionNet [9] which provides both
full-scene and per-object point clouds along with the original CAD models. The
script that performs this extraction is provided in our repository [8].

Additionally, another test idea was to crop the CAD models in half to better
match the visibility of the real acquired clouds, which are typically only partially
visible due to the camera viewpoint. To do so, we performed PCA to obtain the
three principal axes of variation. The eigenvectors associated with the two largest
eigenvalues represent the directions along which the point cloud has the largest
spread (typically corresponding to the longitudinal and transversal axes of the
object). The third eigenvector typically corresponds to the width direction. After
obtaining the eigenvectors, we rotate the cloud to align with these directions and
then apply a mask to keep only one half along a chosen axis (either the positive
or negative side). Figure 4.11 shows the resulting splits along each PCA axis. As
expected, the third axis splits the object along its width direction, which is also
the most common type of partial visibility in the cluttered tabletop configurations
of SuctionNet. Therefore, for this test case, we use CAD models cropped along the
third principal axis as our sources.

Then, with the dataset ready, we can set up the benchmark on it. In this
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Figure 4.10: Point cloud of a single object obtained from the masked RGB-D
image via back-projection with the intrinsics. Notice the large noise and heavy
perturbations across the cloud.

Raw complete 1° Eigenvector 2° Eigenvector 3° Eigenvector
cloud Split Split Split

Figure 4.11: Given a complete CAD model, we perform PCA and split the
cloud into two halves along each principal axis, keeping the positive (blue) or
negative (red) half. The first two axes typically correspond to the longitudinal
and transversal directions, while the third axis usually corresponds to the width
direction.

cross-domain setting, the source cloud (the CAD model) is always centered near
the origin, whereas the target cloud reconstructed from RGB-D lies at a nonzero
offset determined by the distance between the object and the camera lens (i.e. the
optical center). Consequently, the two clouds may start with a substantial initial
offset, as illustrated in Figure 4.12.

Although this might seem harmless, it can complicate the pipelines. Recall
that our geometric pipeline uses FPFH and the learned one uses FCGF for feature
extraction. Both descriptors aim for local invariance: translation invariance by
construction, and approximate rotation stability via local frames for FPFH and
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Figure 4.12: Because the source clouds (colored tabletop reconstructions) are
centered around the origin while the targets (CAD models, shown in red) are
expressed in the camera frame, there is an inherent distance between object and
camera. This yields a sizable initial translation offset between source and target
before registration.

learned invariances for FCGF [4, 5], but they remain sensitive to such large pose
discrepancies.

When the initial misalignment is large (due to significant translation, rotation,
or both), corresponding surface patches can exhibit significantly different local
contexts (e.g., normal orientations, neighborhood layouts, visibility and occlusion
patterns). Because descriptors are computed independently in each cloud, these
differences cause descriptor vectors at physically corresponding points to diverge.
As a result, nearest-neighbor matching in feature space fails to assemble a reliable
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correspondence set, and without meaningful correspondences, RANSAC cannot
estimate a valid transformation.

FCGF is generally more tolerant than FPFH in this regime, since it is trained
to match similar structures under broader pose and appearance variations [5]. Still,
even FCGF may fail when the initial offset is extreme.

Although such failures may not be frequent, we address them to make both
pipelines more robust. A tempting fix is a coarse pre-translation that aligns
centroids before feature matching. However, if the target lies far from the global
origin, simply shifting the source to the target centroid still leaves both clouds with
large absolute coordinates. Since downstream computations (KD-tree queries for
normal/feature neighborhoods, correspondence search, and point-to-plane residuals
in ICP) operate in single precision (float32), subtracting large, nearly equal values
can amplify rounding error (loss of significance) and destabilize normals and
descriptors, degrading matching quality [71]. In short, large dynamic ranges
combined with misalignment can hurt both correspondence building and the
subsequent estimation stages.

A more robust solution is to demean (center) both point clouds at the origin
before computing features or running the registration stages. Keeping coordinates
near the origin reduces dynamic range and improves numerical conditioning for
subsequent steps (KD-tree queries, plane fitting, and feature matching), which are
typically carried out in single precision [69, 71].

Hence, using the source P and target () clouds, we first compute the centroid of
each point cloud, as in (2.6). Second, we compute the translation vectors from the
centroids to the origin:

7f;)ource - (0,0,0) — D, ti?arget = (07070) —q (429)
where €3, and t3,, ., translate the source and target centroids, respectively, to

the origin. We then build the rigid transformations that map coordinates from the
original source/target frames to the origin-centered frame (rotation set to identity
since we only translate):

Ts%urce = |f§§“ tSOTrCC]
(4.30)
0 _ [13 tfc)arget‘|
target — OT 1

To move the clouds to the origin (Figure 4.13), we apply these transformations
in homogeneous coordinates:

po = Ts%urcep
e (4.31)
Q = TtargetQ
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Figure 4.13: Both clouds are translated so that their centroids coincide with
the origin. We then feed these origin-centered clouds to the registration stage.
This inexpensive preconditioning step improves robustness under large initial
misalignment by stabilizing feature matching.

Here, P° and Q° denote the source and target clouds represented in the origin-
centered frame (homogeneous form). Next, we input P° and Q° to the selected
registration pipeline to obtain the transformation 7, that, ideally, aligns the
(centered) source to the (centered) target:

Q° = TrosP° (4.32)

Lastly, we compose T;.; with the initial translations to recover the overall
transformation 7§y, from the original (unmoved) source to the original (unmoved)
target. This can be derived using elementary properties of rigid transformations
and matrix arithmetic from (4.31) and (4.32), as shown below.

60



Methodology

QO = Treg[go
nirgeté = jjlfegj"s?)urce]5
- 3 -1 8 4.33
(targeto) ' T‘t(;rgetQ = (T:;rget) TregTsoourceP ( )
~ —1 .
Q = (ﬂ%rget) TregTs(Z)urceP
We can rewrite the final equation as:
-1
Tﬁnéil = (,*Ttargj)t) TregTsource (434)
Q = TﬁnalP

This procedure is implemented as a lightweight, fully automatic preprocessing
step in both pipelines. While computationally inexpensive, it significantly im-
proves robustness by enabling successful feature matching in cases of large initial
displacement.

Besides this initial centering step, the pipelines themselves remain unchanged.
In the full-scene setting, for each view from each scene, we obtain the list os objects
present (using the label image to identify the set of unique object IDs present in
the current view) and, for each of those objects, we apply both pipelines with
the source as the object’s CAD model and the target as the full tabletop cloud.
Similarly, for the single-object setting, we loop through all scenes, views and objects
within views, aligning the CAD models to the corresponding single-object acquired
cloud. In all scenarios, we also apply the same iteration-counter module described
in Section 4.4, with minor adjustments to match this dataset folder layout.

To evaluate the consistency of each pipeline, we report an approximate recall:
among all evaluated pairs for which the pipeline outputs a transform (attempted
registrations), how many are deemed correct (successful) under a fixed criterion.
In standard settings such as 3DMatch, correctness relies on ground-truth poses.
Specifically, (i) pair selection considers only pairs with overlap greater than 30%
under the ground-truth pose, and (ii) success is assessed by comparing the estimated
transform against ground-truth (e.g., via inlier ratios or RMSE under the ground-
truth alignment) [32].

By contrast, when ground-truth is unavailable, prior work often uses an overlap
proxy evaluated under the predicted pose. For example, FCGF computes an overlap
ratio after applying the estimated transform and accepts a registration if the overlap
exceeds 30% [5]. This mirrors the 3DMatch “30% rule” but uses the predicted
instead of the true pose and functions as a post-registration success filter rather
than a pair-selection gate.

In our case, SuctionNet does not provide ground-truth transforms, so we adopt
Open3D’s fitness (defined in (2.17)) as a pragmatic overlap proxy without requiring
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ground-truth: a high fitness indicates a large, well-aligned intersecting region [7].
Accordingly, we approximate recall by counting positives as registrations whose
fitness exceeds 30%, a threshold consistent with the 3DMatch guideline and FCGF
practice [32, 5].

However, using this overlap proxy for evaluation comes with a warning in
the full-scene setting. If we directly use the fitness reported by Open3D during
registration, it can be overly optimistic because fitness counts inliers from an
estimated correspondence set (obtained through NN search). When aligning a
specific object’s CAD model to a full tabletop point cloud, the target contains
many unrelated points (e.g., the table and other objects). The NN search can
therefore match CAD points to these "false positives" unrelated points, yielding a
high fitness even when the model is aligned to the wrong object. To ensure that
fitness reflects alignment to the correct object, we estimate the transformation using
the full-scene target but evaluate it against the corresponding single-object cloud
(instead of reusing the whole tabletop cloud). This is valid because the full-scene
and single-object clouds are expressed in the same coordinate frame (masking
removes points but does not change coordinates), and our centering step is internal
to the pipeline, with the reported Tj,, mapping the original CAD coordinates to
the original target frame, regardless of the setting.

As in Section 4.5, we summarize only successful alignments when computing
per-metric aggregates (means and standard deviations). We consider the same
metrics: iteration counts, fitness and inlier RMSE. We report results both per
object and per scene to expose variability across object identities and across scenes
(which differ in object placement and degree of occlusion).

Finally, for this benchmark we set the voxel size and the inlier distance threshold
to 0.005 (0.5 cm), while all other parameters remain exactly as in Table 4.1.

62



Chapter 5

Results

5.1 3DMatch Benchmark

This section reports the results obtained for the experiments done on the 3DMatch
benchmark. For implementation details, experimental setup, and hyperparameters,
see Section 4.5 and Table 4.1. We evaluate the entire 3DMatch test split. For a
scene with N.ougs fragments, the number of admissible non-consecutive pairs is

Ncous ]\fcous_1 ]\/vcous_2
Npairs = ( 12 d) - (Nclouds - 1) = ( oud )2( oud ) (51)

Table 5.1 summarizes the per-scene counts. Each scene contributes between
630 and 2,080 admissible non-consecutive pairs, totaling 11,480 pairs across the
eight scenes. However, these counts are an upper bound because, following the
3DMatch protocol, we compute metrics only on the subset whose ground-truth
overlap exceeds 30%, so the effective number of evaluated pairs is smaller. In
any case, even after this filtering, the sample size remains large, supporting the
robustness of the statistics reported below.

We begin with iteration counts, presented in Table 5.2. Using learned features
(FCGF) reduces effort in both stages while introducing slightly higher variability.
For RANSAC, the overall mean drops from 75.02 to 52.24 iterations (=~ 30.4%
reduction). For ICP, the mean falls from 27.08 to 21.57 (=~ 20.4% reduction). In
exchange, dispersion grows: the aggregate standard deviation (SD) rises from 44.78
to 49.04 for RANSAC and from 6.01 to 8.14 for ICP. The inter-scene SD row
(computed from the per-scene means) also slightly increases (RANSAC: 10.72 to
11.14; ICP: 2.01 to 3.59), indicating a modest increase in scene-to-scene fluctuation
under FCGF.

At the scene level, FCGF consistently lowers RANSAC means, often substantially
(e.g., Hotel 2: 87.94 to 45.70; Hotel 3: 83.77 to 29.12). Two scenes (Study Room and
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Scene Number of Possib.le non-(.:ons.ecutive
Fragments pair combinations

Kitchen 60 1711

Home 1 60 1711

Home 2 60 1711

Hotel 1 55 1431

Hotel 2 a7 1540

Hotel 3 37 630
Study Room 66 2080
Laboratory 38 666

TOTAL 433 11480

Table 5.1: Per-scene fragment counts and the resulting number of admissible
non-consecutive pairs in the full 3DMatch test split.

Laboratory) exhibit RANSAC means close to the geometric baseline (Study Room:
59.52 to 55.47; Laboratory: 60.44 to 63.65), but here the learned pipeline shows
much broader spread (SDs 67.71 and 71.43 versus 22.77 and 25.50). This pattern
is consistent with RANSAC’s confidence bound (4.5): when learned descriptors
yield high inlier fractions w, some pairs terminate very early, while harder pairs
(low overlap, clutter, or self-similar geometry) still demand many trials, widening
the distribution.

For ICP, the reduction is uniform across all scenes (e.g., Kitchen: 24.00 to 17.37;
Hotel 1: 24.11 to 17.48; Laboratory: 29.14 to 25.86). The increased ICP SD under
FCGF (e.g., Home 1: 6.44 to 8.85; Hotel 2: 5.22 to 8.21) is expected: better global
initializations produce fewer iterations on average, but the remaining spread reflects
pair difficulty after the global step (surface coverage, normal quality, and local
minima in point-to-plane refinement).

In short, learned features reduce iteration budgets by ~30% (RANSAC) and
~20% (ICP) without sacrificing reliability, while concentrating “wins” on easier
pairs and leaving a heavier tail of difficult cases. Practically, this means faster
convergence most of the time, interspersed with occasional outliers that still require
many RANSAC validations or a few extra ICP steps.

Fitness results (Table 5.3) mirror the iteration count speed-ups: the deep-
learning pipeline delivers consistently higher alignment quality at both stages. For
RANSAC, mean fitness improves from 0.3823 to 0.5468, a gain of +0.1645 (i.e.,
+16.45 percentage points, or +43.0% relative to the geometric-only baseline). For
ICP, mean fitness rises from 0.4419 to 0.5583, a gain of +0.1164 (+11.64 percentage
points, or +26.3% relative). Improvements are uniform across all scenes and, for
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RANSAC Iterations ICP Iterations
Scene Geometric-only Deep-learning Geometric-only Deep-learning
Mean SD Mean SD Mean SD Mean SD
Kitchen 83.90 35.62 55.54 34.64 24.00 7.52 17.37 6.74
Home 1 70.71 39.16 60.01 59.58 27.04 6.44 18.89 8.85
Home 2 78.21 72.01 48.26 46.54 27.46 5.88 21.18 8.66
Hotel 1 75.66 40.66 60.19 39.49 24.11 7.59 17.48 6.98
Hotel 2 87.94 45.04 45.70 40.63 27.91 5.22 21.51 8.21
Hotel 3 83.77 39.02 29.12 20.88 27.79 5.33 23.53 7.95
Study Room 59.52 22.77 55.47 67.71 29.20 3.17 26.71 5.69
Laboratory 60.44 25.50 63.65 71.43 29.14 3.22 25.86 6.91
TOTAL 75.02 44.78 52.24 49.04 27.08 6.01 21.57 8.14
Inter-scene SD — 10.72 — 11.14 — 2.01 — 3.59

Table 5.2: Per-scene mean and standard deviation (SD) of iteration counts for
global RANSAC and local ICP on the 3DMatch benchmark. Left: geometric-only
pipeline (FPFH-based). Right: deep-learning pipeline (FCGF-based). TOTAL:
reports dataset-wide means and SDs over all evaluated pairs. Inter-scene SD: the
standard deviation of the per-scene means (variability across scenes). Learned
features reduce average iterations (RANSAC ~30%, ICP ~20%) at the cost of
slightly higher dispersion. Settings and protocol as in Section 4.5 and Table 4.1.

example, in Hotel 2 the RANSAC mean jumps from 0.3946 to 0.5816 (+18.70%
absolute), and in Home 1 from 0.3280 to 0.5232 (+19.52 absolute).

Another way to view this effect is to compare stages: deep-learning RANSAC
alone (54.68%) already exceeds the geometric-only ICP result (44.19%). Conse-
quently, adding ICP on top of the deep-learning initialization yields only a modest
extra gain (+1.15 absolute, or ~ +2.1% relative), whereas ICP contributes a bit
more visibly to the geometric-only pipeline (+5.96% absolute, or &~ 4+15.6% rela-
tive). In any case, this indicates that most of the fitness improvement is achieved
by the stronger learned descriptors during global registration, with ICP acting
primarily as a light refinement.

Regarding variability, the per-pair standard deviations are similar between
pipelines. From the geometric-only to the deep-learning pipeline, an increase from
0.1709 to 0.1792 is seem in RANSAC, and from 0.1684 to 0.1793 in ICP, indicating
a slightly broader within-scene spread under the deep-learning setup. Across scenes,
the inter-scene SD is comparable for RANSAC (0.0424 and 0.0415) and actually
lower for ICP with deep learning (0.0500 and 0.0425), suggesting more consistent
performance scene-to-scene after refinement.
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RANSAC Fitness ICP Fitness

Scene Geometric-only Deep-learning Geometric-only Deep-learning

Mean SD Mean SD Mean SD Mean SD
Kitchen 0.4482 0.1806 0.5925 0.1590 0.5043 0.1684 0.5957 0.1586
Home 1 0.3280 0.1656 0.5232 0.1847 0.3714 0.1581 0.5272 0.1838
Home 2 0.3341 0.2085 0.5012 0.2496 0.3833 0.2154 0.5129 0.2493
Hotel 1 0.3968 0.1757 0.5565 0.1617 0.4473 0.1583 0.5595 0.1586
Hotel 2 0.3946 0.1395 0.5816 0.1443 0.4722 0.1420 0.6027 0.1474
Hotel 3 0.4218 0.1511 0.5823 0.1587 0.4967 0.1475 0.6016 0.1662
Study Room 0.3504 0.1365 0.4787 0.1579 0.4080 0.1305 0.4937 0.1590
Laboratory 0.3847 0.1507 0.5581 0.1488 0.4523 0.1409 0.5730 0.1468
TOTAL 0.3823 0.1709 | 0.5468 0.1792 | 0.4419 0.1684 | 0.5583  0.1793
Inter-scene SD - 0.0424 - 0.0415 - 0.0500 - 0.0425

Table 5.3: Alignment fitness on the 3DMatch benchmark. Means and per-pair
standard deviations (SD) are reported per scene for RANSAC and ICP, comparing
the geometric-only (FPFH-based) and deep-learning (FCGF-based) pipelines. The
deep-learning initialization constantly yields higher fitness across scenes and stages.
ICP then provides a modest refinement on top of the learned features.

Table 5.4 reports inlier RMSE (lower is better) for both stages. With deep-
learning features, RANSAC’s mean inlier RMSE drops from 0.0222 to 0.0180 m, a
reduction of 0.0042 m (4.2 mm, or 18.9% increase). After refinement, ICP further
reduces the error from 0.0177 to 0.0148 m, a reduction of 0.0029 m (2.9 mm, or
16.4% increase). Per-scene reductions are consistent (e.g., Kitchen 0.0223 to 0.0179
m and Hotel 1 0.0211 to 0.0170 m at the RANSAC stage).

Although the absolute differences are on the millimeter scale, they remain
meaningful: higher fitness typically brings in harder correspondences that could
increase average error, so the fact that RMSE not only does not rise but actually
decreases indicates more accurate local alignment. Notably, while ICP adds only a
modest fitness gain on top of the deep-learning initialization (as seen in the previous
Table 5.3), it yields a more visible RMSE benefit for the same pipeline (0.0180
to 0.0148 m, i.e., 3.2 mm or a 17.8% increase). Variability also tightens: per-pair
SD shrinks from 0.0047 to 0.0032 m at RANSAC and from 0.0045 to 0.0031 m at
ICP, and the inter-scene SD is lower with deep learning, suggesting more stable
performance across scenes.

Additionally, we report runtime broken into three macro stages: preprocessing
(including feature extraction), RANSAC, and ICP. The obtained per-iteration time
measured in our setup was ~ 419 ms for RANSAC and ~ 147 ms for ICP. Combining
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RANSAC Inlier RMSE ICP Inlier RMSE

Scene Geometric-only Deep-learning Geometric-only Deep-learning

Mean SD Mean SD Mean SD Mean SD
Kitchen 0.0223 0.0045 0.0179 0.0025 0.0178 0.0045 0.0149 0.0025
Home 1 0.0222 0.0049 0.0172 0.0032 0.0178 0.0045 0.0143 0.0032
Home 2 0.0248 0.0043 0.0201 0.0039 0.0213 0.0052 0.0169 0.0043
Hotel 1 0.0211 0.0050 0.0170 0.0027 0.0169 0.0046 0.0138 0.0023
Hotel 2 0.0229 0.0044 0.0186 0.0033 0.0181 0.0041 0.0146 0.0031
Hotel 3 0.0218 0.0045 0.0174 0.0032 0.0168 0.0042 0.0143 0.0024
Study Room 0.0208 0.0042 0.0175 0.0030 0.0161 0.0037 0.0147 0.0024
Laboratory 0.0213 0.0045 0.0185 0.0033 0.0170 0.0037 0.0152 0.0027
TOTAL 0.0222  0.0047 | 0.0180 0.0032 | 0.0177 0.0045 | 0.0148 0.0031
Inter-scene SD - 0.0013 - 0.0010 - 0.0016 - 0.0010

Table 5.4: Inlier RMSE (in meters) on the 3DMatch benchmark. Means and per-
pair standard deviations are reported per scene for RANSAC and ICP, comparing
the geometric-only (FPFH) and deep-learning (FCGF) pipelines. Deep learning
yields uniformly lower errors at both stages. ICP further reduces RMSE on top
of the learned initialization. The final row (“Inter-scene SD”) summarizes the
variability of scene-wise means across scenes.

these per-iteration times with the observed iteration totals (geometric-only: 440,629
RANSAC and 160,227 ICP; deep-learning: 113,253 RANSAC and 45,956 ICP)
yields the stage totals summarized in Table 5.5. In addition, the preprocessing stage
(which includes feature extraction) was substantially shorter with the deep-learning
pipeline (3.69 min vs. 19.12 min).

This outcome is consistent with prior reports for FCGF, [5] shows a per-feature
extraction time of 0.009ms for FCGF versus 0.032ms for FPFH on 3DMatch,
indicating that FCGF is markedly faster than classical handcrafted descriptors.
These results support our observation that the deep-learning pipeline reduces end-
to-end time primarily by (i) cutting RANSAC and ICP iterations and (ii) using a
faster feature extractor.

Finally, we evaluate recall and precision under the official 3DMatch geomet-
ric-registration protocol. We use the reference evaluation script from the 3DMatch
toolbox [72]. As summarized in Section 2.4, a registration is counted as correct if the
rotation and translation errors satisfy RRE < 15° and RTE < 0.30m, in relation
to the ground-truth, as shown in (2.19). After labeling each predicted alignment
as true/false positive (TP/FP) and each missed alignment as false negative (FN),
we compute
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Time (minutes)
Stage - -
Geometric-only | Deep-learning
Preprocessing 19.12 3.69
RANSAC 3075.29 790.43
ICP 393.50 112.86
TOTAL 3487.91 906.98

Table 5.5: End-to-end runtime on 3DMatch by stage. Times aggregate all
evaluated pairs. RANSAC and ICP totals come from multiplying the measured
per-iteration costs (&~ 419 ms and & 147 ms, respectively) by the observed iteration
counts of each pipeline. Preprocessing includes feature extraction. Overall, the
deep-learning pipeline is markedly faster due to fewer iterations and a faster feature
extractor, consistent with FCGF’s reported speed advantage, as shown in [5].

> TP . S TP
Precision =

Recall = ~p o Fny S (TP + FP)

(5.2)

Intuitively, recall measures, of all pairs that are possible to be aligned, how
many did our pipelines actually recover. Meanwhile, precision measures, of the
alignments we reported, how often were they actually correct (i.e., they are pairs
that are indeed feasible to be aligned).

Table 5.6 shows per-scene and overall results. The deep-learning pipeline achieves
a marked precision gain (TOTAL: 0.1551 to 0.4207, a +0.2656 absolute gain), while
recall also improves modestly (TOTAL: 0.7107 to 0.7430, a +0.0323 absolute gain).
Scene-wise, precision increases consistently, and often substantially (e.g., Hotel 1:
0.3390 to 0.7673; Kitchen: 0.3736 to 0.6848), indicating far fewer false positives.
Recall improves in five of eight scenes (Kitchen, Home 2, Hotel 2, Study Room,
Laboratory), dips slightly in three (Home 1, Hotel 1, Hotel 3), yet ends higher
overall. This pattern aligns with earlier metrics: stronger learned descriptors make
global alignment more reliable and filter out many spurious matches produced by
FPFH, boosting precision without sacrificing recall.

For qualitative reference, Figure 5.1 displays a sample alignment obtained by
both pipelines. Notice that, in this sample, DL also obtained higher fitness with
lower error. Therefore, this visual analysis illustrates the benefits we observed
during the previous results.
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Scene Geometric-only Deep-learning
Recall Precision | Recall Precision

Kitchen 0.8129 0.3736 0.8708 0.6848
Home 1 0.8019 0.1400 0.7547 0.5031
Home 2 0.6164 0.1010 0.6478 0.3552
Hotel 1 0.8791 0.3390 0.8516 0.7673
Hotel 2 0.7564 0.0672 0.8077 0.2121
Hotel 3 0.7692 0.0522 0.7308 0.1367
Study Room | 0.6496 0.1192 0.7692 0.4390
Laboratory | 0.4000 0.0486 0.5111 0.2674
TOTAL 0.7107  0.1551 0.7430  0.4207

Table 5.6: Per-scene and overall recall/precision computed with the official
3DMatch toolbox [72], using the protocol thresholds RRE < 15° and RTE < 0.30 m.
The deep-learning pipeline substantially increases precision across all scenes and
yields a modest overall recall gain.

Geometric-only

Fitness: 37.96%
Inlier RMSE: 1.87 cm

Figure 5.1: Sample alignment obtained for the 3DMatch benchmark. The yellow
cloud is the source, and the blue one is the target. Notice that higher fitness and
lower inlier RMSE visually translates to tighter alignments, where the overlap of

Deep-learning

Fitness: 65.85%

Inlier RMSE: 1.31 cm

both clouds is more precise and the gaps between them are smaller.
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5.2 Augmented 3DMatch Benchmark

We evaluate four scenarios, each adding noise on top of the previous: No Noise (con-
trol), Gaussian (with variable variance), Gaussian+Spikes, and Gaussian+Spikes+Pepper|
Table 5.7 summarizes both pipelines across all scenarios (means, per-pair SD, and
inter-scene SD). Full per-scene tables are in Appendix B.

Gaussian Gaussian
. Lo No Noise Gaussian . +Spikes
Metric |Statistic +Spikes +Pepper

GO DL GO DL GO DL GO DL
Mean 75.02 52.24 37.63 24.59 37.22 20.13 37.30 5.44

ANSA
? S C SD 44.78 49.04 18.50 133.63 18.25 106.65 18.50 30.86
terations
IS-SD 10.72 11.14 5.09 13.35 5.06 12.78 4.92 2.73
Mean 27.08 21.57 30.00 30.00 30.00 30.00 30.00 29.99
ICP
I C. SD 6.01 8.14 0.10 0.17 0.17 0.12 0.11 0.43
terations
IS-SD 2.01 3.59 0.00 0.01 0.00 0.01 0.00 0.01
Mean 0.3823 | 0.5468 | 0.4279 | 0.5015 | 0.4454 | 0.5103 | 0.4444 | 0.4606
RANSAC
Fitness SD 0.1709 | 0.1792 | 0.1459 | 0.1892 | 0.1445 | 0.1869 | 0.1471 | 0.1775
IS-SD 0.0424 | 0.0415 | 0.0460 | 0.0555 | 0.0486 | 0.0491 | 0.0477 | 0.0447
Mean 0.4419 | 0.5583 | 0.4836 | 0.5505 | 0.4968 | 0.5557 | 0.4954 | 0.5181
ICP
F.C SD 0.1684 | 0.1793 | 0.1600 | 0.1966 | 0.1579 | 0.1938 | 0.1588 | 0.1970
itness

IS-SD | 0.0500 | 0.0425 | 0.0514 | 0.0624 | 0.0529 | 0.0559 | 0.0517 | 0.0540
RANSAC | Mean | 0.0222 | 0.0180 | 0.0223 | 0.0212 | 0.0233 | 0.0220 | 0.0233 | 0.0231

Inlier SD | 0.0047 | 0.0032 | 0.0019 | 0.0025 | 0.0019 | 0.0027 | 0.0019 | 0.0020
RMSE | 159D | 0.0013 | 0.0010 | 0.0005 | 0.0006 | 0.0004 | 0.0005 | 0.0004 | 0.0004

[cp | Mean | 0.0177 | 0.0148 | 0.0209 | 0.0195 | 0.0218 | 0.0203 | 0.0218 | 0.0212
Inlier SD | 0.0045 | 0.0031 | 0.0024 | 0.0030 | 0.0024 | 0.0031 | 0.0024 | 0.0025
RMSE

IS-SD | 0.0016 | 0.0010 | 0.0007 | 0.0009 | 0.0006 | 0.0008 | 0.0006 | 0.0010

Table 5.7: Summary statistics (mean, per-pair standard deviation, and inter-scene
standard deviation) over all scenes for each metric and noise setting, comparing
geometric-only (GO) and deep-learning (DL) pipelines. IS-SD: inter-scene SD
(variability of scene-wise means).

Across all noise settings, the deep-learning pipeline needs fewer RANSAC
iterations, and the gap widens as noise increases. This can look counterintuitive,
but it matches RANSAC’s iteration bound (4.5): under noise, the feature matching
stage becomes more conservative, pruning weak or ambiguous matches, and yielding
a smaller but cleaner correspondence set with a higher inlier fraction w. Therefore,
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looking at 4.5, the higher the w, the smaller Ngansac becomes. And this drop is
not linear because of the exponent m (here, 4). So, even modest gains in w translate
into large iteration drops. Furthermore, another consequence of RANSAC’s runtime
being very sensitive to w is that, with more noise, the inlier fraction varies a lot
from scene to scene. So, some scenes finish almost immediately while others take
longer, which explains the larger standard deviations.

For ICP, most noisy runs hit the configured cap of 30 iterations, hence the
saturation in the means. We kept this cap intentionally (to emulate limited
compute). Even when iteration counts match, the DL pipeline still ends with better
alignments because its global initialization places ICP in a more favorable basin of
attraction.

Fitness remains higher with DL in every scenario and at both stages. Notably, DL
RANSAC alone already matches or exceeds GO ICP across the board, highlighting
that most of the gain comes from better descriptors and global alignments, with
ICP acting as a light polish. Inlier RMSE follows the same pattern: DL yields lower
errors at both stages for all noise settings. As expected, absolute errors rise when
we add spikes and pepper, since we are corrupting and removing points. Learned
features mitigate this effect, but cannot eliminate it entirely.

A small observation: the “No Noise” control is not perfectly clean, since 3SDMatch
fragments already contain real sensor artifacts. So it is plausible (and observed)
that some metrics under synthetic Gaussian look close to, or occasionally slightly
better than, the control.

We also recomputed recall and precision with the official 3DMatch evaluation
code [72] for all noise settings (Table 5.8). The DL pipeline consistently delivers
substantially higher precision than GO under added noise (fewer false positives),
and it also improves recall for the Gaussian and Gaussian+Spikes cases. Under the
heaviest corruption (Gaussian+Spikes+Pepper), recall degrades sharply for both
pipelines and the DL advantage in recall disappears, since pepper dropout reduces
overlap and removes geometry needed to form stable correspondences. However,
the DL pipeline still retains a precision edge, meaning that when it obtains a
match, it is more often correct, while GO claims more matches, but they are more
frequently incorrect.

5.3 Cross-domain Benchmark

Because this benchmark spans many objects, in this section we report the overall
result summaries for both the single-object and full-scene settings. All the complete
per-object tables are provided in Appendix C.

Beginning with the single-object setting (Table 5.9) shows that the deep-learning
pipeline cuts RANSAC iterations by more than half on average (108.29 to 45.19),
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Noise Pipeline Metric Kitchen Home 1 Home 2 Hotel 1 Hotel 2 Hotel 3 Study Room Laboratory TOTAL

Qo Recall 0.8129  0.8019 0.6164 0.8791 0.7564 0.7692 0.6496 0.4000 0.7107

No Noise Precision  0.3736  0.1400  0.1010  0.3390  0.0672  0.0522 0.1192 0.0486  0.1551
DL Recall 0.8708  0.7547  0.6478 0.8516  0.8077  0.7308 0.7692 0.5111  0.7430
Precision  0.6848  0.5031  0.3552 0.7673  0.2121  0.1367 0.4390 0.2674  0.4207

Qo Recall 0.1537  0.1887  0.1635 0.1813 0.1282  0.1923 0.1068 0.1111  0.1532
Gaussian Precision  0.0421  0.0122  0.0155 0.0236  0.0066  0.0080 0.0126 0.0079  0.0160
DL Recall 0.3073  0.3396  0.2893  0.3626  0.2179  0.2308 0.2393 0.2889  0.2845
Precision ~ 0.2222  0.0807  0.0564 0.1828 0.0335 0.0324 0.0858 0.0760  0.0962

Go Recall 0.1448  0.1132  0.1572  0.1374  0.1667 0.1154 0.0769 0.0667 0.1223
Gaussian Precision  0.0387  0.0073  0.0148 0.0176  0.0122  0.0088 0.0088 0.0046 0.0131
+Spikes DL Recall 0.3163  0.3208  0.2704  0.3297  0.2179  0.2308 0.2350 0.3111  0.2790
Precision  0.2168  0.0756  0.0521  0.1648 0.0332 0.0314 0.0820 0.0824  0.0923

Gaussian GO Recall 0.1336  0.1509  0.1447 0.1538 0.1026  0.1154 0.0427 0.0667 0.1138
1 Spikes Precision  0.0358  0.0096  0.0136  0.0198  0.0052  0.0048 0.0049 0.0046  0.0123
+Pepper DI, Recall 0.0200  0.0660  0.0377  0.0165 0.0128  0.0385 0.0214 0.0222  0.0294
Precision  0.0455  0.0409  0.0132 0.0234 0.0053 0.0112 0.0185 0.0127  0.0213

Table 5.8: Recall and precision computed with the official 3DMatch toolbox [72]
(success if RRE < 15° and RTE < 0.30m). The deep-learning pipeline maintains
a strong precision advantage under added noise and improves recall for Gaussian
and Gaussian+Spikes. Under the heaviest corruption (Gaussian+4Spikes+Pepper),
recall drops for both pipelines, and DL still keeps higher precision.

with a corresponding drop in SD (102.01 to 47.56). This mirrors what we saw
on 3DMatch: stronger correspondences raise the inlier fraction w and shrink
RANSAC’s expected trials. ICP iterations are similar across pipelines (27.15 vs.
26.32 on average) and sit close to our default cap of 30, indicating that many pairs
terminate near the limit in this more challenging, cross-domain setting.

At the global stage, DL improves fitness (0.3666 to 0.4408) and lowers inlier
RMSE (3.08 mm to 2.63mm). After local refinement, the pipelines end up with
comparable ICP fitness (0.4949 vs. 0.5074) and essentially identical ICP RMSE
(both 2.28 mm). In other words, most of the advantage shows up where it matters
most for robust initialization (RANSAC), while ICP then pulls both solutions
towards a similar local optimum.

Now, for the full-scene setting (Table 5.10 shows that, once again, the deep-
learning obtained lower RANSAC iteration counts on average (33.31 to 7.77), and
lower variability (SD 35.57 to 8.99). ICP iteration performance is similar across
pipelines, with counts remaining close (27.83 and 28.31), suggesting that many
pairs again refine near the iteration cap (defined in the convergence criteria).

In terms of alignment quality, the two pipelines achieve comparable RANSAC
fitness (0.3689 vs. 0.3702) and similar RANSAC inlier RMSE (2.73 mm vs. 2.78
mm). After refinement, ICP fitness and RMSE remain close as well (fitness 0.4948
vs. 0.4924; RMSE 2.30,mm vs. 2.33,mm), indicating that the final local solutions
are generally similar in this setting.

Therefore, compared to the previous single-object setting results, where the
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Metric Geometric-only Deep-learning
RANSAC  Mean 108.29 45.19
Iterations SD 102.01 47.56

ICP Mean 27.15 26.32
Iterations SD 5.46 6.20
RANSAC  Mean 0.3666 0.4408

Fitness SD 0.1214 0.1307
ICP Mean 0.4949 0.5074
Fitness SD 0.1168 0.1199
RANSAC  Mean 0.00308 0.00263
Inlier RMSE ~ SD 0.00030 0.00025
ICP Mean 0.00228 0.00228
Inlier RMSE  SD 0.00025 0.00024

Table 5.9: Cross-domain benchmark (object-level dataset) under single-object
target setting. Means and per-pair standard deviations (SD) over all objects.
Learned features (DL, FCGF-based) substantially reduce global RANSAC iterations
and improve RANSAC fitness/RMSE. After refinement, both pipelines converge to
similar ICP RMSE.

deep-learning pipeline had a more notable improvement in the global-stage, here
the main difference is only the drop in RANSAC iterations, while fitness and RMSE
are nearly equal across pipelines.

Now that we understood the quality of the successful alignments, we analyze how
often they are obtained. Using the procedure described in Section 4.7, Table 5.11
reports the average estimated recall. In the single-object setting, the recalls are
69.28% (geometric-only) and 67.81% (deep-learning), i.e., a small advantage for
the classical pipeline. Given the cross-domain shift (CAD to acquired clouds) and
the fact that FCGF is not trained on SuctionNet, this suggests that the learned
descriptors remain reasonably stable in a object-level benchmark. In the full-scene
setting, recall drops substantially for both pipelines (13.36% for geometric-only
and 5.65% for deep-learning), reflecting the increased difficulty of registering an
object model against a cluttered scene.

Table 5.12 presents the per-object recall. In the single-object setting, DL
improves most objects (19 out of 29, 65.5%), with an average gain of 5.5 percentage
points among the improved objects. However, we previously observed that the
overall average recall of GO was higher. This means that, for objects where DL had
higher recall, the margin was typically small, whereas GO, despite achieving higher
recall on fewer objects, often did so by a more significant margin. This suggests
that DL may be more consistent across objects, while GO performs very well on a

73



Results

Metric Geometric-only Deep-learning
RANSAC  Mean 33.31 .77
Iterations SD 35.57 8.99

ICP Mean 27.83 28.31
Iterations SD 4.72 4.23
RANSAC  Mean 0.3689 0.3702

Fitness SD 0.1223 0.1464
ICP Mean 0.4948 0.4924
Fitness SD 0.1176 0.1210
RANSAC  Mean 0.00273 0.00278
Inlier RMSE ~ SD 0.00027 0.00027
ICP Mean 0.00230 0.00233
Inlier RMSE  SD 0.00029 0.00028

Table 5.10: Cross-domain benchmark (object-level dataset) under full-scene target
setting. Means and per-pair standard deviations (SD) over all objects. Learned
features (DL, FCGF-based) substantially reduce global RANSAC iterations and
improve RANSAC fitness/RMSE. After refinement, both pipelines converge to
similar [CP RMSE.

Setting Geometric-Only Deep-Learning
Single-object 69.28 67.81
Full-scene 13.36 5.65

Table 5.11: Average overall object recall for geometric-only and deep-learning
pipelines across settings.

smaller subset. These cases where GO performs better may correspond to objects
with strong symmetries or sparse and ambiguous geometry (e.g., square and flat
objects without notable features), where descriptor repeatability and consensus
sampling become sensitive under cross-domain conditions. Fine-tuning the deep-
learning feature extractor backbone on target-domain data could possibly reduce
these gaps. Additionally, once again, the estimated recalls in the full-scene setting
are significantly lower for both pipelines across all objects (higher difficulty).

To further analyze these results, we computed the recall margin between the
two pipelines for each object, defined as ARy, = RO — R We then ranked
objects by AR,,; and selected three groups: top 3 (largest DL advantage), middle 3
(near-ties), and bottom 3 (largest GO advantage). Table 5.13 reports the summary
metrics for these groups in the single-object setting, while Table 5.14 reports the
same analysis for the full-scene setting.

Under single-object setting, the top and middle groups exhibit higher fitness
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for DL and generally fewer RANSAC iterations, whereas the bottom group shows
reduced DL fitness, which is consistent with its lower recall on those objects.
Therefore, this extra analysis indicates that, as expected, objects that had lower
recall represent more challenging samples, so even when the pipeline is able to
register it, the alignment quality is generally low. In the full-scene setting, differences
in fitness and inlier RMSE across groups are smaller and less consistent, reflecting
the overall increased difficulty of this setting.

Figure 5.2 shows a representative alignment on the SuctionNet cross-domain task.
The red cloud is the CAD model (source), overlaid on the target after ICP. In this
instance, the deep-learning pipeline produces a visibly tighter fit, with substantially
higher overlap and a lower inlier error than the geometric-only baseline.

Geometric-only Deep-learning
Fitness: 43.74% Fitness: 76.49%
Inlier RMSE: 2.57 mm Inlier RMSE: 2.22 mm

Figure 5.2: The red cloud is the CAD model (source), and poses shown are
after ICP refinement. Deep-learning (FCGF) attains higher fitness and lower inlier
error than the geometric-only (FPFH) pipeline (DL: 76.49% fitness, 2.22 mm inlier
RMSE; GO: 43.74%, 2.57 mm).

Finally, to assess the behavior of both pipelines when using cropped CAD models
as the source, we selected the "middle" objects (i.e., those with near-ties in recall
between GO and DL) and re-ran the evaluation. The results are summarized in
Tables 5.15 and 5.16 for the single-object and full-scene target settings, respectively.

Overall, the deep-learning pipeline remains substantially more efficient at the
global stage, requiring far fewer RANSAC iterations in both settings (77.26—26.34
in the single-object case, and 36.95—9.10 in the full-scene case), with a corre-
sponding reduction in variability. However, this improvement in efficiency does
not translate into a consistent quality gain for the estimated transformations. In
the single-object setting, GO achieves slightly higher RANSAC fitness (0.6148 vs.
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0.5950), while both methods converge to nearly identical refinement results (ICP
iterations, fitness and inlier RMSE). In the full-scene setting, RANSAC fitness is
comparable (0.6053 vs. 0.6107) and RANSAC inlier RMSE is nearly identical, but
GO yields better refinement quality, with higher ICP fitness (0.8248 vs. 0.7605)
and a slightly lower ICP inlier RMSE (0.00179 vs. 0.00186). These results suggest
that, for the selected near-tie objects, learned features mainly improve efficiency
(less iterations), while final alignment quality remains similar or can even favor the
geometric pipeline after ICP refinement.

For qualitative results, Figures 5.3 and 5.4 display examples of alignments
obtained using the cropped CAD as sources under the full-scene and single-object
settings, respectively.
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Estimated Recall (%)
Object | Full-scene | Single-object
GO | DL | GO DL
30 22.17 | 17.48 | 98.24 | 98.83
27 5.57 | 4.59 |90.82 | 93.85
o7 16.99 | 12.79 | 89.06 | 93.75
12 65.23 | 43.16 | 85.55 | &87.30
52 25.78 | 3.91 | 90.82 | 97.27
31 20.72 | 13.67 | 80.91 | 85.90
10 6.64 | 0.78 | 97.66 | 95.51
19 0.00 | 1.01 | 81.01 | 81.41
21 30.80 | 1.84 | 84.56 | 82.49
61 30.27 | 5.86 | 83.20 | 76.95
23 10.74 | 4.39 | 87.70 | 91.60
28 2.28 | 0.60 | 62.70 | 64.14
15 12.65 | 4.12 | 85.49 | 92.08
49 16.02 | 3.61 | 63.18 | 79.79
18 15.02 | 1742 | 62.98 | 72.74
16 25.39 | 14.26 | 70.90 | 66.89
71 14.06 | 0.20 | 76.56 | 92.48
38 0.98 | 1.95 | 41.02 | 46.09
37 5.67 | 0.62 | 45.98 | 47.32
64 1.17 | 5.08 | 60.16 | 39.84
6 8.40 | 0.78 | 48.83 | 42.19
63 14.65 | 0.78 | 86.82 | 16.21
39 11.72 | 1.95 | 42.77 | 35.55
8 8.17 | 0.79 | 80.22 | 80.51
62 2.34 | 0.00 | 30.76 | 40.82
67 2.93 | 0.00 | 42.38 | 34.08
9 4.79 | 1.07 | 41.50 | 21.19
41 0.39 | 0.00 | 19.34 | 22.27
59 2.15 | 1.37 | 25.78 | 35.16

Table 5.12: Estimated per-object recalls for the cross-domain benchmark. Deep-
learning pipeline (DL) improves most objects, but a few remain challenging (e.g.,
#63, #64), likely due to high symmetry or sparse geometry.
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Meotric Statistic Bottom 3 Middle 3 Top 3
GO DL GO DL GO DL
RANSAC | Mean | 90.03 | 14.08 | 44.11 | 29.52 | 89.09 | 47.85
Iterations SD 68.97 | 11.27 | 53.73 | 43.43 | 69.93 | 39.67
ICP Mean | 28.12 | 28.08 | 28.53 | 2826 | 25.80 | 24.05
Iterations SD 4.24 4.16 3.84 4.41 6.15 7.13
RANSAC | Mean | 0.3084 | 0.2436 | 0.3688 | 0.4307 | 0.3307 | 0.4358
Fitness SD 0.1024 | 0.0773 | 0.1167 | 0.1296 | 0.1351 | 0.1386
ICP Mean | 0.4406 | 0.3965 | 0.4836 | 0.5007 | 0.5097 | 0.5086
Fitness SD | 0.0819 | 0.0774 | 0.1160 | 0.1297 | 0.1205 | 0.1222
RANSAC | Mean | 0.00304 | 0.00274 | 0.00309 | 0.00260 | 0.00313 | 0.00269
Inlier RMSE | gp | 0.00019 | 0.00021 | 0.00024 | 0.00031 | 0.00041 | 0.00021
ICP Mean | 0.00214 | 0.00220 | 0.00233 | 0.00231 | 0.00237 | 0.00235
Inlier RMSE | gp | 0.00019 | 0.00022 | 0.00035 | 0.00033 | 0.00021 | 0.00018

Table 5.13: Single-object setting:

results over objects ranked by recall margin.

Metric Statistic Bottom 3 Middle 3 Top 3
GO DL GO DL GO DL
RANSAC | Mean | 33.18 | 13.74 | 3519 | 4.11 7.62 7.33
Iterations SD 4343 | 1329 | 17.75 | 4.54 7.64 8.92
ICP Mean | 27.88 | 2894 | 29.25 | 29.56 | 29.58 | 29.29
Iterations SD 4.67 3.51 2.66 2.28 2.26 3.00
RANSAC | Mean | 0.4115 | 0.4655 | 0.3361 | 0.3170 | 0.3859 | 0.3808
Fitness SD 0.1205 | 0.1516 | 0.0841 | 0.1200 | 0.1260 | 0.1376
ICP Mean | 0.5319 | 0.5451 | 0.4753 | 0.4946 | 0.5132 | 0.5022
Fitness SD 0.0804 | 0.0929 | 0.1287 | 0.1247 | 0.0676 | 0.0715
RANSAC | Mean | 0.00261 | 0.00261 | 0.00279 | 0.00288 | 0.00273 | 0.00273
Inlier RMSE | gp | 0.00032 | 0.00032 | 0.00022 | 0.00017 | 0.00024 | 0.00028
ICP Mean | 0.00210 | 0.00211 | 0.00241 | 0.00241 | 0.00225 | 0.00224
Inlier RMSE | gp | 0.00022 | 0.00021 | 0.00024 | 0.00026 | 0.00016 | 0.00020

Table 5.14: Full-scene setting: results over objects ranked by recall margin.
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Metric Geometric-only Deep-learning
RANSAC  Mean 77.26 26.34
Iterations SD 79.85 39.51

ICP Mean 26.78 26.58
[terations SD 5.98 6.06
RANSAC  Mean 0.6148 0.5950

Fitness SD 0.1944 0.2154
ICP Mean 0.6773 0.6769
Fitness SD 0.2099 0.2097
RANSAC  Mean 0.00253 0.00248
Inlier RMSE ~ SD 0.00034 0.00038
ICP Mean 0.00211 0.00210
Inlier RMSE ~ SD 0.00042 0.00041

Table 5.15: Cropped CAD test under single-object target setting. Means and
per-pair standard deviations (SD) over all objects.

Metric Geometric-only Deep-learning
RANSAC  Mean 36.95 9.10
Iterations SD 23.47 12.37

ICP Mean 28.25 27.27
Iterations SD 4.30 5.63
RANSAC  Mean 0.6053 0.6107

Fitness SD 0.1998 0.2299
ICP Mean 0.8248 0.7605
Fitness SD 0.1625 0.2044
RANSAC  Mean 0.00245 0.00242
Inlier RMSE  SD 0.00040 0.00040
ICP Mean 0.00179 0.00186
Inlier RMSE  SD 0.00033 0.00041

Table 5.16: Cropped CAD test under full-scene target setting. Means and per-pair
standard deviations (SD) over all objects.

79



Results

Deep-learning
Fitness: 86.45%
Inlier RMSE: 1.44 mm

Geometric-only
Fitness: 87.35%
Inlier RMSE: 1.58 mm

Figure 5.3: Example of an alignment obtained with the cropped CAD model in
the full-scene setting. The red cloud is the cropped CAD model (source), and poses

shown are after ICP refinement.

Geometric-only Deep-learning
Fitness: 92.47% Fitness: 86.48%
Inlier RMSE: 1.56 mm Inlier RMSE: 1.66 mm
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Figure 5.4: Example of an alignment obtained with the cropped CAD model in
the single-object setting. The red cloud is the cropped CAD model (source), and

poses shown are after ICP refinement.
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Chapter 6

Conclusions & Future Work

This thesis compared a geometric-only registration pipeline (FPFH, RANSAC,
ICP) to a deep-learning variant that swaps FPFH for FCGF while keeping the
same global and local stages. Both were implemented in Open3D with practical
instrumentation (iteration counters and timers) and evaluated on three settings: the
standard 3DMatch benchmark, a noise-augmented 3DMatch, and a cross-domain
object benchmark adapted from SuctionNet.

Across 3DMatch, learned features consistently reduce computational cost and
improve quality. In aggregate, RANSAC iterations drop by roughly a third and
ICP by about a fifth, while fitness increases at both stages and inlier RMSE
decreases (Sections 4.5 and 5). End-to-end time shrinks markedly thanks to fewer
RANSAC/ICP iterations and faster feature extraction, consistent with prior reports
of FCGF’s lower feature-extraction latency on 3DMatch [5]. In short: stronger
correspondence sets upstream translate into faster consensus, lighter refinement,
and better final alignments.

On the augmented 3DMatch benchmark (Section 5.2), the same trend holds
under injected corruption (Gaussian, spikes, pepper). Learned features remain
more robust: RANSAC converges in fewer trials and the pipeline reaches higher
fitness and lower RMSE at both stages. As noise increases, RANSAC variability
widens—traceable to the inlier fraction w in the confidence bound (Eq. 4.5). ICP
often hits the configured cap of 30 iterations in the heaviest-noise settings; even
then, the deep-learning pipeline typically starts ICP in a better convergence basin,
yielding lower final error. Recall and precision (official 3DMatch protocol) degrade
for both as noise grows, but the deep variant maintains a clear precision advantage
except in the most severe dropout case (Gaussian+Spikes+Pepper), where both
struggle.

In the cross-domain benchmark (Section 5.3), with CAD sources and single-
view RGB-D targets, we added a lightweight centering step that re-centers both
clouds before feature computation and registration to stabilize matching under
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large camera—object offsets. With that in place, the learned pipeline again reduced
RANSAC iterations and improved RANSAC fitness/RMSE; ICP performance
between pipelines was similar on average. Estimated recall improved modestly
overall, with object-to-object variability expected in a domain not seen during
training. The takeaway: FCGF generalizes reasonably well to CAD—RGB-D
alignment when paired with simple preconditioning and a classical RANSAC and
ICP stack.

There are a few caveats worth flagging. (i) On SuctionNet we lack ground-truth
transforms, so we used Open3D’s fitness as a pragmatic overlap proxy to estimate
recall, so while consistent and comparable, it is still a proxy. (ii) Our ICP cap (30
iterations) was chosen to emulate time constraints, thus in high-noise runs, many
pairs exit early due to the cap rather than full convergence. (iii) Normal orientation
was not enforced, which is acceptable for our losses and checkers but may marginally
degrade accuracy in some scenes. (iv) Reported runtimes combine measured per-
iteration costs with observed iteration counts on a fixed hardware/software stack.
Absolute numbers will definitely vary across platforms.

The results suggest a few clear directions:

1. Replace or complement feature-based RANSAC with robust global solvers
and outlier-tolerant consensus (e.g., more aggressive correspondence filtering,
graph consistency checks, or robust cost variants) to stabilize the heavy-noise
tails observed in the augmented benchmark.

2. Swap point-to-plane ICP for more robust refinements (trimmed, GICP, robust
losses) and tune the iteration budget adaptively (raise the cap only for hard
pairs, using fitness/gradient cues).

3. Fine-tune FCGF on CAD<+RGB-D pairs with synthetic-to-real augmentations
(dropout along viewing rays, mixed-scale Gaussian/spikes) to narrow the
residual domain gap observed in per-object recall on SuctionNet.

4. Add a coarse-to-fine registration schedule (larger voxels for coarse consensus,
then finer voxels for local refinement) to reduce search while improving stability
on repetitive geometry.

In sum, replacing handcrafted features with FCGF within a classical RANSAC
and ICP stack yields consistent gains in iteration economy, alignment quality,
and end-to-end runtime across both standard and stressed settings. With modest
upgrades (more robust global estimation, more forgiving local refinement, and light
domain adaptation), the same backbone should generalize to broader cross-domain
registration problems with minimal engineering overhead.
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Appendix A

Augmented 3DMatch
Benchmark under
MinkowskiEngine Setup

While running the deep-learning pipeline with our noise generator, we observed
intermittent segmentation-fault crashes (SIGSEGV) during the RANSAC stage of
the downstream subprocess (i.e., the script that executes FCGF’s feature extraction
and initial global registration). A segmentation fault (SIGSEGV) is a low-level
operating-system signal raised when a process attempts to access memory it is not
permitted to read or write (e.g., invalid pointer, double free, or heap metadata
corruption). The failure was nondeterministic: identical runs (same parameters
and seeds) sometimes completed and sometimes crashed at different points.

To localize the issue we: (i) verified argument passing from the main launcher
to the subprocess (the noise_kwargs dictionary expanded into CLI flags), ruling
out malformed inputs; (ii) enabled noise modes incrementally (first zero noise, then
Gaussian only, spikes only, and salt-and-pepper), and found that failures were
triggered only when pepper (point dropout) was active; (iii) guarded the dropout
to prevent empty or near-empty clouds by clamping the effective removal ratio to
keep a minimum number of points. Crashes persisted, ruling out out-of-bounds
indexing and empty-cloud corner cases.

In our investigation, we found that the intermittent crashes were caused by
thread oversubscription triggered by the pepper (dropout) augmentation. Libraries
in our stack, MinkowskiEngine and parts of Open3D, use OpenMP (a common
parallelization API), which by default spawns one worker per Central Processing
Unit (CPU) core unless constrained via the environment variable OMP_NUM_THREADS.
When pepper is enabled, our code compacts point arrays in place, forcing NumPy
to reallocate and copy buffers and, in some cases, calling into multi-threaded
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Basic Linear Algebra Subprograms (BLAS) backends. These two behaviors occur
together: OpenMP creates many workers while array reallocation/freeing also
engages multi-threaded routines, so dozens of threads simultaneously allocate,
resize, and free large buffers. Their concurrent calls contend on the same allocator
metadata, depending on precise timing. This racing condition, can corrupt the
heap and surface as segmentation faults (SIGSEGV) deep in native code. The
crashes appear only with pepper and only intermittently because they depend on
whether enough threads hit the allocator at the same instant.

We eliminated the failures by enforcing a single-threaded environment for the
augmented benchmarks. This must be set before importing heavy libraries (such
as PyTorch) or spawning subprocesses so children inherit the environment. Either
in the shell:

export OMP_NUM THREADS = 1

or, equivalently at the very top of the Python entry point:

import os
os.environ [ "OMP NUM THREADS"] = "1'

Restricting execution to a single thread removes parallelism and, consequently,
increases runtime time. We quantified this overhead by running on the whole
benchmark under two settings: default (multi-threaded) vs. single-threaded, both
with no noise and with Gaussian plus spikes. As presented in Table A.1, relative
to default, total runtime increased by 14.11% with no noise and by 4.25% with
Gaussian plus spikes. Pepper was excluded from this comparison because it runs
only in the single-thread configuration by design.

Because the aim of the augmented benchmark is robustness (not throughput),
we report registration iteration counts (RANSAC and ICP) and estimate noisy-case
runtimes using the per-iteration timing from the default configuration multiplied
by the measured iteration counts. For experiments that do not involve pepper,
we retain the regular multi-threaded setup to accelerate testing. This single-
thread constraint is specific to our simulation setup (pepper applied post-fusion
within a sparse-tensor pipeline). In practice, real typical deployments without this
augmentation pattern remain well-served by multi-threaded execution [37].
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Stages Runtime (seconds
SNSEl.bC Thread Setting s ( )
etiing Preprocessing | RANSAC ICP Total
Default (Multiple 223.14 771.07 71.15 1065.36
Thread)
Default
(no noise) Single Thread 221.62 818.55 175.49 1215.66
Time Increase -0.68% 6.16% 146.64% 14.11%
Default (Multiple 815.21 5208.36 124.79 6148.36
Caussi Thread)
aussian
+ Spikes Single Thread 806.11 5419.30 184.46 6409.87
Time Increase -1.12% 4.05% 47.82% 4.25%

Table A.1: Comparison of stage runtimes (Preprocessing, RANSAC, ICP, Total)
on the augmented benchmark for two noise settings: Default (no noise) and
Gaussian + Spikes, both under multi-threaded and single-threaded execution.
Times are in seconds, and the Time Increase rows report the percentage change

from multi-threaded to single-threaded.
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Appendix B

Complete Results for the
Augmented 3DMatch
Benchmark

This appendix reports the complete per-scene results for the augmented 3DMatch
benchmark. For each scene and noise configuration, we list the mean and standard
deviation of all metrics considered in Section 5.2 (RANSAC/ICP iterations, fitness,
and inlier RMSE) for both the geometric-only and deep-learning pipelines. These
tables ( B.1, B.2, B.3, B.4, B.5, B.6) provide the raw values underlying the summary
statistics reported in the main paper (Table 5.7).

RANSAC Iterations

Scene No Noise Gaussian Gaussian + Spikes Gaussian + Spikes + Pepper
Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

Kitchen 83.90 35.62 55.54 34.64 37.23 13.52 23.98 84.42 36.89 13.40 19.21 75.91 37.16 13.57 6.23 47.80
Home 1 70.71 39.16 60.01 59.58 37.01 13.16 29.90 187.57 | 36.34 13.02 22.86 13218 | 36.62 13.35 2.04 1.42
Home 2 78.21 72.01 48.26 46.54 43.93 31.34 33.31 126.97 | 43.45 30.80 29.65  119.75 | 43.75 31.53 8.10 41.78
Hotel 1 75.66 40.66 60.19 39.49 37.13 15.71 26.39 146.78 | 36.33 15.45 19.93 89.85 36.34 15.64 3.18 9.09
Hotel 2 87.94 15.04 45.70 40.63 43.52 20.23 11.62 73.66 43.24 20.00 9.13 30.31 42.87 20.23 2.66 2.31
Hotel 3 83.77 39.02 29.12 20.88 40.80 15.70 7.79 23.14 40.95 16.02 743 17.21 40.48 15.45 8.34 51.68
Study Room 59.52 22.77 55.47 67.71 29.93 8.15 17.61 101.86 | 29.88 8.35 12.91 63.23 29.77 8.24 2.05 1.42
Laboratory 60.44 25.50 63.65 71.43 31.59 9.50 49.94 30926 | 31.33 9.40 46.90 28549 | 31.91 9.27 2.37 3.88
TOTAL 75.02 44.78 52.24 49.04 37.63 18.50 24.59 133.63 | 37.22 18.25 20.13 106.65 | 37.30 18.50 5.44 30.86
Inter-scene SD - 10.72 - 11.14 - 5.09 - 13.35 - 5.06 - 12.78 - 4.92 - 2.73

Table B.1: RANSAC iteration statistics (mean and standard deviation) for
geometric-only and deep-learning pipelines under different noise conditions.
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ICP Iterations

Scene No Noise Gaussian Gaussian + Spikes Gaussian + Spikes + Pepper
Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

Kitchen 24.00 7.52 17.37 6.74 30.00 0.00 29.98 0.40 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00
Home 1 27.04 6.44 18.89 8.85 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00
Home 2 27.46 5.88 21.18 8.66 29.99 0.27 30.00 0.07 29.99 0.44 29.99 0.23 29.99 0.28 29.96 0.80
Hotel 1 24.11 7.59 17.48 6.98 30.00 0.00 30.00 0.00 30.00 0.03 30.00 0.00 30.00 0.00 30.00 0.00
Hotel 2 27.91 5.22 21.51 8.21 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00
Hotel 3 27.79 5.33 7.95 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00
Study Room 29.20 3.17 26.71 5.69 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00 30.00 0.00
Laboratory 29.14 3.22 25.86 6.91 30.00 0.00 30.00 0.00 30.00 0.00 29.98 0.23 30.00 0.00 30.00 0.00
TOTAL 27.08 6.01 21.57 8.14 30.00 0.10 30.00 0.17 30.00 0.17 30.00 0.12 30.00 0.11 29.99 0.43
Inter-scene SD - 2.01 - 3.59 - 0.00 - 0.01 - 0.00 - 0.01 - 0.00 - 0.01

Table B.2: ICP iteration statistics (mean and standard deviation) for geometric-
only and deep-learning pipelines under different noise conditions.

RANSAC Fitness

Scene No Noise Gaussian Gaussian + Spikes Gaussian + Spikes + Pepper
Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
Kitchen 0.4482  0.1806 | 0.5925  0.1590 | 0.4541  0.1530 | 0.6088  0.1651 | 0.4685  0.1546 | 0.6033  0.1629 | 0.4662  0.1548 | 0.5335  0.1438
Home 1 0.3280  0.1656 0.5232  0.1847 0.3789  0.1213 0.4339  0.1721 0.3923  0.1282 0.4530  0.1734 0.3939  0.1219 0.3985  0.1523
Home 2 0.3341  0.2085 | 0.5012  0.2496 | 0.4391  0.2040 | 0.4557  0.2502 | 0.4540  0.2062 | 0.4617  0.2515 | 0.4527  0.2054 | 0.4248  0.2435
Hotel 1 0.3968  0.1757 | 0.5655  0.1617 | 0.3915  0.1150 | 0.4983  0.1658 | 0.4108  0.1152 | 0.5014  0.1680 | 0.4097  0.1141 | 04517  0.1164
Hotel 2 0.3946  0.1395 | 0.5816  0.1443 | 0.4930 0.1312 | 0.5246  0.1354 | 0.5148 0.1318 | 0.5366  0.1349 | 0.5134  0.1309 | 0.5009  0.1194
Hotel 3 0.4218  0.1511 | 0.5823  0.1587 | 0.4985 0.1290 | 0.5476  0.1327 | 0.5240  0.1309 | 0.5340  0.1339 | 0.5217  0.1278 | 0.5059  0.1214
Study Room 0.3504  0.1365 | 0.4787  0.1579 | 0.3951  0.1082 | 0.4733  0.1527 | 0.4155  0.1124 | 0.4890  0.1494 | 0.4135 0.1106 | 0.4700  0.1378
Laboratory 0.3847  0.1507 | 0.5581  0.1480 | 0.4146  0.1081 | 0.5023  0.1493 | 0.4290  0.1056 | 0.5224  0.1472 | 0.4295 0.1092 | 0.4535 0.1317
TOTAL 0.3823 0.1709 | 0.5468 0.1792 | 0.4279 0.1459 | 0.5015 0.1892 | 0.4454 0.1445 | 0.5103 0.1869 | 0.4444 0.1471 | 0.4606 0.1775
Inter-scene SD - 0.0424 - 0.0415 - 0.0460 - 0.0555 - 0.0486 - 0.0491 - 0.0477 - 0.0447

Table B.3: RANSAC fitness statistics (mean and standard deviation) for geometric-
only and deep-learning pipelines under different noise conditions.

ICP Fitness

Scene No Noise Gaussian Gaussian + Spikes Gaussian + Spikes + Pepper
Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
Kitchen 0.5043  0.1684 | 0.5957  0.1586 | 0.5183  0.1706 | 0.6670  0.1642 | 0.5276  0.1685 | 0.6562  0.1633 | 0.5235  0.1675 | 0.6099  0.1596
Home 1 0.3714  0.1581 0.5272  0.1838 | 0.4274  0.1320 | 0.4761 0.1774 | 0.4369  0.1308 | 0.4905  0.1785 | 0.4384  0.1312 | 0.4487  0.1738
Home 2 0.3833  0.2154 | 0.5129  0.2493 | 0.4868  0.2170 | 0.4954  0.2609 | 0.4996  0.2181 | 0.4992  0.2620 | 0.4974  0.2172 | 0.4741  0.2645
Hotel 1 0.4473  0.1583 | 0.5595  0.1586 | 0.4416  0.1288 | 0.5411 0.1676 | 0.4570  0.1269 | 0.5415  0.1729 | 0.4564  0.1266 | 0.5006  0.1369
Hotel 2 04722 0.1420 | 0.6027  0.1474 | 0.5545  0.1345 | 0.5825  0.1438 | 0.5745 0.1319 | 0.5893  0.1428 | 0.5686  0.1423 | 0.5570  0.1374
Hotel 3 0.4967  0.1475 | 0.6016  0.1662 | 0.5643  0.1407 | 0.6086  0.1439 | 0.5817  0.1396 | 0.6048  0.1268 | 0.5801  0.1390 | 0.5813  0.1359
Study Room 0.4080  0.1305 | 0.4937  0.1590 | 0.4506  0.1221 | 0.5215  0.1554 | 0.4659  0.1218 | 0.5339  0.1507 | 0.4643  0.1210 | 0.5286  0.1476
Laboratory 0.4523  0.1409 | 0.5730  0.1468 | 0.4763  0.1227 | 0.5576  0.1500 | 0.4886  0.1193 | 0.5755  0.1445 | 0.4907  0.1240 | 0.5194  0.1581
TOTAL 0.4419 0.1684 | 0.5583 0.1793 | 0.4836 0.1600 | 0.5505 0.1966 | 0.4968 0.1579 | 0.5557 0.1938 | 0.4954 0.1588 | 0.5181 0.1970
Inter-scene SD - 0.0500 - 0.0425 - 0.0514 - 0.0624 - 0.0529 - 0.0559 - 0.0517 - 0.0540

Table B.4: ICP fitness statistics (mean and standard deviation) for geometric-only
and deep-learning pipelines under different noise conditions.
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RANSAC Inlier RMSE

Scene No Noise Gaussian Gaussian + Spikes Gaussian + Spikes + Pepper
Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
Kitchen 0.0223  0.0045 | 0.0179  0.0025 | 0.0226  0.0017 | 0.0210  0.0028 | 0.0235  0.0018 | 0.0218  0.0028 | 0.0235  0.0018 | 0.0233  0.0016
Home 1 0.0222  0.0049 | 0.0172  0.0032 | 0.0230  0.0016 | 0.0218  0.0024 | 0.0235  0.0015 | 0.0225  0.0025 | 0.0238  0.0016 | 0.0236  0.0015
Home 2 0.0248  0.0043 | 0.0201  0.0039 | 0.0225 0.0018 | 0.0219  0.0023 | 0.0224  0.0020 | 0.0224  0.0025 | 0.0231  0.0019 | 0.0233  0.0018
Hotel 1 0.0211 0.0050 0.0170  0.0027 0.0224  0.0016 0.0210  0.0025 0.0234  0.0016 0.0220  0.0026 0.0235  0.0016 0.0233  0.0015
Hotel 2 0.0229  0.0044 | 0.0186  0.0033 | 0.0220  0.0017 | 0.0217  0.0021 | 0.0224  0.0017 | 0.0224  0.0022 | 0.0230  0.0018 | 0.0229  0.0016
Hotel 3 0.0218  0.0045 | 0.0174  0.0032 | 0.0215  0.0019 | 0.0214  0.0021 | 0.0220  0.0019 | 0.0220 ~ 0.0022 | 0.0225  0.0018 | 0.0228  0.0018
Study Room 0.0208  0.0042 | 0.0175  0.0030 | 0.0220  0.0020 | 0.0203  0.0027 | 0.0223  0.0021 | 0.0213  0.0029 | 0.0230  0.0020 | 0.0224  0.0029
Laboratory 0.0213  0.0045 | 0.0185  0.0030 | 0.0216  0.0024 | 0.0205  0.0027 | 0.0228  0.0021 | 0.0220  0.0024 | 0.0228  0.0023 | 0.0229  0.0026
TOTAL 0.0222  0.0047 | 0.0180 0.0032 | 0.0223 0.0019 | 0.0212 0.0025 | 0.0233 0.0019 | 0.0220 0.0027 | 0.0233 0.0019 | 0.0231 0.0020
Inter-scene SD - 0.0013 - 0.0010 - 0.0005 - 0.0006 - 0.0004 - 0.0005 - 0.0004 - 0.0004

Table B.5: RANSAC inlier RMSE statistics (mean and standard deviation) for
geometric-only and deep-learning pipelines under different noise conditions.

ICP Inlier RMSE

Scene No Noise Gaussian Gaussian + Spikes Gaussian + Spikes + Pepper
Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning | Geometric-only | Deep-learning

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
Kitchen 0.0178  0.0045 | 0.0149  0.0025 | 0.0213  0.0022 | 0.0191  0.0031 | 0.0220  0.0023 | 0.0199  0.0033 | 0.0221 ~ 0.0022 | 0.0217  0.0022
Home 1 0.0178  0.0045 | 0.0143  0.0032 | 0.0217  0.0020 | 0.0205  0.0026 | 0.0226 ~ 0.0019 | 0.0211  0.0028 | 0.0226  0.0020 | 0.0222  0.0019
Home 2 0.0213  0.0052 | 0.0169  0.0043 | 0.0212  0.0023 | 0.0205  0.0027 | 0.0219  0.0024 | 0.0211  0.0028 | 0.0219  0.0023 | 0.0219  0.0021
Hotel 1 0.0169  0.0046 | 0.0138  0.0023 | 0.0211  0.0020 | 0.0194  0.0030 | 0.0222  0.0020 | 0.0204  0.0031 | 0.0222  0.0020 | 0.0218  0.0018
Hotel 2 0.0181  0.0041 | 0.0146  0.0031 | 0.0205  0.0022 | 0.0200  0.0026 | 0.0214  0.0023 | 0.0209  0.0027 | 0.0214  0.0024 | 0.0213  0.0024
Hotel 3 0.0168  0.0042 0.0139  0.0030 0.0198  0.0026 0.0192  0.0029 0.0208  0.0027 | 0.0206  0.0027 | 0.0208  0.0027 0.0209  0.0025
Study Room 0.0161  0.0028 | 0.0147  0.0024 | 0.0205 0.0026 | 0.0182  0.0029 | 0.0216  0.0028 | 0.0190 ~ 0.0031 | 0.0217  0.0026 | 0.0193  0.0028
Laboratory 0.0170  0.0037 | 0.0152  0.0027 | 0.0197  0.0030 | 0.0184  0.0031 | 0.0208  0.0032 | 0.0192  0.0034 | 0.0208  0.0031 | 0.0203  0.0033
TOTAL 0.0177 0.0045 | 0.0148 0.0031 | 0.0209 0.0024 | 0.0195 0.0030 | 0.0218 0.0024 | 0.0203 0.0031 | 0.0218 0.0024 | 0.0212 0.0025
Inter-scene SD - 0.0016 - 0.0010 - 0.0007 - 0.0009 - 0.0006 - 0.0008 - 0.0006 - 0.0010

Table B.6: ICP inlier RMSE statistics (mean and standard deviation) for
geometric-only and deep-learning pipelines under different noise conditions.
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Appendix C

Complete Results for the
Cross-domain Benchmark

This appendix reports the complete per-object results for the cross-domain bench-
mark. For each object, we list the mean and standard deviation of all metrics
considered in Section 4.7 (RANSAC/ICP iterations, fitness, and inlier RMSE) for
both the geometric-only and deep-learning pipelines. We present the results under
the single-object target setting in Tables C.1 and C.2, and full-scene in C.3 and C.4.
These tables provide the raw values underlying the summary statistics reported in
the main paper (Tables 5.9 and 5.10).
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Geometric-only results
Object | RANSAC Iterations | ICP Iterations | RANSAC Fitness ICP Fitness RANSAC Inlier RMSE | ICP Inlier RMSE
Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
6 61.76 46.61 27.88 4.58 0.3323 0.1015 | 0.4836  0.0870 | 0.00312 0.00017 | 0.00215  0.00024
8 250.34 7178 29.02 3.31 0.3212 0.0682 | 0.4483  0.0806 | 0.00308 0.00015 | 0.00224  0.00019
9 69.81 35.51 25.49 3.73 0.3208 0.0386 | 0.4586  0.0862 | 0.00316 0.00012 | 0.00232  0.00009
10 98.44 50.29 23.74 3.86 0.3196 0.0755 | 0.4589  0.0890 | 0.00315 0.00015 | 0.00234  0.00024
12 22.52 17.88 29.36 4.09 0.3077 0.1204 | 0.4387  0.0896 | 0.00298 0.00024 | 0.00206  0.00015
15 24.66 30.95 29.65 5.54 0.3360 0.1787 | 0.4698  0.1200 | 0.00314 0.00053 | 0.00238  0.00022
16 59.63 63.14 28.19 3.61 0.3160 0.0646 | 0.4443  0.0851 | 0.00300 0.00020 | 0.00210  0.00018
18 17.12 23.40 29.51 3.27 0.3130 0.1535 | 0.4455  0.1055 | 0.00308 0.00079 | 0.00221  0.00016
19 60.26 37.96 28.28 4.08 0.3378 0.1342 | 0.4858  0.1219 | 0.00309 0.00018 | 0.00234  0.00024
21 169.68 161.89 28.42 3.24 0.3812 0.1412 | 0.5241  0.1238 | 0.00302 0.00020 | 0.00220  0.00014
23 283.06 112.78 28.73 2.92 0.3696 0.1173 | 0.5080  0.0998 | 0.00311 0.00014 | 0.00237  0.00017
27 54.74 40.55 29.17 3.18 0.3180 0.1637 | 0.4376  0.1142 | 0.00318 0.00035 | 0.00245  0.00022
28 11.72 9.00 29.18 3.06 0.3502 0.1129 | 0.5144  0.1167 | 0.00325 0.00019 | 0.00270  0.00023
30 138.98 86.35 28.73 4.14 0.3464 0.1421 | 0.5060  0.1539 | 0.00313 0.00016 | 0.00243  0.00019
31 55.67 34.18 28.78 3.83 0.3374 0.1035 | 0.4919  0.1129 | 0.00316 0.00017 | 0.00242  0.00022
37 103.14 59.34 26.95 4.99 0.3087 0.0870 | 0.4689  0.0943 | 0.00302 0.00019 | 0.00216  0.00019
38 86.57 59.54 26.93 5.46 0.3292 0.1044 | 0.4697  0.1113 | 0.00310 0.00019 | 0.00219  0.00026
39 122.99 97.38 27.22 5.05 0.3644 0.1677 | 0.5402  0.1515 | 0.00300 0.00017 | 0.00212  0.00020
41 57.08 24.29 28.67 3.24 0.3543 0.1107 | 0.4965  0.1331 | 0.00308 0.00018 | 0.00226  0.00012
49 132.77 53.71 21.88 6.27 0.3956 0.1284 | 0.5551  0.1401 | 0.00293 0.00019 | 0.00237  0.00016
52 185.07 95.15 18.98 6.13 0.3424 0.1236 | 0.5324  0.1441 | 0.00308 0.00016 | 0.00220  0.00015
57 141.45 82.41 22.32 6.57 0.3556 0.1515 | 0.5485  0.1713 | 0.00299 0.00017 | 0.00235  0.00021
59 25.39 11.56 27.52 4.53 0.3267 0.0943 | 0.4836  0.1128 | 0.00303 0.00017 | 0.00208  0.00019
61 164.78 104.84 24.90 6.06 0.3773 0.1447 | 0.5615  0.1442 | 0.00295 0.00019 | 0.00195  0.00022
62 32.00 21.58 28.87 3.76 0.3613 0.1462 | 0.5165  0.1220 | 0.00304 0.00017 | 0.00223  0.00018
63 114.52 78.20 28.87 3.46 0.3355 0.1262 | 0.4960  0.1216 | 0.00299 0.00017 | 0.00210  0.00015
64 33.20 22.70 28.72 3.11 0.3556 0.1312 | 0.5153  0.1465 | 0.00294 0.00021 | 0.00205  0.00025
67 58.48 44.53 28.76 3.59 0.3717 0.1252 | 0.5310  0.1329 | 0.00294 0.00019 | 0.00219  0.00017
71 78.41 59.33 28.98 4.49 0.4200 0.1425 | 0.6037  0.1500 | 0.00317 0.00030 | 0.00242  0.00022
TOTAL | 108.29 102.01 27.15 5.46 0.3666 0.1214 | 0.4949 0.1168 | 0.00308 0.00030 | 0.00228 0.00025
10-SD - 68.21 - 2.65 - 0.0763 - 0.0771 - 0.00008 - 0.00016

Table C.1: RANSAC/ICP iteration, fitness, and inlier RMSE statistics across
objects (mean and standard deviation, SD) for the geometric-only pipeline on
the cross-domain benchmark under the single-object target setting. I0-SD is the
inter-object standard deviation.
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Complete Results for the Cross-domain Benchmark

Deep-learning results
Object | RANSAC Iterations | ICP Iterations | RANSAC Fitness ICP Fitness RANSAC Inlier RMSE | ICP Inlier RMSE
Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
6 9.70 7.81 28.21 4.02 0.3065 0.1068 | 0.4629  0.0962 | 0.00285 0.00019 | 0.00226  0.00030
8 78.63 55.76 28.69 3.63 0.3976 0.0869 | 0.4546  0.0793 | 0.00258 0.00021 | 0.00223  0.00019
9 20.39 12.85 25.84 5.35 0.2453 0.0630 | 0.3654  0.0453 | 0.00276 0.00016 | 0.00235  0.00009
10 68.44 55.22 17.17 6.08 0.6297 0.1457 | 0.6949  0.1274 | 0.00252 0.00022 | 0.00218  0.00016
12 12.81 8.79 29.23 3.50 0.5092 0.0844 | 0.5480  0.0756 | 0.00234 0.00024 | 0.00205  0.00013
15 25.52 15.99 29.32 2.97 0.4029 0.0660 | 0.4257  0.0556 | 0.00256 0.00022 | 0.00236  0.00022
16 48.43 25.72 28.72 3.94 0.3725 0.0665 | 0.4251  0.0557 | 0.00256 0.00024 | 0.00211  0.00018
18 26.05 15.03 29.42 2.59 0.4776 0.0791 | 0.4911  0.0698 | 0.00245 0.00024 | 0.00219  0.00016
19 12.93 11.61 27.50 4.72 0.5154 0.1438 | 0.5820  0.1567 | 0.00261 0.00025 | 0.00231  0.00025
21 32.97 24.74 29.09 3.89 0.4802 0.1156 | 0.5161  0.0968 | 0.00247 0.00023 | 0.00218  0.00012
23 122.89 64.86 28.26 4.48 0.4851 0.0960 | 0.5459  0.0850 | 0.00265 0.00018 | 0.00236  0.00015
27 11.52 9.44 28.61 4.25 0.5120 0.1097 | 0.5771  0.0996 | 0.00272 0.00023 | 0.00238  0.00021
28 2.59 1.97 29.02 3.56 0.4451 0.1514 | 0.5530  0.1527 | 0.00285 0.00019 | 0.00265  0.00024
30 25.51 15.84 29.05 3.54 0.5087 0.0898 | 0.5835  0.0839 | 0.00272 0.00020 | 0.00246  0.00021
31 10.89 8.16 28.71 4.22 0.5267 0.1340 | 0.5969  0.1131 | 0.00272 0.00023 | 0.00237  0.00022
37 77.07 49.61 26.41 5.43 0.3376 0.0653 | 0.3938  0.0574 | 0.00256 0.00026 | 0.00217  0.00020
38 89.74 53.74 26.51 5.62 0.3585 0.0756 | 0.4053  0.0655 | 0.00252 0.00029 | 0.00218  0.00025
39 67.34 49.95 27.92 4.24 0.3276 0.0861 | 0.3921  0.0716 | 0.00259 0.00025 | 0.00211  0.00020
41 41.85 23.63 26.41 5.20 0.3090 0.0724 | 0.3898  0.0579 | 0.00264 0.00019 | 0.00218  0.00012
49 68.89 52.95 18.42 5.79 0.5105 0.1596 | 0.5906  0.1303 | 0.00265 0.00020 | 0.00234  0.00012
52 83.32 64.68 16.90 5.32 0.4666 0.1024 | 0.5293  0.0892 | 0.00256 0.00022 | 0.00218  0.00011
57 52.49 28.69 21.62 6.86 0.4282 0.0997 | 0.5119  0.1123 | 0.00273 0.00018 | 0.00235  0.00019
59 28.94 21.91 24.92 6.07 0.3199 0.0659 | 0.3717  0.0409 | 0.00250 0.00028 | 0.00209  0.00017
61 55.78 31.32 25.40 5.93 0.4347 0.0981 | 0.4958  0.0861 | 0.00248 0.00026 | 0.00202  0.00024
62 19.66 12.75 28.36 4.46 0.2870 0.0709 | 0.3737  0.0391 | 0.00273 0.00022 | 0.00227  0.00018
63 6.36 4.54 28.93 3.39 0.2451 0.1044 | 0.4420  0.0998 | 0.00276 0.00022 | 0.00218  0.00020
64 12.97 8.56 29.77 1.19 0.2408 0.0646 | 0.3925  0.0654 | 0.00272 0.00026 | 0.00205  0.00024
67 22.34 24.28 29.52 1.99 0.2830 0.0764 | 0.3837  0.0551 | 0.00270 0.00021 | 0.00223  0.00019
71 42.14 19.28 27.00 5.93 0.4370 0.0740 | 0.4973  0.0716 | 0.00271 0.00021 | 0.00239  0.00020
TOTAL | 45.19 47.56 26.32 6.20 0.4408 0.1307 | 0.5074 0.1199 | 0.00263 0.00025 | 0.00228 0.00024
10-SD - 30.57 - 3.65 - 0.1024 - 0.0871 - 0.00012 - 0.00014

Table C.2: RANSAC/ICP iteration, fitness, and inlier RMSE statistics across
objects (mean and standard deviation, SD) for the deep-learning pipeline on the
cross-domain benchmark under the single-object target setting. 10-SD is the inter-
object standard deviation.
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Complete Results for the Cross-domain Benchmark

Deep-learning results
Object | RANSAC Iterations | ICP Iterations | RANSAC Fitness ICP Fitness RANSAC Inlier RMSE | ICP Inlier RMSE
Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

6 31.44 28.95 28.47 4.36 0.3194 0.1002 | 0.5106  0.0762 | 0.00280 0.00018 | 0.00213  0.00021
8 11.75 8.45 29.87 0.85 0.2716 0.0577 | 0.4182  0.0822 | 0.00287 0.00018 | 0.00245  0.00025
9 27.35 14.36 28.65 3.50 0.2336 0.0470 | 0.3842  0.0504 | 0.00279 0.00014 | 0.00236  0.00010
10 27.00 24.03 29.76 1.37 0.2643 0.0758 | 0.4119  0.1503 | 0.00296 0.00013 | 0.00270  0.00017
12 16.62 20.83 29.32 2.84 0.4440 0.1407 | 0.5653  0.0693 | 0.00265 0.00033 | 0.00208  0.00014
15 6.36 6.05 29.53 2.45 0.2867 0.1173 | 0.4343  0.0511 | 0.00279 0.00030 | 0.00228  0.00019
16 21.51 19.71 29.08 3.13 0.3111 0.1042 | 0.4206  0.0676 | 0.00268 0.00029 | 0.00213  0.00019
18 6.61 5.01 29.58 2.30 0.3888 0.1269 | 0.5168  0.0644 | 0.00274 0.00024 | 0.00227  0.00014
19 - - - - - - - - - - - -
21 65.26 73.21 27.09 5.68 0.4043 0.1095 | 0.5302  0.0901 | 0.00265 0.00025 | 0.00225  0.00015
23 41.08 12.68 29.55 1.99 0.3728 0.0762 | 0.5419  0.1069 | 0.00284 0.00016 | 0.00243  0.00020
27 17.65 15.44 28.51 3.73 0.4386 0.1271 | 0.5691  0.1324 | 0.00281 0.00019 | 0.00251  0.00020
28 13.53 6.44 27.37 4.97 0.3769 0.0913 | 0.5010  0.1147 | 0.00294 0.00023 | 0.00259  0.00015
30 32.23 33.54 27.65 5.26 0.4312 0.1267 | 0.5317  0.1301 | 0.00281 0.00019 | 0.00251  0.00022
31 21.15 13.38 28.23 4.78 0.4148 0.1107 | 0.5442  0.1513 | 0.00279 0.00018 | 0.00252  0.00022
37 28.45 17.83 28.35 3.95 0.3070 0.0618 | 0.3813  0.0570 | 0.00257 0.00022 | 0.00221  0.00015
38 31.60 16.68 23.00 6.40 0.3719 0.0260 | 0.4157  0.0313 | 0.00252 0.00012 | 0.00190  0.00022
39 30.10 23.11 26.28 4.99 0.3345 0.0878 | 0.4099  0.0575 | 0.00250 0.00029 | 0.00207  0.00017
41 7.00 2.83 30.00 0.00 0.2550 0.1268 | 0.3669  0.0937 | 0.00285 0.00022 | 0.00233  0.00001
49 79.49 30.53 26.19 5.62 0.3692 0.1116 | 0.5092  0.1862 | 0.00284 0.00015 | 0.00257  0.00027
52 70.12 39.19 23.16 6.18 0.4127 0.0995 | 0.5414  0.1113 | 0.00275 0.00021 | 0.00231  0.00028
57 36.24 29.19 27.76 4.69 0.3255 0.0833 | 0.4174  0.1233 | 0.00290 0.00013 | 0.00264  0.00025
59 13.45 5.66 28.27 3.10 0.2880 0.0730 | 0.3874  0.0494 | 0.00256 0.00032 | 0.00200  0.00020
61 37.15 34.79 26.68 5.33 0.3795 0.1162 | 0.4967  0.0947 | 0.00254 0.00031 | 0.00204  0.00027
62 27.96 39.87 27.00 6.30 0.2507 0.0679 | 0.3729  0.0412 | 0.00266 0.00020 | 0.00223  0.00021
63 25.51 14.17 28.73 3.50 0.3497 0.0916 | 0.4954  0.0831 | 0.00258 0.00023 | 0.00213  0.00020
64 32.83 16.39 29.67 0.82 0.3136 0.0779 | 0.4245  0.0901 | 0.00252 0.00024 | 0.00188  0.00028
67 23.47 11.80 30.00 0.00 0.2288 0.0618 | 0.3576  0.0471 | 0.00269 0.00025 | 0.00225  0.00021
71 35.35 38.30 27.85 5.06 0.3332 0.1229 | 0.4972  0.0866 | 0.00287 0.00018 | 0.00246  0.00022

TOTAL | 33.31 35.57 27.83 4.72 0.3689 0.1223 | 0.4948 0.1176 | 0.00273 0.00027 | 0.00230 0.00029

10-SD - 17.87 - 1.80 - 0.0639 - 0.0680 - 0.00014 - 0.00022

Table C.3: RANSAC/ICP iteration, fitness, and inlier RMSE statistics across
objects (mean and standard deviation, SD) for the geometric-only pipeline on
the cross-domain benchmark under the full-scene target setting. 10-SD is the
inter-object standard deviation.
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Complete Results for the Cross-domain Benchmark

Deep-learning results
Object | RANSAC Iterations | ICP Iterations | RANSAC Fitness ICP Fitness RANSAC Inlier RMSE | ICP Inlier RMSE
Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

6 4.67 3.51 30.00 0.00 0.2223 0.0259 | 0.3490  0.0156 | 0.00296 0.00012 | 0.00256  0.00007
8 3.88 2.90 30.00 0.00 0.2901 0.0931 | 0.4702  0.0528 | 0.00283 0.00019 | 0.00228  0.00015
9 2.36 1.80 28.64 3.11 0.1749 0.0534 | 0.3696  0.0464 | 0.00284 0.00020 | 0.00236  0.00008
10 2.75 2.36 30.00 0.00 0.1158 0.0626 | 0.3395  0.0608 | 0.00309 0.00029 | 0.00258  0.00022
12 16.21 13.86 29.15 3.24 0.5260 0.1036 | 0.5766  0.0589 | 0.00255 0.00031 | 0.00207  0.00013
15 2.93 4.41 29.65 1.92 0.3317 0.1072 | 0.4420  0.0392 | 0.00279 0.00026 | 0.00230  0.00018
16 8.21 7.45 29.03 3.59 0.2556 0.1154 | 0.3941  0.0556 | 0.00282 0.00030 | 0.00216  0.00018
18 7.16 9.04 29.41 2.82 0.4021 0.1348 | 0.5196  0.0526 | 0.00273 0.00028 | 0.00226  0.00018
19 1.00 0.00 30.00 0.00 0.2508 0.0860 | 0.4495 0.1415 | 0.00271 0.00012 | 0.00231  0.00019
21 6.43 6.57 30.00 0.00 0.2355 0.0767 | 0.4110  0.0700 | 0.00280 0.00029 | 0.00240  0.00014
23 4.49 4.90 29.76 1.64 0.3448 0.1086 | 0.5202  0.1202 | 0.00286 0.00016 | 0.00244  0.00024
27 3.60 3.26 29.09 2.94 0.3687 0.1109 | 0.4839  0.1125 | 0.00285 0.00018 | 0.00259  0.00017
28 2.80 1.30 30.00 0.00 0.4439 0.0830 | 0.4784  0.0344 | 0.00280 0.00027 | 0.00263  0.00009
30 5.29 5.12 28.34 4.44 0.3841 0.1410 | 0.5164  0.1466 | 0.00288 0.00018 | 0.00256  0.00024
31 5.71 4.46 27.49 5.16 0.4132 0.1274 | 0.5505  0.1592 | 0.00281 0.00020 | 0.00250  0.00021
37 2.17 0.98 27.83 5.31 0.2420 0.0579 | 0.4060  0.0633 | 0.00292 0.00010 | 0.00208  0.00017
38 5.90 4.33 26.30 6.04 0.2827 0.0539 | 0.4674  0.0633 | 0.00276 0.00020 | 0.00209  0.00028
39 4.00 3.13 26.90 3.87 0.2870 0.1188 | 0.4490  0.0592 | 0.00278 0.00025 | 0.00199  0.00010
41
49 8.97 6.92 24.24 5.22 0.2598 0.0611 | 0.3988  0.0679 | 0.00284 0.00020 | 0.00243  0.00016
52 4.34 3.01 25.08 5.68 0.3306 0.0995 | 0.5028  0.1094 | 0.00280 0.00019 | 0.00234  0.00023
57 6.84 6.27 26.40 5.54 0.3403 0.1151 | 0.4590  0.1470 | 0.00290 0.00014 | 0.00257  0.00026
59 13.29 14.89 23.57 5.09 0.3177 0.0889 | 0.4025  0.0363 | 0.00264 0.00033 | 0.00195  0.00013
61 5.05 5.28 28.05 4.47 0.2730 0.1135 | 0.4471  0.1127 | 0.00282 0.00027 | 0.00225  0.00034
62 - - - - - - - - - - - -
63 4.29 2.96 30.00 0.00 0.2340 0.0788 | 0.3576  0.0464 | 0.00274 0.00016 | 0.00219  0.00029
64 9.69 8.30 28.31 4.12 0.2634 0.0816 | 0.3962  0.0713 | 0.00280 0.00026 | 0.00206  0.00022
67
71 - 0.00 30.00 0.00 0.0876 0.0455 | 0.4020  0.1311 | 0.00302 0.00018 | 0.00261  0.00036

TOTAL 7.77 8.99 28.31 4.23 0.3702 0.1464 | 0.4924 0.1210 | 0.00278 0.00027 | 0.00233 0.00028

10-SD - 3.49 - 1.90 - 0.0966 - 0.0630 - 0.00011 - 0.00021

Table C.4: RANSAC/ICP iteration, fitness, and inlier RMSE statistics across
objects (mean and standard deviation, SD) for the deep-learning pipeline on the
cross-domain benchmark under the full-scene target setting. 10-SD is the inter-
object standard deviation.
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