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Abstract

3D point cloud registration is paramount for mapping com-
plex environments. However, aligning overlapping clouds
remains computationally demanding due to the increas-
ing size and density of data from modern Terrestrial Laser
Scanners. In this paper, we propose a lightweight, memory-
efficient registration approach that operates directly on
a coarse level of detail extracted from octree structures.
Rather than relying on keypoints, we construct full coarse
representations and associate each point with a descriptor
to form global feature maps. We evaluate several point dis-
tribution strategies for building these representations and
show that our approach significantly reduces processing
time and memory usage while maintaining or improving
registration accuracy.

1. Introduction

3D point cloud registration is the cornerstone of creating de-
tailed 3D environments. In robotics, it is essential for navi-
gation and localization, where robots need an accurate rep-
resentation of their surroundings to move autonomously [1].
Beyond robotics, applications include Virtual Reality and
cultural heritage preservation, enabling immersive digital
replicas of real-world locations, such as historical buildings,
and allowing realistic exploration of remote or inaccessible
sites even when scenes vary [2].

When it comes to mapping large-scale industrial en-
vironments or capturing complex architectural details,
the vast amounts of data generated by recent Terrestrial
Laser Scanners (TLS), raise challenges for the point cloud
registration, i.e. aligning 3D point clouds from unknown
positions and different poses. It consists of aligning a
source point cloud P = {...,p;, ...}, p; € R and a target
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point cloud @ = {...,q;, ...}, q; € R? by minimizing the
Euclidean distance between corresponding points:

. o 1
min > [Ip; — Rai — . (1)
1

where R € SO(3) represents the rotation applied to align
the two point clouds, while t € R3 denotes the translation,
which are the variables to be optimized. It is classically
done with the Iterative Closest Point (ICP) [3] algorithm,
which is prone to local minima, particularly in the case of
insufficient overlap or differences in the initial positions and
orientations of large clouds, leading to misalignment and
thus requiring good coarse registration to succeed. The ICP
algorithm has a complexity of O(k-n?) where k is the num-
ber of iterations and n the number of points. The complex-
ity increases quadratically with the number of points in the
cloud, resulting in significantly longer computation times
for larger point clouds.

Detecting salient points with high geometric signifi-
cance [4] has improved registration robustness. By match-
ing the most similar parts, one obtains a coarse alignment
that can then be refined using ICP. 3D point cloud struc-
tures such as octrees improve memory usage and allow for
faster processing at varying levels of detail (LoD) by divid-
ing space into octants [5-9]. The right LoD balances speed
and accuracy, ensuring relevant features are preserved with-
out overloading the system.

This paper presents a lightweight registration method tai-
lored for efficient processing of dense, high-resolution TLS
point clouds on CPU-based systems with limited memory.
Rather than relying on traditional keypoint detection, our
approach exploits a coarse level of an octree to derive a
sparse yet informative representation of the scene. This de-



sign avoids loading the full-resolution cloud and bypasses
keypoint extraction, enabling faster and more memory-
efficient coarse alignment. We further analyze how the dis-
tribution of points across octree levels affects the quality
of the initial registration prior to optional ICP-based refine-
ment.

In what follows, Section 2 reviews common LoD tech-
niques used in octree structures. Section 3 then details
the point cloud registration methods considered, before in-
troducing the evaluation metrics in Section 4. Section 5
presents the experimental results, followed by a dedicated
discussion in Section 6, and concluding remarks in Sec-
tion 7.

2. Related works

2.1. Point cloud distributions

An octree structures a dense 3D point cloud by subdivid-
ing the volume it spans in recursive layers of octants, each
point having to be assigned to only one layer for memory
efficiency. This operation can be performed by different
approaches: (i) Random distribution, (ii) Voxel grid-based
distribution, and (iii) KD-tree-based distribution, as shown
in Figure 1.

Random distribution is a fast and simple method where
a fixed number of points are randomly sampled from the
cloud. While efficient, it leads to uneven spatial coverage:
regions near the TLS are often overrepresented, while dis-
tant or low-density areas are under-sampled, potentially de-
grading registration robustness.

Voxel grid distribution [10] improves uniformity by divid-
ing space into voxels and retaining one point per occupied
cell. This ensures better spatial balance, especially in sparse
regions, and offers a good trade-off between runtime and
coverage quality.

KD-tree distribution enforces uniformity through a hi-
erarchical partitioning scheme. Seed points are selected
and neighbors are grouped recursively using fixed-radius
searches, producing a Poisson-like distribution [9]. Though
effective, this method is more computationally expensive
due to repeated searches and updates.

Octrees have long been essential for efficiently handling
and rendering large-scale point clouds, especially in con-
texts such as TLS, where individual scans may contain tens
or even hundreds of millions of points. Their hierarchical
nature implements LoD to load only relevant subsets of data
based on the view frustum [6]. This makes octrees a foun-
dational data structure for enabling scalable processing on
systems with limited computational and memory resources.
Over the years, various approaches have considered spher-
ical representations [5], nested octrees [7] or Modifiable
Nested Octrees [8] thanks to using a regular grid to orga-
nize points within each node. The concept was later re-
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vised in the octree construction by assigning each point to a
unique octree level while maintaining a minimum distance
between them, enabling uniform subsampling [9] and for
dynamic octrees [11]. This naturally leads to the use of oc-
trees for efficient point cloud registration in the context of
3D reconstruction and robotics.

2.2. Octree-based registration

In the context of robotics, octrees are widely used in Si-
multaneous Localization And Mapping (SLAM) to man-
age large-scale global maps by modeling the environment
memory-efficiently. This approach enables the rapid re-
moval of dynamic obstacles while maintaining real-time
performance [12, 13]. Octree-based fusion techniques have
contributed in facilitating map merging for multi-robot sys-
tems, resulting in more accurate shared environment repre-
sentations [14]. Vlaminck et al. [15] introduced a coarse-
to-fine octree-based ICP algorithm, effectively reducing
computational costs during initial stages. Efficient near-
est neighbor search has also been addressed using cached
KD-trees to compute closest points iteratively [16]. Kim
et al. [17] developed a method to align 3D point cloud data
from building projects with 3D CAD models. Han et al. [18]
further improved registration by combining a hierarchical
search with an octree-based ICP algorithm and introducing
a heuristic escape strategy to avoid local minima. A Gaus-
sian Octree-based GICP leveraged its pruning capabilities
to accelerate nearest neighbor search and applied incremen-
tal Gaussian distribution updates to reduce tree construction
time [19]. These contributions highlight the versatility of

Figure 1. Full cloud (top left) with 23 million points and octree
level O with about 400k points for distributions Random (Bottom
left), Voxel (Top right) and KD-tree (Bottom right).



octrees in point cloud registration, particularly for manag-
ing levels of detail and optimizing efficiency. While effec-
tive in robotics, these methods are not optimized for large
TLS point clouds. Using multiple LoDs in octrees helps
avoid memory saturation and accelerates the processing.

2.3. Point cloud features

In point cloud registration, converging to the optimal so-
lution while avoiding local minima is a major challenge.
Keypoints with distinctive characteristics, such as those ob-
tained with the so-called SIFT detector adapted to point
clouds [20], and local descriptors help achieve initial align-
ment, refined with methods like ICP. Descriptors are either
handcrafted or trained. Handcrafted descriptors, like Fast
Point Feature Histograms (FPFH) [21], extensively evalu-
ated [22], have been used for coarse alignment [4, 23, 24],
improving registration success.

Learning-based descriptors [25, 26] show greater ac-
curacy but often face generalization issues, not only due
to sensor variability but also because of scene variabil-
ity between training and real-world environments. Recent
work [27] has attempted to address these limitations by im-
proving the generalization capabilities of learned descrip-
tors. This limitation becomes critical when dealing with
dense and diverse TLS datasets. Moreover, training such
models typically demands massive amounts of data, hun-
dreds of gigabytes for LIDAR or RGB-D clouds, and po-
tentially several terabytes for high-resolution TLS scenes,
resulting in significant computational and memory burdens.

After feature extraction, initial alignment relies on fea-
ture matching, a crucial step in the registration pipeline. To
improve robustness, some methods [28, 29] assign multiple
candidate matches per point, increasing the chances of find-
ing correct correspondences. Among them, PointDSC [29]
integrates a Neural Spectral Matching (NSM) module that
enforces spatial consistency, reducing the impact of outlier
correspondences. It supports standard 3D local descrip-
tors such as FPFH as well as learning-based descriptors
like Fully Convolutional Geometric Features (FCGF) [25].
However, these strategies greatly increase the number of
correspondences to process and store, exacerbating mem-
ory consumption and computational cost.

3. Proposed registration method

To align dense and high-resolution TLS scans, we propose
a registration pipeline that leverages a coarse LoD from an
octree representation. Instead of relying on full-resolution
point clouds and computationally expensive keypoint detec-
tion, we directly operate on a subsampled representation
extracted from a specific octree level. This approach sig-
nificantly reduces memory usage by avoiding the need to
load tens of millions of points into RAM, while still preserv-
ing sufficient geometric information for robust and scalable
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alignment. Both the feature-based matching and the ICP re-
finement are performed at the same coarse octree level, fur-
ther limiting computational and memory costs. The overall
pipeline enables rapid data access and efficient registration
on CPU-based systems with limited resources.

The coarse LoD can be generated using different strate-
gies such as voxel grid, KD-tree, or random sampling (see
Sec. 2.1). Each strategy results in a different spatial distri-
bution of points, which has a direct influence on the qual-
ity of registration. For successful matching, it is crucial
that the LoD provides a representative overview of the en-
tire scene, with descriptors extracted from well-distributed
points across both near and distant regions. We select a
coarse octree level that significantly reduces the number
of points and accelerates computation while aiming to pre-
serve a representative spatial distribution when the chosen
strategy allows it. This is especially relevant in large-scale
TLS scenarios, such as outdoor scans over 100 meters,
where sensor positions are far apart and overlap between
scans may be minimal.

Random sampling tends to over-represent regions near
the sensor, where the point density is highest, and under-
represent distant regions. This imbalance can degrade
matching robustness in scenes with sparse overlap or large
viewpoint changes, as fewer common points remain for cor-
respondence estimation. Additionally, descriptor computa-
tions become biased toward geometrically redundant areas,
adding unnecessary computational overhead. In contrast,
voxel grid and KD-tree strategies produce more uniform
spatial coverage, allowing for improved geometric diversity
and more stable matching.

Figure 2 illustrates the overall pipeline. We compare the
classical approach based on keypoint detection and match-
ing with our strategy that computes descriptors directly on
a uniformly subsampled cloud obtained from the octree.

3.1. Keypoints versus coarse LoD

In our convention, Level O of the octree refers to the root
node, encompassing the entire point cloud and yielding the
coarsest resolution. Extracting points from this level pro-
vides a natural form of geometric subsampling. We denote
the reduced clouds as P’ = {...,p/;,...}. p’; € R? for the
source, and Q' = {...,q’;,...}, d'; € R3 for the target.

While classical registration pipelines often rely on hand-
crafted keypoint detectors such as SIFT [20], these methods
are typically sensitive to parameter tuning and may fail to
extract a sufficient number of reliable features in sparse or
unstructured scenes. In dense outdoor point clouds, thou-
sands of keypoints can be detected but the process remains
computationally expensive, often requiring several seconds
per scan and the parameters must be carefully adjusted to
achieve satisfactory performance.

In contrast, directly using all points from P’ and Q’



avoids the variability of keypoint detectors and ensures spa-
tial information is retained across the entire scene. This is
particularly advantageous in scenes with large depth vari-
ations or limited overlapping areas, where keypoint-based
methods may lead to poor initial coarse alignment for reg-
istration. By operating on the coarse LoD, we ensure rapid
access to a uniformly distributed set of features, improving
robustness and efficiency.

Additionally, since the LoD is constructed via an explicit
and controllable strategy (voxel, KD-tree, or random), we
gain full control over the resulting point distribution, an ad-
vantage not afforded by learned or handcrafted keypoint de-
tectors. This flexibility allows us to adapt the LoD genera-
tion to the geometry of each dataset, improving generaliza-
tion and consistency across diverse environments.

3.2. Descriptor computation to make the feature
map

To extract geometric information, we compute the FPFH
descriptor at each point of the coarse clouds P’ and Q’.
FPFH computes relationships between a point and its neigh-
bors within a radius r € RT, resulting in complexity
O(n - k), where n € N is the number of points and k¥ € N
the number of neighbors.

Computing descriptors on full-resolution clouds is ex-
pensive both in time and memory. By computing them at
the coarsest level, we achieve a significant speedup while
preserving essential local geometric information. The re-
sulting feature maps are denoted Pf and Qf.

Selecting a pair of
point clouds
Loading all points
of both clouds
Applying filter

Detecting key
points in both
clouds

Computing FPFH
on keypoints
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Figure 2. Pipeline of the registration process. Classical method
(left) uses keypoints, while our method (right) operates directly on
a coarse octree level.
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3.3. Registration

We establish initial correspondences between Pf and Qf
using nearest-neighbor search and reciprocal filtering, as
in [30]. These correspondences are then refined using
RANSAC, which estimates a rigid transformation Ty €
SE(3) by minimizing distances between matched points.
RANSAC randomly samples triplets of correspondences,
estimates a transformation via SVD, and selects the one
yielding the largest number of inliers.

To further refine alignment, we apply ICP between P’
and Q’, optimizing the following objective:

i 319

ch 'ch

chq/i - tz’cp”g ) (2)
where R, € SO(3) and t,., € R3. The transformation
T obtained from the initial matching step is used to ini-
tialize ICP by pre-aligning P’ and Q’ before optimization.
The final transformation T € SE(3) is then obtained by
composing both steps:

T = T; - Ticp.

To ensure robust convergence during fine alignment, we
adopt a multi-stage ICP strategy in which the distance
threshold for nearest-neighbor correspondence search is
progressively reduced across iterations. We typically start
with a threshold of 1.5 meters to tolerate moderate initial
misalignments, and gradually reduce it in subsequent itera-
tions to refine correspondences and improve final accuracy.
This hierarchical approach stabilizes convergence and en-
hances precision, particularly in scenes with significant ini-
tial misalignment.

4. Evaluation Metrics

To evaluate the quality of point cloud registration, we use
several metrics. The Root Mean Square Error (RMSE) eval-
uates the quality of the estimated transformation T € SE(3)
by comparing the transformed source points with the
ground truth source points. We used the same formula
as [26]:

RMSE(P, T, T*)

> T

pPEP

2’ 3
- e )

where |P| represents the total number of points in the source
cloud, T the estimated transformation and T* the ground-
truth transformation.

The Registration Recall (RR) counts, for a set of point
cloud pairs, the number of successful registrations, i.e., the
number of times the RMSE is below 7, € R,.. The Regis-
tration Recall expression is:

IH|

1
RR(H) = |H|ZRMSEPZ,T“T)<71, )



where H represents the scan pairs, || the number of pairs
that can be registered and P; the source cloud number .

To assess transformation accuracy, we compute the rela-
tive transformation AT:

AR

o 5)

AT = T(T*) ! = { At} ;

1
where AR is the relative rotation matrix and At is the rel-
ative translation vector.

From this we extract the Relative Rotation Error (RRE)
and the Relative Translation Error (RTE). The RRE quan-
tifies the angular difference between the estimated and the
ground-truth orientations:

) )

where tr(AR) is the trace of the relative rotation matrix.

tr(AR) — 1

5 (6)

RRE = arccos (

The RTE measures the Euclidean distance between
translations:

RTE = | At], ™)

where || At|| is the Euclidean norm of the relative translation
vector.

RRE and RTE are standard metrics for evaluating rigid
transformation accuracy [23, 27].

5. Experiments
5.1. Datasets

The experimental data were acquired by TLS and include
three distinct datasets to evaluate the proposed approach.
The first dataset, the ETH TLS Arch dataset', captures a
Roman arch with five scans taken from different positions
around the structure. Each scan spans approximately
150 m x 150 m x 100 m, containing from 25 to 30
million points, with a 30-40% overlap ratio. Challenges
include vegetation, dynamic artifacts (e.g., moving people),
significant occlusions, and transformations, with Euclidean
distances between scans ranging from 10 to 30 meters. The
dataset includes 20 pairwise alignments with ground truth
transformations provided.

The second dataset, called Office, is captured in an indoor
laboratory setting. This dataset features five scans of an
office space 20 m x 18 m x 6 m with 37 million points per
scan and higher overlap compared to the Arch dataset. The
scans, taken at an average Euclidean distance of 3.5 meters
between each pose, provide a controlled environment with
minimal occlusions. As with the Arch dataset, there are
20 pairwise alignments. Figure 3 illustrates the scanning
configuration.

Uprs.igp.ethz.ch/research/completed_projects/automatic_registration_of...
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Figure 3. Overview of the Office, with initial position and orienta-
tion of scans and scale

The third dataset, called Outside, includes four scans of a
large-scale static scene, covering 130 m x 100 m x 27 m.
Two scans are high-resolution (~70 million points), and
two are lower-resolution (~22 million points). The four
scans, with 4 to 12 meters of positional differences and
significant overlap, yield 12 pairwise alignments. Figure 4
shows the datasets used.

For the Arch dataset, ground truth transformations are
provided. For the Office and Outside datasets, scanned with
a Leica TLS RTC 360 (range up to 130 m), Leica Cyclone
software’s registration is considered as the ground truth.

5.2. Octree Levels-of-Detail

Operating directly on a low LoD extracted from the oc-
tree drastically reduces memory usage compared to full-
resolution loading, while also eliminating the time typically
required for downsampling and keypoint extraction. By by-
passing these steps, we accelerate the preprocessing phase
and reduce the memory footprint, which is particularly ad-
vantageous when hardware resources are limited.

Figure 4. Used datasets: Office (Top left), Arch (Bottom left) and
Outside (Right)



While classical methods require loading the full-
resolution cloud and allocating additional memory for
intermediate downsampled clouds or keypoint structures,
our approach operates directly on the octree-extracted
LoD, providing a lightweight yet descriptive subset for
registration without additional preprocessing. This explains
the significant reductions observed in Table 1, where
memory consumption is consistently reduced by an order
of magnitude across datasets of varying size and density.
Importantly, this efficiency gain does not compromise the
quality of the initial alignment, since the octree-level points
remain sufficiently informative to guide robust registration,
as further sections show.

Table 1. Memory and point count comparison between full-
resolution clouds and their Level 1 octree representations (second
coarsest level). Values correspond to the combined loading of two
clouds in each case, as typically required during pairwise registra-
tion.

Dataset Full | Lvl | Memory | Memory
(pts) (pts) | Full (GB) | Lv1(GB)
Arch 23M | 350k 3.0 0.3
Office | 38 M | 500k 4.6 0.5
Outside | 70M | 1.0M 7.0 0.6

5.3. Multi-stage ICP refinement

We evaluate the multi-stage ICP strategy against a standard
single-pass ICP on the Arch dataset, the most challenging
dataset with initial RMSEs of 1-3 meters from the ground
truth (see Sec. 5.1). As shown in Table 2, using a fixed
threshold of 1.5 m often yields imprecise alignment, while
reducing it to 0.5 m improves accuracy but may miss valid
matches. Setting it too low, such as 0.05 m, degrades
convergence by discarding correct correspondences. In
contrast, the multi-stage ICP consistently achieves lower
RMSE by progressively refining correspondences without
additional computational cost. The threshold starts at 1.5 m
and is halved at each stage down to 0.01 m, allowing up
to 10k iterations per stage, with early stopping triggered if
convergence is reached.

5.4. Registration results

5.4.1. Experimental setup

We compare three point distribution methods: Voxel, KD-
tree, and Random (see Sec. 2). We perform registration
tests on the 20 configurations of the Arch dataset as well
as on the 20 from the Office and the 12 from the Outside
datasets. In order to find a balance between keeping cal-
culation times as low as possible and maintaining satisfac-
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Table 2. Average RMSE (in meters) obtained for different ICP
strategies on the Arch dataset, with initial RMSEs ranging between
1 and 3 meters.

ICP strategy Average RMSE (m)
Fixed threshold 1.5 m 0.210
Fixed threshold 0.5 m 0.072
Fixed threshold 0.05 m 1.204
Multi-stage (progressive threshold) 0.020

tory results, tests were carried out on the lowest LoD, rep-
resenting less than 1% of the initial cloud. Loading the low-
est LoD allows obtaining a subsampled point cloud in just
a few milliseconds, compared to several seconds required
to load the full point cloud and apply a filtering process
for subsampling. The tests are conducted with an equiva-
lent number of points for the three methods to ensure a fair
comparison and are performed as described in Section 3.
All experiments were conducted on a workstation equipped
with an Intel 19-13950HX processor and 32 GB of RAM.
However, to simulate a more constrained computational en-
vironment, the available memory was deliberately limited
to 16 GB during all tests. The features are extracted us-
ing the PCL library [31] in C++. Once the initial alignment
is obtained, results are refined using our multi-stage ICP
refinement strategy, which leverages the ICP implementa-
tion provided by the Open3D library [32], to improve fine
alignment precision. All RR metrics are computed with
with 74 = 0.05 m. Results on the Arch, Office, and Out-
side datasets, including the RR, average run-time, RRE, and
RTE for each method, are reported in Table 3.

5.4.2. Impact of the sampling method

Table 3 presents the registration results across the Arch,
Office, and Outside datasets, confirming the clear advan-
tage of structured sampling methods over random selection,
which often fails to produce meaningful registrations
while incurring higher computation times. Among the
structured methods, KD-tree sampling achieves slightly
higher accuracy than voxel sampling, as reflected by
lower RRE and RTE values, likely due to its adaptive
selection better preserving geometric details relevant
for alignment. However, voxel-based sampling remains
marginally faster while maintaining comparable accuracy,
making it a compelling choice when computational speed
is prioritized. Overall, both voxel and KD-tree strategies
yield robust, scalable registration while balancing precision
and efficiency. The reported RR, RRE, and RTE reflect the
full pipeline, including final alignment from our multi-stage
ICP refinement (see Sec. 3.3).

Table 4 shows that the random method increases FPFH
computation time due to uneven point density, while the



Table 3. Registration results, with about 45k points per cloud for
Arch, 35k points for Office and about 55k points per cloud for
Outside dataset. For each dataset, the best result is in blue, and
the second-best in bold.

RR | RRE | RTE | Time

Dataset | Method %) | (mdeg) | (mm) )
Voxel 85 31 11.6 9.8

Arch KD-tree | 85 33 10.1 13.7
Random 0 / / 47

Voxel 100 73 9 7.3

Office KD-tree | 100 45 7.7 8.9
Random 0 / / 14.5

Voxel 100 26 3 11.7

Outside | KD-tree | 100 14 3.2 13.7
Random | 50 23 10 108

more uniform distributions of voxel and KD-tree sampling
avoid this overhead (see Sec. 3).

5.4.3. Keypoint-based registration performences

The impact of the number of SIFT keypoints on RR is
shown in Table 5 for the challenging Arch dataset. In these
tests, SIFT keypoints are extracted from a voxel-filtered
cloud, with FPFH descriptors computed at the keypoint
locations before correspondence search and RANSAC,
following the pipeline in Section 3 but using keypoints
instead of a uniformly subsampled LoD. As expected,
increasing the number of detected keypoints leads to longer
computation times, due to the higher complexity of the cor-
respondence search process. However, this increase does
not translate into improved registration results: the highest
RR is achieved with a moderate number of keypoints,
while both lower and higher counts result in degraded
performance. This can be attributed to the difficulty of
ensuring consistent keypoint detection across source and
target clouds, especially in the presence of partial overlap,
noise, or surface variations. In contrast, voxel sampling
ensures uniform spatial coverage, enhancing matching
reliability and efficiency.

Table 4. Average Run-time for FPFH descriptor calculation on
Arch dataset on two different levels with about 40k and 300k
points. The two best results are shown in blue and bold.

Method | 40 k points (s) | 300 k points (s)
Voxel 0.747 30.67

KD-tree 0.836 32.69

Random 9.24 1187.53
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Table 5. Registration results on the Arch dataset (~400k points)
using the classical pipeline on voxel-filtered clouds, with SIFT
keypoints (PCL) extracted under varying parameters, yielding dif-
ferent keypoint counts.

Avlf:;ﬁzils,:sm RR (%) | Average time (s)
5k 0 /
15k 70 18.5
35k 55 274

5.4.4. Comparison with the state-of-the-art keypoint-
based approach

Table 6 compares our method with HL-MRF [24] across
different input resolutions on the evaluated datasets.
HL-MREF requires loading high-resolution clouds to extract
keypoints for processing, whereas our method operates
directly on an appropriately subsampled cloud for each
dataset. Despite operating on a larger number of points
for matching, our method achieves accuracy comparable
to or better than HL-MRF while being significantly faster.
For instance, on the Arch dataset, our method achieves
a higher RR while running more than ten times faster.
Similar trends are observed on Office and Outside, with
high precision and lower runtimes. These results confirm
that our strategy effectively balances accuracy, scalability,
and computational efficiency across diverse scenes.

5.4.5. Comparison with the state-of-the-art learning-
based method

To further assess the generalization and scalability of
our method, we compare it with PointDSC [29], a deep
learning-based registration approach, as shown in Table 7.
For our experiments, we used PointDSC in combination
with FCGF [25], employing the pretrained weights pro-
vided by the authors without retraining to test generaliza-
tion. We used the 3DMatch-trained weights for the Of-
fice dataset and the KITTI-trained weights for the KITTI
dataset on sequences 8, 9, and 10 and for the Arch dataset,
with all evaluations performed on CPU to ensure a fair com-
parison. Due to memory constraints, PointDSC could only
process point clouds limited to 15k features, restricting its
use on large-scale scenes. In contrast, our method handled
much larger inputs, processing up to 30k points on Office
and KITTT and 45k on Arch without memory issues, while
remaining faster in practice despite using more points for
matching. Performance results reflect the training distribu-
tion of PointDSC. The method performs well on the Office
dataset, which shares characteristics with 3DMatch, and on
the KITTTI dataset, which was also included in its training
data. However, its performance drops significantly on the
Arch dataset, which differs in structure and density and was



Table 6. Comparison with HL-MRF [24] across three datasets and varying numbers of input points. Best values per dataset are in blue,

second-best in bold.

Dataset Method # Points | # Keypoints | RR (%) | RRE (mdeg) | RTE (mm) | Time (s)

100k . 75 34 82 24

45k - 85 31 11.6 9.8

Ours (Voxel) 25k - 80 29 g 7.3

Arch 15k - 75 31 8 5.1
re 430K 30k 80 39.6 74 903
430k 5k 70 44.2 7.9 144
HL-MRF 215k 2.5k 50 60 21 58.2
150k 1.5k 15 225 62 36.4
120k . 100 32 43 19.7

Office Ours (Voxel) 55k - 100 71 7.8 52
HLMRE 140k 1.5k 100 52 72 355
- 30k 1k 100 64 8.6 34.7

15k Z 100 37 9.4 5.6

Outsid Ours (Voxel) 7k - 100 26 5.1 37
B 120k 650 100 26 58 45
120k 300 100 27 6.2 110

not seen during training. In contrast, our method maintains
high accuracy across all datasets, including the challenging
Arch scenes, without requiring learned features or retrain-
ing, while supporting larger inputs at lower computational
cost.

Table 7. Registration recall (%) and computation time (s) for
PointDSC and our method across three datasets. Best recall values
are shown in blue.

Dataset PointDSC Ours (voxel)
RR (%) | Time (s) | RR (%) | Time (s)

Office 100 6.4 100 5.2

KITTI 89 10.7 99 6.1

Arch 0 / 85 9.8

6. Discussion

Our results highlight the importance of point distribution
during octree construction: voxel and KD-tree-based sam-
pling consistently outperform random selection by ensuring
uniform scene coverage, crucial for large-scale registration.
A key advantage of our approach is avoiding full-resolution
cloud loading, reducing memory usage and preprocessing
time. As shown in Table 1, it achieves up to 10x RAM
savings, making it suitable for large outdoor datasets and
low-memory platforms. The proposed multi-stage ICP en-
hances accuracy and robustness by progressively refining
alignment with decreasing thresholds, mitigating local min-
ima while remaining efficient, and enabling sub-centimeter
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errors on challenging datasets despite downsampling. How-
ever, the current implementation relies on exhaustive corre-
spondence matching, whose quadratic complexity is a bot-
tleneck beyond 100k points. Future work will explore hi-
erarchical multi-resolution registration with multiple octree
levels for better robustness in low-overlap cases and more
efficient correspondence search to cut computation without
sacrificing accuracy.

7. Conclusion

We presented a lightweight, memory-efficient method for
registering high-resolution TLS point clouds using a coarse
octree representation. By avoiding keypoint extraction and
full-resolution loading, our pipeline lowers computational
cost without compromising alignment quality. Experiments
show that KD-tree and voxel-based point distribution of-
fer the best trade-off between speed and accuracy. Com-
pared to keypoint and learning-based methods, our ap-
proach achieves competitive results on large-scale outdoor
scenes with low memory usage, making it a practical, scal-
able solution for 3D reconstruction in resource-constrained
settings and suitable for integration into robotics or long-
term mapping workflows.
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