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Abstract— We aim to assess the performance of LiDAR-to-
map registration on compressive maps. Modern autonomous
vehicles utilize pre-built HD (High-Definition) maps to perform
sensor-to-map registration, which recovers pose estimation fail-
ures and reduces drift in a large-scale environment. However,
sensor-to-map registration is usually realized by registering the
sensor to a dense 3D model, which occupies massive storage
space in the HD map and requires much data processing
overhead. Although smaller 3D models are preferable, the
optimal compressive map format for preservation of the best
registration performance remains unclear.

In this paper, we propose a novel and challenging bench-
mark to evaluate existing LiDAR-to-map registration methods
from three perspectives: map compressibility, robustness, and
precision. We compared various map formats, including raw
points, hierarchical GMMs, and feature points, and show their
performance trade-offs between compressibility and robustness
on real-world LiDAR datasets: KITTI Odometry Dataset and
Argoverse Tracking Dataset. Our benchmark reveals that
state-of-the-art deep feature point based methods outperform
traditional methods significantly when the map size budget is
high. However, when map size budget is low, deep methods are
outperformed by the methods using simpler models in Argov-
erse Tracking Dataset due to poor spatial coverage. In addition,
we observe that the recently published TEASER++ significantly
outperforms RANSAC for the feature point methods. Our
analysis provides a valuable reference for the community to
design budgeted real-world systems and find potential research
opportunities. We will release the benchmark for public use.

I. INTRODUCTION

Maps are essential for modern autonomous driving sys-
tems. A map with rich prior knowledge provides valuable,
offline-refined information that is not observable by online
sensors, and thus improves the system performance. Modern
maps, such as the HD maps used by autonomous vehicles,
mostly contain high-quality dense 3D models and semantic
labels. However, these dense 3D models require vast storage
space and cause extra online data processing overhead.

The dense 3D model is mainly used to achieve accurate
sensor-to-map registration, which is a crucial task for the au-
tonomous vehicles to re-localize against the map when pose
estimation fails, and also to reduce pose drifting errors in
large-scale environments. Recently, Martinez et al. proposed
a benchmark for retrieval-based localization methods because
the dense HD maps are too expensive to collect and build
at scale [2]. However, without the prior knowledge from the
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Fig. 1. (a) The system pipeline of the proposed compressive registration.
We compress the map offline, and register the online LiDAR input to the
compressive map. (b) The success rate trends of the evaluated methods under
different map size budgets on KITTI Odometry Dataset (left) and Argoverse
Tracking Dataset (right).

map, such retrieval-based methods require much training data
and generalize poorly in unseen environments.

In practice, the dense 3D models are unnecessary for the
essential tasks in autonomous driving other than relocal-
ization. For example, motion planning, motion forecasting,
object tracking, and obstacle avoidance only require the
sensor input and the semantic map labels with rough 3D
information, such as lane directions and the bounding boxes
of the traffic lights. Since other information in the HD
map is much lighter in size, eliminating the need of dense
3D models in the sensor-to-map registration process would
reduce the total HD map size significantly.

Although eliminating the need of the dense 3D model is
desirable, it deserves more research attention. Most existing
point cloud registration studies focused only on the accuracy
and speed of registering two scans with similar data distribu-
tions, while the data distributions of a sensor scan and a map
are very different. Relevant benchmarks evaluate the point
cloud compression performance by reconstruction accuracy,
not by sensor-to-map registration accuracy [3]. In fact, load-
ing a perfectly reconstructed dense 3D model is unnecessary
if accurate sensor-to-map registration can be achieved with
a lighter map. Although some works have evaluated sensor-
to-map registration against map compression ratio [4], [5]
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Fig. 2. The maps and input LiDAR scans from (a) KITTI Odometry Dataset and (b) Argoverse Tracking Dataset. The input noisy poses are shown in
red, and the ground truth poses are shown in green. We removed other vehicles using PV-RCNN [1] for (a) and the provided driveable region map for (b).

for the proposed specific data formats, there is no universal
standard available for a fair quantitative comparison among
different compressive map formats.

In this paper, we focus on a popular setting – registering
a 3D LiDAR scan to a 3D map, which is the most common
configuration for the modern autonomous vehicles to perform
sensor-to-map registration. The raw map in this case is a
high-quality, dense, and large-scale point cloud built of-
fline. We propose that a sensor-to-map registration algorithm
should operate directly on a certain compressive map format,
instead of the raw point cloud, to eliminate the need of
storing and processing the original large-scale point cloud.
We refer to this pipeline as compressive registration in the
following. The proposed compressive registration pipeline, as
shown in Figure 1, has several advantages over the methods
using raw point cloud maps: 1) The map feature can be pre-
computed offline since it does not require any online input.
2) The online map data decompression, if needed, takes less
time since it does not need to recover a dense 3D map. 3) It
takes much less storage space and data transmission time. As
a result, we are interested in the sensor-to-map registration
methods that directly operate on compressive formats.

We propose the first benchmark for compressive LiDAR-
to-map registration. Given initial inaccurate LiDAR pose
estimations, we evaluated the LiDAR-to-map registration
performance on various compressive maps, including raw
points, hierarchical GMMs, and feature points, under dif-
ferent map size budgets. Our benchmark is challenging due
to the different data distribution of the LiDAR scans and the
maps. We design universal map size based metrics for quanti-
tative comparison. Our results illustrate the different trade-off
trends between map size and robustness of the recent deep-
learning based methods and classical methods. We show
that the deep-learning based methods performed the best
under high map size budgets but might perform worse than
the classical methods using simpler models under low map
size budgets, depending on the local map structure. As an
additional contribution, we analysed the robust registration
methods, RANSAC and recent TEASER++ [6] together with
various 3D features and show that TEASER++ in general
outperforms RANSAC. To summarize, our contributions are:

� We propose the first compressive LiDAR-to-map reg-

istration benchmark. Our benchmark evaluates the map
compressibility, robustness, and precision, and can be
applied to various map formats.

� We evaluated both recent deep learning based and
classical point cloud registration methods, including
raw point based, GMM based, and feature point based
methods. Our quantitative results reveal the trade-offs
made by different methods and provide a valuable
reference for future research.

� We will release the benchmark for the community to
evaluate more methods conveniently in the future.

II. RELATED WORK

In this section, we categorize and discuss existing point
cloud registration methods by the corresponding compressive
map formats. Due to space limitation, we refer to [3] for
additional compression tools that focus on reconstruction
accuracy – they can be applied on top of the following
compressive maps, such as Octree [7] and bzip2 [8].

A. Raw Point Clouds

We list raw point cloud based methods in this section.
Iterative Closest Point (ICP) [10] registers two point clouds
by iteratively finding the closest point pairs and computing
the transformation matrix based on the found pairs. Since
its debut in the early 90s, researchers have proposed a
tremendous amount of ICP variants. ICP and its variants
are still arguably the most widely adopted point cloud
registration method in practical systems nowadays, despite
its well-known drawback of being easily trapped in a local
minimum.

The efficiency and accuracy of ICP variants mainly depend
on the method of point correspondence search between
source and target point clouds, and the quality of initial-
ization. Greenspan and Yurick [11] proposed speeding up
the correspondence search using a k-D tree. Generalized
ICP (G-ICP) provides a probabilistic formulation that unifies
point-to-point and point-to-plane ICP [12]. Modern off-the-
shelf ICP tools such as PCL (Point Cloud Library) [13] and
Open3D [14] are still vulnerable to local minima and require
good initialization. Yang et al. [15] proposed Go-ICP that
performs a global search to avoid the local minima at the cost
of slow speed. As for reducing the size of the raw point cloud
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