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Abstract
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2026

Accurate and efficient lidar localization is essential for autonomous navigation, especially

in environments with limited geometric structure. This thesis investigates the two aspects

of this problem. First, we study the trade-off between computational cost and localiza-

tion performance by integrating two lightweight odometry estimators into a modular

lidar-based localization pipeline. By varying how frequently map-matching is performed,

we quantify how odometric drift and localization frequency jointly affect accuracy and

runtime across diverse real-world environments.

Second, we address the reliability of localization in environmentally degenerate set-

tings, where limited or repetitive geometric structure leads to poorly constrained motion

estimation. We introduce a degeneracy-aware Iterative Closest Point (ICP) formula-

tion that selectively updates only well-constrained directions. Our proposed closed-loop

framework enables stable navigation in low-feature environments where conventional ICP

methods fail. The system is evaluated on an unmanned ground robot in a variety of en-

vironments, ranging from feature-less to feature-rich.
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Chapter 1

Introduction

1.1 Motivation

A critical part of autonomous navigation is the ability to localize in a known map of the

environment. This localization task is crucial for down-stream autonomous navigation

objectives such as trajectory planning and control, obstacle tracking and avoidance, and

smooth vehicle handling.

A map-based localization pipeline will conventionally contain two parts: a frame-

to-frame or sliding window relative-motion odometry estimator, and a frame-to-map

localization estimator [1, 2]. A common technique employed in both estimators when

using a lidar sensor is the Iterative Closest Point (ICP) algorithm, which aligns 3D

point clouds by iteratively minimizing the distance between matched points [3, 4]. The

odometry estimator matches lidar point clouds between consecutive frames, while the

localization estimator matches the live lidar point cloud to a point cloud map, typically

constructed using lidar data from a previous traversal. To get state-of-the-art (SOTA)

localization performance, a large number of lidar points and many ICP iterations are

needed for both estimators, leading to high computational cost and limiting deployment

on resource-constrained platforms.

At the same time, emerging sensor modalities, particularly Frequency-Modulated

Continuous Wave (FMCW) lidars, o�er new opportunities for e�cient and geometry-

independent motion estimation. We leverage a FMCW lidar to implement a correspondence-

1



Chapter 1. Introduction 2

Figure 1.1: We explore the trade-o� between computational e�ciency and localization
accuracy with infrequent map matching, analysing how dead-reckoning between these
localization attempts impacts overall performance. Top right is our data collection plat-
form, Boreas, equipped with an Aeva Aeries II Frequency-Modulated Continuous Wave
(FMCW) lidar sensor.

free odometry estimator, which uses relative radial velocity measurements and gyroscope

measurements to estimate vehicle motion [5, 6]. Notably, this Doppler-inertial odometry

method, referred to throughout this thesis as Doppler odometry, can remain robust in

feature-sparse or geometrically degenerate environments, such as highways, tunnels, open

�elds, or planetary surfaces, where traditional ICP-based methods may struggle due to

the lack of geometric structure. We additionally utilize a lightweight wheel odometer-

gyroscope (OG) odometry method that removes the expense of processing lidar data

altogether [7]. Since these two estimators are not dependent on scene geometry, they are

robust in environments where geometric-based ICP may fail.

This thesis investigates two complementary challenges in lidar localization. In Chap-

ter 3 of this thesis, we evaluate three estimators, Doppler, OG, and an ICP baseline,

within a uni�ed localization pipeline. We systematically study how estimator selection
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and localization frequency in�uence runtime, accuracy, and robustness across diverse

driving environments. Even with e�cient odometry, frequent map-matching can dom-

inate runtime due to the many iterations required to align dense point clouds. We

therefore explore reducing the frequency of localization updates, relying instead on dead-

reckoning from the odometry estimator between updates. Figure 1.1 outlines this pro-

cess, where the green vertices represent the infrequent matches made to the reference

path submaps. This approach tests the limits of how infrequently we can localize to the

map without a signi�cant loss in trajectory accuracy.

In parallel, there are many operating domains, such as tunnels, open �elds, disaster

zones, and planetary surfaces, that exhibit strong geometric degeneracy, where planar

or feature-poor structure undermines the stability of ICP-based localization regardless

of computational budget. At the same time, opportunities for external corrections are

sparse, making the system heavily reliant on odometry and increasing the risk of drift

accumulation. The Doppler odometry estimator naturally addresses part of this chal-

Figure 1.2: Navigation in geometrically degenerate environments is tested using our
unmanned ground vehicle (UGV) platform, the Warthog, equipped with an Aeva Aeries
II FMCW lidar sensor. The top image shows a representative lidar point cloud from a
test route, where the only features are the sparsely scattered rocks.
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