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Picking the raisins out of the cookie
LiDAR based odometry in dynamic urban environments

ANDREAS ABERG
Department of Electrical Engineering
Chalmers University of Technology

Abstract

Reliable localization using LIDAR on pedestrian-scale delivery robots in urban en-
vironments poses distinctive challenges. Methods proven on larger vehicles with
high-end sensors do not necessarily translate to compact platforms with simpler
payloads. This thesis focuses on evaluating some state-of-the-art LIDAR odometry
approaches on a small delivery robot equipped with a LIDAR and other sensors such
as an IMU. By comparing trajectory accuracy, resilience to real-world motion pro-
files, and multiple sensor configurations, insight is provided into which techniques
can serve as a reliable baseline and what additional capabilities are required to
achieve practical localization on often more resource-constrained robots.

Building on this foundation, we explore targeted enhancements driven by real-world
observations. We implement a real-time simple dynamic-object filtering approach
that operates in parallel with odometry, based on a range images, where moving
objects are subsequently identified and excised to maintain a static map. To further
mitigate drift over extended runs, we integrate loop-closure adjustments, detect-
ing and aligning previously visited areas to correct accumulated drift over larger
distances. Together, these refinements demonstrate how a robust baseline can be
augmented to meet the demands of odometry and mapping of a small delivery robot.

Keywords: LiDAR Odometry, Urban Localization, Dynamic Object Removal, SLAM.
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1

Introduction

Autonomous robots are rapidly transitioning from laboratory curiosities into real-
world platforms for last-mile delivery, urban inspection, and on-demand mobility
services. As eets of compact, low-cost robots begin to navigate crowded sidewalks,
robust and precise localization becomes the backbone for both operational e ciency
and public safety. Unlike full-scale autonomous vehicles equipped with high-end
LiDAR arrays, multi-camera rigs, radar units, and powerful onboard GPUs, small
delivery robots must contend with strict payload limits, tight power budgets, and
the need to run all perception and planning onboard in real time on embedded
hardware.

Global Navigation Satellite Systems (GNSS), though ubiquitous, su er severe degra-
dation beneath urban canopies and within the narrow corridors of modern cityscapes.
Wheel-encoder odometry can quickly accumulate drift or su er large errors due to
wheel slip on uneven pavements or transient contacts with obstacles. By contrast,
LiDAR sensors provide direct, high-resolution depth measurements that are largely
invariant to ambient light, making them a strong option for mapping and localization
in dynamic, unstructured urban environments.

Nevertheless, state-of-the-art LIDAR odometry algorithms designed for automotive-
grade LiDAR scanners do not seamlessly transfer to the constraints of pedestrian-
scale robots. Lighter, lower-resolution sensors produce sparser point clouds with
limited computational headroom. Moreover, the urban environment itself presents
unique challenges such as pedestrians, and cyclists, leading naive scan-matching
to potentially latch onto transient features in a sparse lidar point cloud. With-
out explicit handling maps become cluttered with dynamic objects, undermining
downstream tasks such as path planning and obstacle avoidance.

This thesis therefore investigates how to adapt and extend LIiDAR odometry for
pedestrian-scale delivery robots operating in dynamic urban settings. We rst es-
tablish a LIDAR-odometry baseline by benchmarking three state-of-the-art solutions
on our self-collected urban datasets. Next, we integrate a factor graph based loop-
closure module with ICP matching, allowing long-term drift correction while pre-
serving real-time performance on embedded platforms. Second, we show a dynamic-
object ltering pipeline based on range-image clustering, which segments and ex-
cludes moving elements thereby maintaining a clean static map.



1. Introduction

1.1 Objective

This thesis seeks to advance LIiDAR-based odometry for pedestrian-scale delivery
robots navigating dynamic urban environments. The goal is thesis to nd a LIiDAR-
based odometry solution suited for pedestrian-scale delivery robots navigating dy-
namic urban environments, that is both highly accurate and robust enough to handle
longer traversals without relying on GPS.

1.2 Limitations

The evaluation in this thesis is con ned to self-collected datasets gathered using
the target delivery-robot platform under its normal operating conditions. While
numerous public LIDAR benchmarks exist, they o er little benet for assessing
performance on our speci ¢ hardware and sensor con guration, and thus are not
included.

A further constraint arises from the absence of precise ground truth: generating
centimeter-level trajectories would require high-precision motion-capture systems or
survey-grade GNSS, neither of which is available on the platform. Consequently,
we rely on end-to-end translational drift metrics and qualitative map inspections

to gauge odometry accuracy. Additionally, we deliberately exclude deep-learning
approaches, as they demand large annotated datasets beyond the scope of our self-
collection e orts. Finally, though LIiDAR-IMU fusion is explored to enhance robust-
ness, we do not incorporate broader multi-sensor fusion (e.g., GPS or camera), since
one key question is whether a minimal, GPS-denied setup can provide su cient
localization for pedestrian-scale robots.

1.3 Contributions & Results

Through experiments on our self-collected urban LIDAR datasets, this thesis delivers
the following key results and contributions:

1. Benchmarking of LIDAR Odometry Methods. We compare three state-
of-the-art scan-matching pipelines point-to-point ICP, GICP, and feature-
based on our delivery-robot platform. This benchmarking identi es the most
robust baseline under typical operating scenarios and environment complexi-
ties (open plazas, narrow alleys).

2. Real-Time ICP-Based Loop Closure. We integrate an ICP-based loop-
closure module into a lightweight pose-graph framework and demonstrate a
signi cant reduction in end-to-end translational drift on longer trajectories
over the original implementation.

3. Dynamic-Object Filtering via Range-lImage Clustering. We adapt a
previously o ine ltering approach into a real-time pipeline that segments
and removes moving objects (pedestrians, bicycles, delivery carts) by using
range-images.
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To capture the essence of our method, and to explain the thesis title, Picking the
Raisins Out of the Cookie , we deliberately cherry-pick (as it conversely means

in Swedish) elements from multiple LiDAR-odometry pipelines to assemble a more
complete solution. This targeted selection of a LIDAR-odometry system combined
with loop closure and dynamic-object removal, exempli es how combining tech-
nigues can yield a minimal yet powerful system.



1. Introduction




2

Background

To provide a foundation for this work, several key concepts related to LiDAR-based
perception and odometry are introduced in this chapter. First, the principles of
Light Detection and Ranging (LiDAR) technology and the platforms used for data
collection are outlined. Next, methods for point cloud alignment are discussed, in-
cluding classical algorithms such as Iterative Closest Point (ICP) and its variants,
as well as modern feature extraction techniques. Building upon this, di erent ap-
proaches to LIDAR odometry are presented, ranging from LiDAR-only systems to
both loosely and tightly coupled LiDAR-inertial con gurations. To ensure mapping
consistency, techniques for loop closure are described, including a graph-based for-
mulation. Finally, strategies for dynamic object extraction are reviewed to account
for moving elements in the environment.

2.1 Light Detection and Ranging

Light Detection and Ranging (LIDAR) is a remote sensing technique designed to
measure distances and construct high-resolution 3D representations of environments
and objects. The system functions by emitting laser pulses that re ect o surfaces
and return to the sensor. By calculating the time it takes for each pulse to return
and applying the known speed of light, the system determines the range of each
return [1].

Each range measurement is then decoded using the known angular orientation of
the emitter into a point in 3D space. When deployed across expansive areas, Li-
DAR accumulates vast numbers of such points into a point cloud, a detailed 3D
representation of the scene's geometry.

2.2 Platform

The solution will be deployed and partly evaluated on smaller autonomous robots
depicted in Figure 2.1, which has a ROS2 based system that currently handles lo-
calization primarily by wheel-encoders, an IMU sensor and a GPS. The GPS can
su er from poor signal quality in urban and underground environments due to po-
tential occlusion and signal multipath e ects. The challenge lies in augmenting
these systems with additional odometry data derived from sensors in a variety of
environments while maintaining computational e ciency and real-time processing.
Visual and LIiDAR odometry have been successfully applied to address this limita-
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2. Background

tion, however, their integration into a robust localization framework for autonomous
urban robots remains a complex challenge, as noted in a recent survey on LIDAR
odometry approaches [2]. These ndings underline the relevance and novelty of the
proposed work in the robotics domain.

Figure 2.1: HUGO prototype robots

Data was collected using two di erent LIDAR units: Velodyne VLP-16 and Hesai
JT16. The VLP-16 provides higher angular resolution and longer range, whereas the
JT16 o ers a lightweight, compact form factor with the cost of lower point density.
Table 2.1 summarizes their key speci cations.

Metric VLP-16 JT16

Channels 16 16

Range 100m @ 10%re. 30m @ 10 % re. (100m max)
Ranging Accuracy (typical) 3cm 3cm

FOV (Horizontal) 360 360

FOV (Vertical) 30 (x15) 40 (040)

Horizontal Angular Resolution 0.10.4 0.6 (5Hz), 1.2 (10 Hz)
Vertical Angular Resolution 2.0 2.67

Frame Rate / Rotation Speed 520 Hz 5Hz /10 Hz

Weight 830 g < 200g

Table 2.1: Key speci cations of Velodyne VLP-16 and Hesai JT16
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2.3 Point Cloud Matching

Point cloud matching in lidar odometry fundamentally relies on aligning raw point
clouds to estimate the relative motion between consecutive lidar scans. These ap-
proaches typically employ Iterative Closest Point (ICP) [3] algorithms and their
variants to minimize the distance between points in successive frames, thus deriving
the transformation parameters that describe the robot or sensor motion. The ICP
algorithm iteratively pairs points from the source scan to the nearest points in the
target scan and computes the optimal rigid transformation to minimize the cumu-
lative distance between paired points.

Several variations of the ICP algorithm have been developed to improve accuracy, ro-
bustness, and computational e ciency. For instance, the Point-to-Point ICP method
directly minimizes the distances between corresponding points, which is straightfor-
ward but can be sensitive to initial guesses and prone to local minima. Point-to-
Plane ICP, on the other hand, minimizes the distance from points in one scan to the
planes estimated from their corresponding points in another scan [4]. This approach
typically exhibits better convergence properties and is more robust.

(@) Multiple pointcloud under motion (b) After deskewing

Figure 2.2: Point cloud motion deskewing. The most pronounced misalignment is
visible on the wall at the left without deskewing

To improve the accuracy and e ciency of point cloud matching, especially under
fast sensor motion, it is common to pre-process lidar scans through motion deskew-
ing. This involves compensating for motion-induced distortions that arise due to
the time it takes for a lidar sensor to complete a full scan. As shown in Figure 2.2,
raw scans (left) can appear warped when motion is not corrected, while deskewed
scans (right) are geometrically consistent and better aligned. Deskewing typically
relies on prior motion information, either by assuming a velocity model or by incor-
porating data from additional sensors such as inertial measurement units (IMUs).
This preprocessing step signi cantly speeds up the matching process by reducing

7



2. Background

alignment errors and improving the convergence behavior of point cloud matching
algorithms.

To enhance computational speed and robustness in dynamic environments, researchers
have integrated point-based methods with probabilistic frameworks, such as Kalman
Iters or particle lters, providing real-time performance with improved noise han-
dling. Furthermore, advanced variations, such as Generalized ICP (GICP), combine
both point-to-point and point-to-plane strategies, adapting dynamically based on
local surface properties. This hybrid method leverages the strengths of each ICP
variant to yield higher accuracy and faster convergence.

Despite their popularity and simplicity, pure point-based methods su er from inher-
ent limitations, particularly sensitivity to dynamic objects, occlusions, and sparse
environments. These challenges could lead to inaccuracies in the estimation process,
necessitating the combination or integration of these methods with feature-based or
deep-learning-based approaches to enhance overall robustness and reliability.

2.3.1 Iterative Closest Point (ICP)

The ICP algorithm [5] is a fundamental method in geometric computer vision and
robotics for aligning two point clouds. It iteratively re nes the transformation (ro-
tation and translation) that best aligns a source point cloud to a target point cloud.

Known Data Association

In the case of known data association, correspondences between pomtsn the
source and target pointq, are pre-established. That is, for each point in the source
cloud, the corresponding point in the target cloud is known beforehand. This sce-
nario simpli es the ICP algorithm signi cantly. Given these known correspondences,
the goal is to nd the rigid transformation, rotation R and translation t, that min-
imizes the sum of squared distances between corresponding point pairs,

pn = Rpn +t; (2.1)

such that,
X

min - jidn  pajj* (2.2)

This is the same as the Orthogonal Procrustes problem [6] which is solved by Singular
value decomposition (SVD) of the cross-covariance matrid ,

X X
p= Igl- Pi; q= ,ill- di; (2.3)
w 1= i=1
H = (On ) (Pn p)>; (2.4)
svdH)=U V~; (2.5)
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where denotes the center of mass of the points in both sets. The solution of the
rigid body transform is given by

R=VU~’;
Pn = R (pn p)t g

This procedure yields the least-squares optimal rigid body transformation aligning
the source point cloud to the target point cloud under known correspondences.

Unknown Data Association

When the data association is unknown, there is no direct solution to the problem.
The correspondences between points in the source and target must be estimated as
part of the alignment process. An approach that tries to estimate the data associ-
ation and then compute the transform is the ICP algorithm. This is done by itera-
tively associating the closest points between the sets and aligning the points with the
rigid body transform. The basic ICP algorithm is summarized in Algorithm 1 below.
Algorithm 1: Basic ICP (Unknown Data Association)
Initialize p, = pn
Seterrore=1
while (e has decreased and > threshold) do
C calculate_correspondences (pn;dn)
(t;R)  compute_transformation_params (C)
Pr R 9+
e E(tR)= kdy Pk
end
return fpng

2.3.2 Generalized lterative Closest Point (GICP)

The Generalized ICP (GICP) algorithm [7] uni es the point-to-point and point-
to-plane ICP variants within a single probabilistic framework. Like standard ICP,
GICP operates iteratively, performing two key steps:

1. Identifying point correspondences via nearest-neighbor searches,

2. Computing the optimal rigid transformation T 2 SE(3) to align these corre-

spondences.

Unlike classical ICP, which minimizes a sum of squared Euclidean distances, GICP
incorporates uncertainty by associating covariance matrices with points, minimizing
a sum of Mahalanobis distances.
The Mahalanobis distance accounts for the covariance of the distribution. For a
point p 2 R® drawn from a Gaussian distributionN ( ; ), it is de ned as

q
d@® )= ® )N *p )
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When comparing two Gaussian distributionsN ( 1; 1) andN ( »; »), the gener-
alized Mahalanobis distance between their means is

q
dgen( 15 20= (1 DT ( 1+ 2) (1 2)"

Applying a rigid transformation T 2 SE(3), de ned by a rotation R 2 SO(3) and
translation t 2 R3, transforms a pointa 2 R® as follows

Ta=Ra +t:

When transforming a covariance matrix associated with a point, the transformed
covariance becomes

'R RT:

Thus, the pairwise Mahalanobis distance used in GICP becomes

di(T)= ! (b (Ra;+1t)T(CEB+RCART) (b, (Ra;+1));

wherea;; b 2 R® are corresponding points in source and target point clouds and
B, with covariancesC* and C8.

The GICP algorithm seeks the optimal rigid transformationT minimizing the total
sum of these distances,

Y
T =argmin (b (Ra;+1t)"(C®+ RCART) (b (Ra;+t)):
T2SE@®) j=1

Consider two point clouds,
faigl;; fhigis;

with unknown true alignment T 2 SE(3). Each observed point is assumed to be a
noisy measurement of an underlying true point:

B=T a;: (2.7)
ai N (&;Ch); (2.8)
bi N (B;CB): (2.9)

We de ne the residual at a current estimateT as
di(T)=b (Ra;+t):

The optimal transformation solves the maximum-likelihood problem:

X
T =argmin  di(T)"(C2 + RC RT) di(T):
T2SE@®) j=1

10



2. Background

Special Cases

A

Point-to-point ICP:
Setting C* =0 and CB = 1, reduces the objective to the standard ICP,

X
T =argmin  kby (Ra;+ t)k?
T2SE@3) |

Point-to-plane ICP:
Letting CA =0 andCE = P, !, whereP; = I n;n| projects onto the tangent
plane atb;, gives the point-to-plane ICP cost,

X
T =argmin  (n'(by (Ra;+ 1))
T2SE(3) j

Strictly speaking, P; is singular and not invertible. Thus, it is approximated by an
invertible Q;(") = P; + "I, for" > 0O, ensuringQ;(")! P;as"! 0.

2.3.3 Plane-to-Plane (Fully Symmetric) GICP

The fully symmetric, plane-to-plane variant of GICP utilizes local surface structures
from both point clouds. Each covarianceC?; CE, re ects planar uncertainties, as-
signing small variance along normals and large variances in tangent directions.
This symmetric approach enhances robustness, particularly in structured environ-
ments with clear planar features.

2.3.4 Feature Extraction Methods

Feature-based lidar odometry methods operate by identifying geometric features
such as edges, corners, and planar surfaces, signi cantly reducing computational
load and improving robustness compared to methods using entire point clouds
[8]. Extracted features are matched across scans using nearest-neighbor searches,
RANSAC-based techniques [9], or descriptor-based approaches. The optimal trans-
formation is determined by minimizing distances between corresponding feature
points.

These methods provide resilience against dynamic objects, sensor noise, sparse data,
and occlusions. However, their e ectiveness depends heavily on consistent feature
extraction, which can be challenging in environments lacking distinctive features or
exhibiting uniformity, potentially impacting odometry accuracy.

11



2. Background

2.4 LIDAR-only Odometry

LiDAR-only odometry involves estimating the position and orientation of a vehicle
or robot exclusively using LIDAR sensors. This approach primarily relies on aligning
consecutive 3D LIiDAR scans using algorithms such as Iterative Closest Point (ICP)
and feature-based matching techniques. These methods are e ective in structured
environments due to the rich geometric information provided by LiDAR. However,
LiDAR-only odometry may encounter di culties in highly dynamic, sparse, or fea-
tureless environments, where data can be noisy or insu ciently dense, potentially
compromising scan matching accuracy.

2.5 LiDAR-Inertial Odometry

LiDAR-inertial odometry fuses data from LIiDAR additional sensors, typically an
IMU, to improve localization accuracy and robustness. This combination leverages
the complementary strengths of LIDAR (high accuracy, low frequency) and IMU
(continuous but drift-prone, high-frequency data). Integrating these sensor modali-
ties enhances performance in challenging environments [10], such as dynamic urban
areas or rough terrain, enabling accurate state estimation even during rapid vehicle
motion.

2.5.1 Loosely Coupled LiDAR-Inertial Odometry

In loosely coupled approaches, LIDAR and IMU data are processed separately before
being fused at a higher level. Typically:

1. LiDAR processing: Relative motion estimates between successive scans are
computed using ICP or feature-based methods.

2. IMU processing: IMU measurements are processed independently through
inertial navigation algorithms or complementary Iters to estimate orientation,
velocity, and position.

These independent results are fused using Itering techniques, commonly Extended
Kalman Filters (EKF) or Unscented Kalman Filters (UKF). In this architecture,
IMU continuously estimates track motion, while LIDAR estimates periodically cor-
rect the accumulated drift from the IMU. For example, the LOAM (LIiDAR Odom-
etry and Mapping) system [11] incorporates IMU motion estimates to guide LiDAR
scan matching, improving robustness by reducing uncertainty between scans. Nev-
ertheless, LIDAR data remains the primary component for pose estimation.

2.5.2 Tightly Coupled LIiDAR-Inertial Odometry

Tightly coupled methods integrate raw measurements from LIDAR and IMU sensors
directly into a uni ed optimization or ltering framework. Rather than processing
sensor data independently, these methods fuse sensor information at the measure-
ment level, enabling simultaneous and continuous utilization of both sensors.

Typically, IMU data provides high-frequency predictions of system state between

12



2. Background

LiDAR measurements. LIDAR data then corrects and re nes these predictions by
directly incorporating LIDAR points into the optimization cost function or lter
update steps. Such direct integration gives robustness, particularly in challenging
scenarios involving rapid motion, limited geometric features, or partial sensor occlu-
sions [2].

Additionally, geometric observers [12] can be used within tightly coupled systems
to further enhance robustness and accuracy by an observer that fuses position and
orientation measurements with an IMU to generate a smooth trajectory [13].

Table 2.2 provides a consolidated overview of LIDAR odometry methods, categorized
by their approaches such as direct, feature-based, or deep learning and the degree
of sensor coupling involved. This summary highlights the evolution of techniques
from classical ICP-based methods to modern tightly coupled and learning-based
solutions.

Table 2.2: Uni ed overview of some LIDAR odometry methods [2]

Name Year Coupling Method

Direct

ICP [3] 1992 - Iterative closest point (ICP), closest
point matching.

Generalized-ICP [7] 2009 - Combines point-to-point ICP and
point-to-plane ICP in a probabilistic
framework.

NICP [14] 2015 - Extends Generalized-ICP by
incorporating surface normals.

CT-ICP [15] 2022 - Continuous-time ICP by interpolating
positions.

KISS-ICP [16] 2023 - Point-to-point ICP with adaptive

thresholding.
FAST-LIO2 [17] 2022  Tightly  Registers point clouds directly using
ikd-Tree without feature extraction.
DLIO [13] 2023 Tightly  Hierarchical geometrical observer for
continuous-time state estimation.

Feature-based

LOAM [11] 2014 Loosely  Extracts edge and planar feature
points for registration.

LeGO-LOAM [8] 2018 Loosely  Uses ground segmentation within the
LOAM framework.

DL-based
LO-Net [18] 2019 - Scan-to-scan LIDAR odometry neural
network.

13



2. Background

2.6 Deep Learning for LIDAR Odometry

Deep learning methods in lidar odometry represent an emerging and increasingly
prominent direction [2], leveraging neural network architectures to automatically
learn complex mappings between lidar scans and the associated transformations.
Unlike traditional methods, deep learning approaches do not rely explicitly on prede-
ned features or iterative optimization algorithms but instead exploit large datasets

to learn robust and accurate motion estimation models. While deep learning-based
approaches are emerging, they will not be the focus of this thesis. Nonetheless, it is
important to acknowledge their existence, as they represent an active and growing
area of research within LIDAR odometry. Deep learning methods typically require
extensive labeled data and substantial computational resources for training. Ad-
ditionally, interpretability and transparency remain concerns, as neural networks
often function as black-box models with limited insight into their decision-making
processes.

2.7 LIDAR Odometry Systems Overview

The literature on LIDAR odometry includes various methods broadly categorized
into direct matching approaches, feature-based strategies, and tightly coupled sensor-
fusion techniques. Three speci c methods exemplify these distinct categories: the
direct point-cloud matching method KISS-ICP, the feature-based, loosely coupled
method LeGO-LOAM, and the tightly coupled LiDAR-inertial method DLIO. This
section provides a concise description of these particular implementations.

2.7.1 KISS-ICP

KISS-ICP (Keep It Small and Simple ICP) [16] is a minimalist LIDAR odometry
pipeline that revisits the classical point-to-point ICP algorithm and demonstrates
that, with a few well-chosen enhancements, it can match or exceed the performance
of more complex systems. Rather than relying on learned features or sensor fusion,
KISS-ICP operates purely on raw 3D point clouds and employs a constant-velocity
motion model for scan deskewing, adaptive thresholding for correspondence rejec-
tion, and a robust M-estimator [19] to mitigate outliers.

The pipeline consists of four main steps:

Motion Prediction and Deskewing: Using the two most recent poses,
translational and rotational velocities are estimated under a constant-velocity
assumption. These velocities are then used to correct for intra-scan motion
distortion by deskewing each point according to its relative timestamp within
the sweep.

Double Voxel-Grid Subsampling: To strike a balance between speed and
accuracy, each incoming scan is rst downsampled with a coarse voxel grid to
form the merge set, and then further subsampled for registration. Unlike typ-
ical voxelization, subsampled points retain their original coordinates, instead
of selecting the center of each voxel.
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Adaptive Correspondence Threshold: Rather than using a xed max-
imum distance for nearest-neighbor matching, KISS-ICP computes a three-
sigma bound on the observed scan-to-map displacement deviationsz= 3 ¢,
where . is the standard deviation of past corrections exceeding a minimum
min- This allows the algorithm to adapt online to varying motion pro les and
scene dynamics.
Robust Point-to-Point Registration: A Geman McClure kernel [20] is
applied within the ICP optimization to downweight outliers. Each iteration
alternates between nding correspondences within the adaptive threshold and
solving for the SE(3) update that minimizes the robusti ed point-to-point
residuals, terminating when the pose correction falls below a small convergence
bound.

2.7.2 Lightweight and Ground-Optimized LOAM (LeGO-
LOAM)

LeGO-LOAM [8] is an extension of the LOAM framework tailored for real-time
LiDAR odometry on ground vehicles, achieving high accuracy with reduced compu-
tational demands. Its key innovations are:

Range-Image Segmentation & Ground Separation: Each incoming 3D
scan is projected into a 2D range image. A column-wise ground-plane estima-
tion labels ground returns, which are removed from the segmentation to pre-
vent unreliable feature extraction on low-lying vegetation. Remaining points
are clustered via an image-based method, and trivial clusters (fewer than 30
points) are discarded to focus on stable structures.

Feature Extraction:  The segmented point cloud is divided into horizontal
sub-images (six segments &0 16 for VLP-16). For each row in each sub-
image, a roughness metric

1 X

G = = (rj r);
JSikrik 561 b

is computed over the 10-point neighborhoo8, wherer; andr; denote the 3D
coordinates of the center point and its neighbors respectively. Points with the
highestc becomeedgefeatures (excluding ground) and those with the lowest
¢ becomeplanar features (including ground).
Two-Step Optimization: To reduce runtime, the 6-DOF pose between con-
secutive scans is estimated in two stages:
(1) Match planar (ground) features to solve for vertical translation, roll and
pitch.
(2) With planar parameters xed, match edgefeatures to solve for horizontal
translation and yaw.
This decoupling yields similar accuracy to the original LOAM [11] two-algorithm
fusion, while cutting odometry computation time by 35%
Lightweight Mapping & Loop Closure: Feature setsf F{; Fgg are stored
per-scan, and a local map is built by selecting recent sets within a 100 m
radius. A low-frequency mapping pass registers features to this map, re ning
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pose estimates. Optionally, LeGO-LOAM can integrate pose-graph SLAM
with ICP-based loop closures using iISAM2[21] to eliminate drift over long
trajectories.
By lItering out unreliable points early, leveraging ground constraints, and splitting
the optimization, LeGO-LOAM runs in real time on embedded platforms (e.g., Jet-
son TX2) while achieving accuracy on par with or better than LOAM on standard
benchmarks.

2.7.3 Direct LIiDAR Inertial Odometry (DLIO)

Direct LIDAR Inertial Odometry (DLIO) [13] is a tightly-coupled LIO pipeline that
achieves high- delity state estimation and dense mapping. DLIO's core innovation is
a coarse-to- ne, continuous-time motion correction that enables per-point deskewing
without iterative tting, combined with a condensed scan-to-map registration and
a provably-convergent hierarchical geometric observer [12].

Coarse IMU Integration & Fine Continuous-Time Deskewing

Aggressive maneuvers and uneven terrain induce severe motion distortion in spinning
LIDAR scans. DLIO rst integrates IMU measurements under a constant-jerk and
constant-angular-acceleration model to produce a discrete pose sequence. For each
LIDAR point pp timestamped atts + t7, an analytical, continous time solution

is used to compute a unique SE(3) transform for each point, yielding per-point
deskewing.

Keyframe based Submapping

Rather than querying individual points within a xed radius of the current pose,
DLIO organizes the map as a sequence kéyframes each associated with its raw
LiDAR sweep. When constructing the local submap for scan to map registration,
the algorithm selects a subset of these keyframes. Keyframes are chosen by:
Nearest neighbor keyframes: Select thek-NN keyframes to the current
estimate.
Convex hull keyframes:  Extract L nearest keyframes that lie on the con-
vex hull of all keyframe poses, ensuring that distant map boundaries remain
represented.
Formally, if K is the set of all past keyframe poses, the subma is formed by
concatenating the scans from

Qx = K-NN(K; K); Hg = k-NN(hull(K); L):
To adapt to di erent environmental scales, DLIO uses adaptive keyframing. The
insertion threshold for new keyframes is lowered in narrow areas to capture ne-
grained features, whereas in open areas it increases to avoid redundancy.
Condensed Scan-to-Map Registration
Rather than performing an intermediate scan-to-scan alignment, DLIO embeds the
continuous-time prior directly into a Generalized ICP (GICP) optimization that
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registers each corrected scan to a local submé@’ . The objective:

X . 1
Ty = arg mn & Cse+ TCpp T de;
c2C
with de = B¢ T Px.c aligns scan and submap covariances in a plane-to-plane
formulation (regularized to eigenvaluegl;1;")).

Hierarchical Nonlinear Geometric Observer

The fused pose update Ty is passed to a two-stage geometric observer that guar-
antees global exponential convergence of orientation and translation estimates with-
out iterative graph solvers. First, the spatial orientation estimate (a quaternion) is
updated with a contracting observer ensuring fast attitude convergence; second, po-
sition, velocity, and IMU biases are corrected hierarchically [12]. This observer both
initializes the next deskewing step and provides high-rate (100 Hz) state outputs.

2.8 Loop Closure

In LIDAR-based localization, one often distinguishes between pure odometry (incre-
mentally estimating motion from scan to scan) and a full Simultaneous Localization
and Mapping (SLAM) system, which jointly builds or re nes a map of the envi-
ronment while estimating the sensor trajectory [22]. Loop closure, a core SLAM
component, recognizes previously visited areas and injects constraints to correct ac-
cumulated drift in the estimated trajectory [23]. Many modern LIDAR odometry
frameworks incorporate loop closure within a SLAM pipeline and adopt a graph-
based formulation [24], in which each node denotes a sensor pose (often with its asso-
ciated scan or submap) and each edge encodes a relative transformation either from
odometry or from loop-closure detection. To manage and optimize these graphs,
such systems rely on graph-optimization libraries (e.g., GTSAM, g2o0, Ceres, SE-
Sync [24]), which o er e cient nonlinear least-squares solvers.

2.8.1 Graph Formulation

In a graph-based loop closure framework:

" Nodes represent poses (and optionally associated scans or submaps).
Odometry edges connect sequential nodes, encoding relative motion derived
from LIDAR odometry, inertial measurements, or their fusion.

Loop edges are introduced when place recognition combined with geometric
veri cation con rms a revisit.

Optimization jointly adjusts all node poses by minimizing the total squared
error over odometry and loop constraints, typically solved using nonlinear
least-squares solvers provided by standard graph optimization libraries.

This abstraction facilitates seamless integration of heterogeneous sensor data (e.g.,
LiDAR, IMU, GPS) and supports large-scale, long-term mapping through techniques
such as submap selection [25], marginalization [26], and hierarchical optimization
[27].

A
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2.8.2 Common Approaches with Loop Closure

CT-ICP [15] performs LiDAR-based loop detection by matching elevation-image
projections in 2D, subsequently incorporating these loop constraints into its pose
graph for global optimization. KISS-SLAM [28] identi es loop closures by extract-
ing ground points, aligning the local map to the keypose's xy-plane, and projecting
the resulting data into a bird's-eye-view (BEV) density grid. ORB descriptors [29]
are computed from this 2D density image and matched against a database of pre-
vious keypose descriptors. Candidate loops undergo a RANSAC-based geometric
validation step, producing a robust 2D alignment before insertion of validated loop
edges into the graph. Similarly, frameworks such as LIO-SAM [30], LeGO-LOAM
[8], and LOL [31] incorporate loop edges, often fused with additional sensor data
like GPS, into their factor graphs for robust relocalization and drift correction.
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2.9 Dynamic Object Extraction

Clustering, or object segmentation, is the crucial rst step in dynamic LIDAR pro-
cessing. By grouping points belonging to the same surface or object, we can isolate
dynamic entities (e.g., vehicles, pedestrians) from the static environment. This sep-
aration not only prevents dynamic points from corrupting scan-to-map registration
(thus in theory improving odometry accuracy) but also results in a cleaner global
map that faithfully captures only the permanent structures, bene ting route plan-
ning and obstacle avoidance tasks.

An approach that relies on clustering is LeGO-LOAM [8], which directly adopts the
fast range-image segmentation approach by Bogoslavskyi and Stachniss [32]. LeGO-
LOAM rst projects each LIDAR scan into a 2D range image. It then removes
ground returns by detecting near-horizontal beams in each column, segmenting the
remaining foreground clusters by comparing the incidence anglebetween adjacent
beams against a threshold. Connected components identi ed through this process
correspond to individual objects or surfaces.

Crucially, LeGO-LOAM leverages this segmentation step explicitly for feature ex-
traction: clusters identi ed as individual objects or surfaces are analyzed to classify
their points into distinct planar and edge features. These extracted features serve
as robust landmarks that enable precise scan-to-map matching and odometry es-
timation. By carefully distinguishing between planar surfaces and edges feature
extraction is directly incorporated into scan registration.

Similarly, Removert [33] (Remove and Revert) employs range-image projection for
dynamic object extraction. It projects both the transformed prior map and the
current LIDAR scan into range images, agging pixels as dynamic if their range
di erences exceed a prede ned threshold. To avoid false positives in regions that
appear di erently due to viewpoint variations, Removert repeats the comparison at
a lower resolution, reverting accidentally agged static objects.

19



2. Background

20



3

Method

3.1 Baseline Evaluation

In order to establish a reference method three LIDAR odometry methods are selected
that span major algorithmic paradigms in the literature:
" KISS-ICP (ICP)
A simple LiDAR-Odometry implementation based on classic Iterative Closest
Point algorithm.
" DLIO (GICP)
A tightly coupled LiDAR-Inertial Odometry approach that uses GICP.
" LeGO-LOAM (feature-based)
A scan-matching system that extracts edge and planar features, performing
frame-to-frame alignment in feature space and incorporating a lightweight map
representation with loop-closure.
Each of these methods re ects a distinct design choice in LIDAR odometry: ICP,
GICP, and feature based extraction. To select a baseline these are benchmarked on
two complementary datasets in a pedestrian dynamic urban environment:
Square Loop
A single, closed-loop traverse of approximately 720 m, starting and ending at
the same point. This compact circuit yields one clear loop-closure at the end
of the run.
" Out-and-back bridge
The platform departs from the start location, passes a narrow almost 100
m bridge and drives in total 450 m to a xed turnaround, then retraces ap-
proximately the same path back, producing distinct outbound and inbound
segments.
By benchmarking on the same datasets, we can isolate each paradigm, de ning a
robust baseline. These datasets are collected with the VLP-16, since its widely
mentioned in LIDAR odometry litterature [8, 30, 34, 35].

3.2 LIiDAR comparison

To evaluate and compare the performance of di erent LIDAR sensors in real-world
conditions, datasets were collected using both the JT16 and VLP16 LiDAR sensors.
Each dataset captures the same set of trajectories around Lindholmen to ensure
consistency and comparability between the two platforms. The recorded trajectories
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include only a single loop closure at the end, enabling the assessment of drift and
loop closure accuracy. On average, the trajectories spans approximately 700 meters.

3.3 Graph-based Loop Closure

To account for drift over large distances a simple loop closure framework leveraging
graph SLAM is implemented by interleaving keyframe selection, loop detection with
pose-graph updates and map reconstruction.

3.3.1 Keyframe Selection

Deskewed LIDAR point clouds and pose outputs from the odometry node is sub-
sampled into discrete keyframes. Each keyframe stores:

A locally referenced timestamped point cloud.

Its odometric pose estimate in SE(3).

The cumulative path length along the trajectory.

3.3.2 Pose-Graph Formulation

The SLAM problem is formulated as a factor graptG = fX ; Fg, where:
T X = XXy Xvg is the set of pose variables, with eaclk; 2 SE(3)
representing the 6-DOF pose of the sensor at keyframeEach pose is param-
eterized as a transformation matrix

#
Ri t

0 1 2 R* % R;2SO@®) t 2R3

Xi =
F is the set of factors encoding relative pose constraints:
1. Prior factor:  Anchors the initial poseX to the origin with high con -
dence (low covariance).
2. Odometry factors: Between successive posés and Xy.;, based on
relative motion measurement<y.x+1 2 SE(3). The residual is de ned in
the tangent spaceR® as

M1 = 10g Zk:kl+lxk Xz N (0 odom); odom 2 R® &;

wherelog() maps the pose di erence to a minimal 6D vector (3 for rota-
tion, 3 for translation), allowing a standard Gaussian noise model in the
tangent space ofSE(3).
Incremental optimization is performed with iISAM2, which updates only a ected
portions of the graph.

3.3.3 Loop Constraint Estimation

Given a candidate loop between the current keyframi; and a past keyframeX;
that passed spatial and temporal Iters, we estimate a robust loop-closure constraint
as follows:
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1. Submap Extraction.
ChooseN and extract past keyframes,

M =X Nyt Xyt Xjeng M= X500

Note that the submap M;, consisting of X; and its adjacent keyframes, lies
strictly within the temporal domain preceding X;.

2. Voxel Downsampling.
Apply a voxel-grid lter of leaf size v to both submaps, producing downsampled
cloudsM; and M.

3. ICP Alignment.
Initialize point-to-point ICP with the odometric guess

Todom = X; 1xj;
register M"; to M7, yielding Z;; 2 SE(3) and tness "cp.
4. Constraint Addition.
If ICP converges with"\cp  "max, de ne the 6-DOF residual,
riy =log Z;*(X; 'X;) 2 RS
and insert it into the graph with a Cauchy-robust kernel
riy Cauchy(Q Z2lg); 2="icp:

The purpose of this is to downweight any spurious loop measurements.
Each downsampled keyframe cloud is transformed by its optimized pose and merged
into a global point-cloud map.
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3.4 Range Image Point Cloud Segmentation

To impose structure on the LIDAR data, we follow the implementations of [8] and
[32] by converting each 3D scan into a 2D range image and applying image-based
segmentation to isolate individual clusters. This is one approach that is crucial for
downstream tasks such as object tracking or dynamic object removal.

3.4.1 Data acquisition and image dimensions

Assuming a spinning LiDAR, for each laser beam, a distance measuremeéibgether
with a known vertical angle and a timestamped yaw angle are arranged in a 2D
array of size

'\l_bﬁaﬁ}s |Nsteps{ger 360};

rows columns

whereNypeams 2 T 16; 32, 64; 128 is typical LIDAR verticle resolutions, and the num-
ber of columns corresponds to the horizontal resolution (e.g., magnitude of 1000 to
2000 steps per revolution).

3.4.2 Projection from a 3D Point Cloud

To enable e cient image-domain processing of LIiDAR data, we project the 3D point
cloud into a 2D range image by mapping each point's spherical coordinates into pixel
indices.

1. For each 3D point(x;y;z), compute its spherical coordinategr; ; ), where
9 . Z
r= x2+y2+ z2; = arcsin - ; = atan2(y; x):

2. Map and toimage rowr, and columnc; using
$ % $ %

min min

= — ; =

3. At each pixel(r;; c;), store the minimum ranger among all points falling into
that bin.

Adjacent pixels correspond to adjacent beams, so spatial continuity in the scene
is directly encoded in the 2D grid. All downstream operations (ground removal,
segmentation) can be implemented using simple image-domain traversals, avoiding
costly nearest-neighbor searches in 3D space. While the projection step adds to the
per-scan computation, it still remains on the order of milliseconds and thus supports
real-time operation.
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3.4.3 Ground Removal

Before attempting to segment objects, it is bene cial to strip away all returns orig-
inating from the ground plane. Ground removal not only reduces the number of
points to process downstream, but also prevents large, contiguous ground returns
from merging distinct objects. The range image representation and the known
mounting orientation is used to perform a fast, per-column ground estimation and
removal.

Assumptions and Sensor Orientation

Under the assumption that the robot is approximately level with respect to the
ground, and that the LIDAR pitch and roll relative to the local ground plane are
known, each column of the range image corresponds to a xed horizontal angle
(azimuth), and the vertical index r corresponds to an increasing elevation angle

. Ground returns will therefore appear as a smooth, piecewise planar sequence of
pixels in each column, starting from the lowest row and upwards.

Per-column plane approximation

For each image columrc:
1. Initialize at the bottom row r = 1 (lowest elevation beam).
2. Iteratively examine the next rowr +1: compute the slope of the range di er-
ence between beamsandr + 1. Equivalently, form the angle
|

dr+1 Sin( ) .
d dspcos( )’

where is the known elevation angle between adjacent beams add d, .+,
are the corresponding measured ranges.

3. Compare to a small threshold goung (empirically on the order of 5 10).
As long as ground » the two beams are considered to lie on the same planar
surface (i.e., the ground), and you advance to the next row.

4. Stop once > gouna: allrowsr® rin this column are marked as ground and
excluded from further processing; rows’>r remain for object segmentation.

This per-column, 1D "scanline" procedure visits each pixel at most once, yielding
an O(N) complexity across the entire range image (WittN = Npeams  Nsteps). In
practice, ground removal adds only a fraction of a millisecond per scan.

By working in the range image, the method naturally handles both sparse (e.g., 16-
beam) and dense (64-beam) scans without additional tuning of voxel sizes or grid
parameters. Only a single threshold gouq Must be chosen (guided by the vertical
beam spacing). Having stripped away ground returns, the resulting clean range
image contains only those beams that hit potential objects above the ground [32].

= arctan

3.4.4 Point cloud Segmentation

With ground points removed, segmentation of the remaining range image into in-
dividual object clusters is done by exploiting the implicit 2D neighborhood and a
simple angular criterion.
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De ning connectivity via the criterion

For any two adjacent pixels(r;c) and (r,;c,) in the range image (using anN4
neighborhood: up, down, left, right), compute the angle
|
= arctan d— . cos

where
dmax = Max dr;c; CIrn;cn ;' Omin = min dr;c; Clrn;cn ;

and is the known angular separation between the two beams. If>  (with
typically set to 10 [32]), the two pixels are deemed to belong to the same object;
otherwise they lie on di erent objects.

Connected-component labeling (CCL) via BFS

1. Initialize a label imageL of the same size as the range imade, lled with
zeros. Set current label to equal 1.
2. ScanR left-to-right, top-to-bottom. Whenever you encounter a pixel(r; c)
with L(r;c) =0 and a valid (non-ground) range:
(&) Push (r;c) onto a queue.
(b) While the queue is non-empty:
" Pop (r®d), setL(r®c = current _label.
" For eachNy4 neighbor(r,; c,) with L(r,;c,) =0, compute as above;
if > , push(r,;c,) onto the queue.
3. After the BFS completes, increment current label and continue scanning for
the next unlabeled pixel.
This pass-through CCL visits each pixel at most twice, once when rst encountered,
and once during neighbor checks, achievinQ(N) worst-case complexity (withN
the number of valid pixels).

Back-projection to 3D clusters

After labeling, each connected component in the range image corresponds to one
segment. We reconstruct the 3D points of segmeiit by back-projecting all pixels
(r;c) with L(r;c) = k into (x;y;z) space using the inverse spherical projection as in
Section 3.4.2. This results in a fast fully image-based, no nearest-neighbor searches
in 3D, that works equally well on both dense (64-beam) and very sparse (16-beam)
data, since connectivity is de ned in the 2D image domain [32].
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3.4.5 Dynamic Object Removal

The dynamic object removal method presented here is inspired by the Removert
framework [33]. It identi es and removes dynamic objects from point-cloud maps
based on di erences observed in sequential range images.

Ground Removal

All ground points are segmented from the point cloud using a previously men-
tioned ground-removal algorithm (as detailed in Section 3.4.3) and stored separately.
Ground points exhibit high variability in range values even for small incidence-angle
di erences [33], and thus are preserved and will be reinstated after dynamic object
removal.

Di erence Image Computation

For each new LIiDAR scan acquired within a small de ned spatial distanceé , both

the current map cloud and the scan are transformed to the same reference frame.
The resulting point clouds are then projected onto range images of equal resolution.
Let Iy (u;v) and Is(u;v) represent the map and scan range images, respectively.
The absolute di erence imagd is computed as

I (u;v)= Iw(u;v)  Is(u;v):

Pixels exceeding a prede ned range-di erence threshold., generate a binary mask

of dynamic regions, 8

< 1 I . > -

M(uv)y= (u,v? e
- 0; otherwise

To mitigate isolated noise, an optional median Iter with ak k kernel can be
applied to smooth range images, preserving signi cant structural di erences while
removing spurious pixels (Figure 3.1).

Figure 3.1: Range image before (top) and after (bottom) median Itering k = 5)

Dynamic Pixel Indexing and Back-projection

Pixels marked as dynamic in the binary masi (u; v) are back-projected into 3D,
yielding a set of candidate point indices,

lp = f(u;v)jM(u;v) =1g:
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Dynamic Point Removal and Map Update

The indices inlp are excised from the map. LeD be the set of keyframe point
indices to be removed. The cleaned static mag ¢ean is then formed by

K clean = fkigz\lzl n fk; ] i 2 Dg[ G;

where G is the set of stored ground points reintegrated after removal. Finally, the
updated map cloudK ¢ean is reprojected back into the 3D point cloud frame and
inserted back into the map.
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Results

This chapter presents both quantitative and qualitative results that compare various
LIDAR odometry frameworks and assess speci ¢ enhancements implemented within
the DLIO system. Key areas of evaluation include the impact of dynamic object
removal, the integration of a loop closure module, and performance di erences across
the two LIDAR sensors. In addition, qualitative results are provided for range
image based segmentation.

4.1 Evaluation Data

Figures 4.1 and 4.2 show satellite imagery alongside the LIDAR odometry trajecto-
ries using DLIO for the Out-and-Back Bridge and Big Square routes.

(a) Satellite image (b) DLIO trajectory

Figure 4.1: Out-and-Back Bridge: Satellite image and DLIO trajectory
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(a) Satellite image (b) DLIO trajectory

Figure 4.2: BIig Square: Satellite image and DLIO trajectory

Due to lack of an accurate ground truth end-to-end translational error is used as a
metric to evaluate baseline. Distancel is calculated between starting posé€0; 0; 0)

to the end pose of each framework. The translational error solely in the XY-plane is
also calculated aijylz The table below shows that DLIO achieves by far the lowest
end-to-end translational drift on both the Big Square and Out-and-Back Bridge

trajectories.

Table 4.1: End-to-End Translational errors (m) for each algorithm

Big Square Out-and-Back Bridge
Algorithm X y z Oz Oy X y z Oxyz Oy
KISS-ICP 2.269 2.277 9.410 9.944 3.215=2.073 =11.459 58.207 59.360 11.645
LeGO-LOAM =16.453 =2.584 15.571 22.800 16.655 =8.485 =0.108 0.228 8.489 8.486
DLIO 0.406 =1.626 2.213 3.624 1.675 0.045=0.080 0.001 0.092 0.092

Speci cally, DLIO exhibits the lowest translational drift on both routes. Conversely,
LeGO-LOAM shows the largest error on the Big Square, and KISS-ICP su ers from
signi cant vertical drift. Appendix A presents all three approaches with Google
Earth imagery of each test area. Figures A.1a A.1d show the Out-and-Back Bridge
route, and Figures A.2a A.2d show the Big Square route, with Satellite Image, KISS-
ICP, LeGO-LOAM, and DLIO results side by side. Notably, the most pronounced
discrepancy is observed in the Out-and-Back Bridge case, where LeGO-LOAM's
truncation of the bridge path is particularly evident. LeGO-LOAM truncates the
bridge length, whereas point-to-point methods do not; this behavior stems from its
repetitive, feature-sparse representation, which can lead to spurious associations.

Lhttps://github.com/PRBonn/kiss-slam/issues/6
Original author of KISS-ICP discussing pitch-drift.
2https://github.com/RobustFieldAutonomyLab/LeGO-LOAM/issues/154
Original author of LeGO-LOAM, LIO-SAM discussing the same problem.
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4.2 DLIO Results

This section further investigates the DLIO framework by examining specic en-
hancements, including dynamic object removal, integration of loop closure, and
sensor-speci ¢ performance comparisons. These evaluations aim to highlight the
improvements each modi cation provides.

4.2.1 Impact of Dynamic Object Removal and Loop Closure

To examine improvements o ered by dynamic object removal and loop closure inte-
gration, DLIO variants were tested on the most dynamic dataset (i.e., the one with
the highest pedestrian-crossing frequency across all scans) collected at Lindholmen.
Results of DLIO-Static (removal of dynamic objects), DLIO-LC (incorporating loop
closure), and standard DLIO with and without point cloud voxelization, are dis-
played in Table 4.2 below.

Table 4.2: End-to-End Translational Errors (m) for DLIO Variants

DLIO DLIO-Voxelized
x| Iyl 12| dy: x| Iyl 12| Oy
Error(m) 2212 1170 8289 8658 0406  1.626  0.0397 1.676
DLIO-Static DLIO-LC
x| Iyl 12| dy: x| Iyl 12| Oy

Error (m) 0.625 3.876 0.026 3.926 0.023 0.007 0.000 0.024

The DLIO-LC variant signi cantly outperformed the others, achieving the lowest
overall translational error. By comparison, the dynamic-object removal method
performed slightly worse than DLIO with voxelization enabled, yet it achieved the
second-lowestz-error. Detailed inspections of the point clouds (see Appendix Fig-
ures B.1 and B.2) reveal a marked reduction in map misalignment after loop closure:
duplicated structures, vegetation clusters, and other landmarks become correctly re-
aligned. BEV overlays of the complete point cloud map in Fig. B.4 (overlaid on a
satellite image) and Fig. B.3 (without background) o er a straightforward visual-
ization of map coverage relative to real-world landmarks.
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4. Results

4.2.2 Performance Across Dierent LIDAR Sensors

Experiments comparing performance with di erent LIDAR sensors, JT16 and VLP16,
were also conducted to assess sensor-speci ¢ in uences. Table 4.3 presents averaged
translational errors across multiple self collected datasets. Loop closure integration

Is included due to yielding substantially lower errors compared to DLIO alone.

Table 4.3: End-to-End Translational Errors (m) for JT16 and VLP16 using DLIO
Variants

JT16 VLP16
Method I Iyl || by: X Iyl 12| dyyz
DLIO-Voxelized ~ 5.194 5478 720 12325 0.156 1325  0.039  1.335
DLIO-LC 0.098 0046  0.024 0111 0.019 0.011 0001  0.022
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4. Results

4.3 Qualitative Evaluation: Dynamic Object Re-

moval
Figure 4.3 shows the result of dynamic object removal applied in a narrow street
scenario, with multiple pedestrians. The method operated in real time and removes
dynamic objects from the environment representation. While some false positives
may be removed, the overall structure of the scene is preserved. Mostly narrow or
small objects are detected as false positive. Overall, the approach retains substan-

tially more points compared to voxelization of the entire point cloud, preserving on
70.02% of the points versus 34.9% retained by voxelization.

(a) Before removal

(b) After removal
Figure 4.3: BEV comparison of dynamic object removal in a narrow street

More visualizations illustrating dynamic object removal across various scenes are
presented in Appendix C.
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4.3.1 Qualitative Evaluation: Range-Image based clustering

Building on the dynamic-object removal results (Fig. 4.3), we apply range-image based
clustering (re-implemented from LeGO-LOAM's feature extraction) to the same
dataset within the DLIO pipeline.

(a) Cluster view 1 (b) Cluster view 2

Figure 4.4: Cluster-visualizations 1 & 2

Figures 4.4(a) (b) and 4.5(a) (b) show four di erent perspectives of the clustered
point cloud, where each color denotes a distinct cluster, and black points contains
the voxelized map scan.

(@) Cluster view 3 (b) Cluster view 4

Figure 4.5: Cluster-visualizations 3 & 4

In Figures 4.4a and 4.4b, many vertical, pole-like structures appear as coherent,
narrow clusters, indicating that the method successfully isolates thin vertical fea-
tures. Pedestrian clusters are also correctly separated, appearing centrally in these
views. Figure 4.5b highlights larger planar surfaces such as building facades or wall
segments. In this view, even distant pedestrian clusters can be seen near the edges
of the scene.

34



5

Conclusion

This thesis was out to evaluate and enhance LIiDAR-based odometry for compact,
pedestrian-scale delivery robots operating in dynamic urban settings. First, it com-
pared some state-of-the-art LIDAR odometry methods across metrics of trajectory
accuracy, real-world motion resilience to identify a robust baseline . Building on

that baseline, the work then integrated loop-closure adjustments to correct drift

over extended runs. Lastly implemented a real-time, range image based dynamic-
object lter to excise moving elements from the map.

The baseline odometry approach demonstrated high accuracy across short and mod-
erate runs but experienced some drift over prolonged trajectories. To address this, a
graph-based loop-closure via ICP was applied, e ectively correcting accumulated er-
rors and stabilizing localization on longer paths. A separate real-time lIter, driven
by range-images, excised moving objects to preserve a clean global map. Addi-
tionally, the same range-image clustering method from LeGO-LOAM demonstrated
potential for tracking individual clusters over time, being both fast and e ective at
distinguishing, for instance, pedestrians.

5.1 Discussion

The central question guiding this work was whether a LiDAR-based odometry
pipeline for pedestrian-scale delivery robots can be made su ciently accurate and ro-
bust in dynamic urban settings without relying on GPS. In the following discussion,
we analyze how each component (baseline odometry, loop closure, dynamic-object
removal, and range-image clustering) contributes to addressing this question under
real-world conditions.

5.1.1 Baseline Comparative Analysis

In urban deployments, it is not surprising that robust odometry demands sophis-
ticated approaches. KISS-ICP, for instance, assumes a constant-velocity motion
model and uses distance-based submapping potentially holding millions of points
that may not correspond correctly across scans, making it less e cient than DLIO
leveraging GICP, IMU coupling and k-NN keyframe based submapping, which de-
livers superior odometry performance. In feature-driven approaches, LeGO-LOAM
extracts edge and planar features to represent the environment sparsely; however, in
repetitive feature sparse or under LIDAR occlusion, similar-looking features across
di erent locations can lead to ambiguous associations.
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5.1.2 LIiDAR comparison

The comparative evaluation between the JT16 and VLP16 LiDAR sensors highlights
several important considerations for odometry and mapping tasks. One of the most
prominent limitations of the JT16 is its signi cantly reduced e ective range. This
limit impacts the ability to observe distant, stable features for robust motion esti-
mation.

Interestingly, voxelization-based methods yielded improved performance, suggesting
that horizontal resolution may not be as critical. Voxelization will tend to downsam-
ple more heavily in the horizontal direction, because more horizontally-close points
will fall into the same voxel. This causes the VLP16 to end up in similar resolution
ranges as the JT16. Due to its above-horizon beam con guration, the JT16 suf-
fers from a lack of ground returns. This de ciency in near-ground observations can
negatively a ect trajectory estimation, especially in the vertical ¢) direction since
ground points could serve as reliable anchors.

5.1.3 Addition of loop closure

Integrating a loop-closure module into the odometry pipeline yields clear bene ts by
detecting when the robot revisits previously mapped areas and correcting accumu-
lated relative drift through pose-graph optimization. This correction signi cantly
improves consistency over trajectories that contain loops, reducing long-term error
without additional manual intervention. However, loop closure provides no bene t
on strictly linear or outward-bound paths, since no revisit events occur to trigger loop
detection. Furthermore, while loop closure enhances relative accuracy, it does not
establish an absolute reference frame; without external anchors such as GPS xes,
known landmarks, or global pose estimates, residual drift and map misalignment can
persist over large-scale deployments. Therefore, for comprehensive localization ro-
bustness, loop-closure corrections must be complemented by other anchoring sources
or absolute positioning methods.

5.1.4 Dynamic Object Removal

Online dynamic-object removal was implemented via a range-image based lter,
demonstrating the feasibility of excising moving elements during traversal. How-
ever, this approach incurs high amounts of false positives,especially under heavy
occlusion,when static structures are misclassi ed as dynamic. To date, its direct
bene t for improving odometry accuracy compared to using voxelization, remains
inconclusive: no consistent reduction in pose error was observed in our experiments.

For applications that require a clean map but not real-time updating, o ine post-
processing of LIDAR data o ers a better alternative, as of the original implemen-
tation of Removert. By ltering dynamic points after data collection, one could
potentially leverage more sophisticated algorithms and global context to achieve
better map cleanliness.
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5. Conclusion

Where online ltering could be valuable is in scenarios where the LIDAR map feeds
into downstream planning modules. In such cases, dynamically removing moving
objects can prevent planners from treating transient obstacles as permanent, poten-
tially enabling more e cient trajectory generation over previously traversed areas.
Results show the overall map is still somewhat representative, and could potentially
be used.

5.1.5 Range-Imaged based clustering

Although range-image based clustering itself is not novel, it is the foundation of
LeGO-LOAM's feature extraction, this work evaluated it due to proven compu-
tational e ciency compared to standard Euclidean clustering. By leveraging the
organized structure of the range image, clusters can be formed more quickly and
with lower processing overhead than for instance euclidean clustering in 3D point
clouds. While these clusters were not used here for feature-driven odometry, they
o er a promising rst step toward real-time dynamic-object tracking: instead of
merely excising moving points, the same range-image information generated by the
range-image dynamic object removal can be retained.
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5. Conclusion

5.2 Concluding remarks and future work

This thesis demonstrates that even a robust LIDAR-odometry pipeline can be aug-
mented to meet the challenges of dynamic urban environments by picking the
raisins out of the cookie, that is, cherry-picking modules from existing methods.
Starting from a reliable baseline, a simple graph based loop-closure based on ICP
was added to compensate relative drift over long trajectories, a capability DLIO
lacked. Second, although LeGO-LOAM employs range images for edge-and-plane
feature extraction, we leverage range-images to instead remove moving objects in
real time to keep the global map clean. In addition, range-image clustering used
by LeGO-LOAM proved a lightweight way to generate object clusters that could
serve future tracking or planning tasks. Together, these enhancements show how
combining selective components, rather than reinventing the wheel, yields a more
extensive framework.

Looking ahead, the next step is to turn range-image clusters into true dynamic-object
trackers, maintaining identities and motion estimates over time. Such tracking would
enable the robot not only to ignore moving obstacles but also to predict their paths
for safer navigation. Another promising direction is to introduce occasional GPS
or other absolute-position measurements into the pose-graph optimization, anchor-
ing the map to a global frame. Even sparse, intermittent GPS xes could correct
residual drift on straight, loop-free routes and further improve long-distance localiza-
tion accuracy. Moreover, global localization using satellite imagery or georeferenced
maps represents a compelling direction for research. With an initial GPS-based pose
estimate, the robot's locally accurate LIiDAR points could be aligned to overhead
satellite images or vector maps by matching large-scale geometric features such as
building outlines, road boundaries, and open spaces. This could enable map-to-
map alignment and provide a globally consistent frame even in GNSS-challenged
environments.
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