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Abstract

LiDAR localization is a fundamental task in autonomous
driving and robotics. Scene Coordinate Regression (SCR)
exhibits leading pose accuracy, achieving impressive results
in learning-based localization. We observe that the real-
world LiDAR scans captured from different viewpoints usu-
ally result in the catastrophic collapse of SCR. However, ex-
isting LiDAR localization methods have largely overlooked
the issue of rotation sensitivity in SCR. In this paper, we
present RALoc, an outdoor LiDAR localization method with
rotation awareness to achieve accurate localization. The
key to our approach is to design a Point Cloud Canon-
icalization module, which leverages a powerful equivari-
ant key feature aggregation to transform the input LiDAR
scan towards a consistent orientation, effectively eliminat-
ing the adverse effects of rotation. This proposed module
has promising scalability and can be seamlessly integrated
with the existing LiDAR localization network. Moreover,
we propose the Bidirectional LiDAR Localization (BiLiLo)
dataset as a benchmark to evaluate the performance of var-
ious methods in large outdoor scenes with significant ro-
tation changes. Extensive experiments show that RALoc
significantly improves localization performance in scenar-
ios with large rotation changes, and also achieves compet-
itive performance in the Oxford Radar RobotCar dataset.
Our project is available at https://etheryangyy.
github.io/raloc.github. io.

1. Introduction

LiDAR localization is a crucial task that plays an impor-
tant role in various applications, such as autonomous driv-
ing [34], robotics and augmented reality. The objective of
LiDAR localization is to use the point cloud of the scene
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Figure 1. Teaser. This paper primarily investigates the problem
of rotation-robust LiDAR localization. We present ground truth
and predicted trajectories on the collected rotation changes dataset.
Left: the forward trajectory (aligned with the training set driving
direction). Right: the reverse trajectory (completely opposite to
the training set driving direction). Compared to the current state-
of-the-art method, LiSA [55], RALoc retains high accuracy in the
forward trajectory and avoids catastrophic failures due to rotation
in the reverse trajectory.

captured by the LiDAR as input and output its 6 degrees-of-
freedom (DoF) pose. However, due to uneven data quality
(e.g., noise distribution, non-uniform density, and varying
viewing angles), it remains challenging to estimate accurate
6-DoF pose in large-scale real-world applications.

Most existing methods [12, 27, 45, 54] typically fol-
low the retrieval-registration paradigm for self-localization,
which involves retrieving candidate scenes from a database,
verifying their correctness, and subsequently estimating the
6-DoF relative pose via point cloud registration [35, 40].
However, when dealing with a large amount of LiDAR point
cloud data, this approach not only imposes significant de-
mands on storage and communication resources, but also
struggles to achieve efficient localization from scratch [57].

Learning-based regression has been shown to be a
promising research direction to address the aforementioned
issues by memorizing specific scenes within a neural net-
work [57]. Existing methods can be categorized into Abso-
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Figure 2. Motivation. (a) The rotation problems caused by chang-

ing lanes, turning, and reversing. (b) The impact of Yaw angle
variation on LiSA’s [55] recall rate within 5 meters and 3 degrees.

lute Pose Regression (APR) and Scene Coordinate Regres-
sion (SCR). APR [25, 31, 50] directly estimates the global
pose of the sensor in an end-to-end manner. Despite its
effectiveness, sub-optimal results are achieved due to the
highly abstract global feature used to represent the scene.
Unlike the APR method, the SCR [7-9, 30] technique re-
gresses the correspondences between the point cloud in the
LiDAR coordinate and the world coordinate frame, fol-
lowed by RANSAC [19] algorithm to estimate a precise 6-
DoF pose. By explicitly capturing scene geometry, SCR
achieves significant performance improvements.

Nonetheless, as shown in the right side of Fig. 1, we
observe that the learning-based regression method suffers
from catastrophic collapse due to large viewpoint discrep-
ancies when the scanned point cloud is rotated relative to
the training data. In practical applications, factors such as
oncoming traffic, lane changes, and turns often result in un-
predictable changes in vehicle direction. To illustrate the
effect of rotation changes, we take a recently proposed su-
perior method, LiSA [55], to uncover this problem. As
shown in Fig. 2, we conducted a pilot study with vari-
ous rotation changes and recorded the localization recall.
Specifically, we randomly rotate the query point cloud by
the Yaw axis to simulate the challenge of a real driving
scenario. Clearly, recall decreases significantly as the ro-
tation increases. When rotations exceed 30 degrees, the re-
call drops below 1%, indicating that localization algorithms
fail in such cases. These experiments demonstrate that rota-
tion changes negatively impact the performance of existing
localization models.

We believe that the main reason is that the neural net-
work used lacks robustness to rotations [47]. Although
data augmentation can improve the rotational robustness of
networks to some extent, it compromises the overall per-
formance of the network and necessitates larger capacities
along with more complex architectures [1, 6, 52]. In con-
trast, equivariant models [38, 39] provide a strong induc-
tive bias for the network, which is expected to fundamen-
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tally address the issue of regression methods being sensi-
tive to rotations. Furthermore, we found that test scenarios
in commonly used benchmarks [4, 11] are relatively simple
and rarely account for situations where the vehicle direc-
tion changes. To close this gap, we contribute a large-scale
outdoor localization dataset with substantial rotation varia-
tions, which can offer a more accurate basis for assessing
model robustness under real-world conditions.

In this paper, we propose a novel localization framework,
RALoc, to address the issue of current LiDAR localization
models being vulnerable to rotations. Explicitly, we intro-
duce an equivariant network to canonicalize the input point
clouds. Additionally, to address the presence of noise inter-
ference in outdoor LiDAR localization tasks, we design an
equivariant key feature aggregation module that effectively
extracts scene features to better capture rotation changes.
Moreover, to evaluate the rotational robustness of SCR in
real-world driving scenarios, we establish equipment setups
and collect a large-scale outdoor LiDAR localization dataset
characterized by significant rotational variations.

Our contributions can be summarized as follows:

* We reveal that learning-based regression methods are
sensitive to rotation changes, which greatly weakens
their localization performance in real-world applica-
tions. To this end, we propose RALoc, the first attempt
to introduce an equivariant network to SCR.

We introduce a novel equivariant key feature aggre-
gation module designed to mitigate interference from
noisy point clouds, enhancing our approach with ro-
bust rotation-equivariant awareness.

We collect a large-scale outdoor LiDAR localization
dataset with significant rotation variations, providing
an effective benchmark to facilitate related research.
Extensive experiments on the proposed rotation chal-
lenge and Oxford Radar RobotCar [4] datasets demon-
strate the effectiveness of our method. In particular, we
show that RALoc achieves robust performance even
with significant rotational variations (see Fig. 1).

2. Related work

2.1. Conventional Localization

Conventional localization methods aim to match the query
point cloud with a pre-built 3D map, which can be classi-
fied into retrieval-based methods [29, 48, 53] and matching-
based methods [23, 42, 46]. Retrieval-based methods cast
localization as a problem of place recognition, which re-
quires a pre-built database with feature descriptors and
relies on querying the most similar point cloud in the
database [37, 59]. Matching-based methods are typically
based on either searching for similar frames in a pre-built
global descriptor database or 3D point clouds and match
features between the query frame and the map [2, 33]. Both
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Figure 3. The pipeline of RALoc. RALoc consists of two main components: (1) the Point Cloud Canonicalization (PCC) network and (2)
the Scene Coordinate Regression (SCR) network. Specifically, the PCC network captured from various rotations in the scene to a canonical
view. The canonicalized point clouds are then fed into the SCR network, which outputs the 6-DoF pose.

methods depend on pre-stored maps, resulting in challenges
related to storage and communication.

2.2. Regression-based Localization

Recent advances in deep learning have spurred interest
in regression-based localization methods that directly pre-
dict 6-DoF poses end-to-end. PoseNet [25] is a widely
used APR method that regresses camera poses via a fea-
ture encoder and regressor. Given LiDAR’s robustness to
lighting and weather, APR has also been extended to Li-
DAR [58]. PointLoc [50] introduced LiDAR-based APR,
and HypLiLoc [49] leveraged multi-level features to cap-
ture richer scene characteristics. DiffLoc [31] improved
accuracy by transforming the pose regression process into
multiple iterative steps through the diffusion model [22].
However, as mentioned in [30, 44], APR methods focus
on high-dimensional pose-feature mappings, like retrieval-
based techniques, but overlook scene geometry, limiting
their accuracy. To address this issue, SCR predicts the coor-
dinates of each point in the world coordinate, effectively en-
coding scene geometry. Ultimately, RANSAC is used to es-
timate the pose. SGLoc [30] is the first to incorporate SCR
into LiDAR localization, followed by LiSA [55], which mit-
igates the impact of disruptive points in the scene by intro-
ducing semantic information, further enhancing accuracy.
Although APR and SCR have achieved commendable ac-
curacy in LiDAR localization, these methods struggle with
rotation-related issues in realistic scenarios.
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2.3. SO(3)-Equivariant Network

With growing performance issues due to rotation, equiv-
ariant networks have seen notable advances in recent
years [14, 20, 32, 43, 51, 56]. Although data augmenta-
tion can mitigate rotation issues during training, this of-
ten affects the overall performance of the model when
dealing with large datasets [6, 38, 52]. Therefore, main-
taining rotational equivariance is essential when process-
ing point cloud data. Various studies [13, 36, 61] have
effectively addressed this problem through different ap-
proaches. Among them, the Vector Neurons [16] (VNN)
is a lightweight equivariant framework that integrates well
with existing point cloud processing networks, and many
subsequent works [3, 24, 60] have expanded upon it. Con-
sequently, we have constructed an equivariant network for
processing outdoor LiDAR point clouds using VNN as the
foundation. Moreover, we design an equivariant key feature
aggregation module to further boost rotation robustness.

3. Method

Recent SCR methods [30, 55] have achieved impressive re-
sults in outdoor LiDAR localization. However, in scenar-
ios with vehicular trajectory variations, as shown in Fig. 2
(a), they fail due to rotational deviations between scanned
point clouds and the training data. In this paper, we propose
RALoc, which utilizes the equivariant network to solve the
problem of rotation sensitivity by point cloud canonicaliza-



tion (Sec. 3.1). In addition, to evaluate the rotation robust-
ness of localization methods in the real driving scenario, we
propose a large-scale outdoor dataset with significant rota-
tion variations (Sec. 3.2).

3.1. RALoc

We now introduce RALoc, as shown in Fig. 3, which can be
divided into (1) Point Cloud Canonicalization (PCC): align-
ing LiDAR point cloud data with different orientations, ef-
ficiently sensing rotations through an equivariant network,
and reorienting the LiDAR point clouds accordingly. (2)
Scene Coordinate Regression (SCR): estimate the global
pose by matching the scanned point cloud to the regressed
point cloud in the world coordinate [30].

In this work, we design a VNN-based [16] equivari-

ant network to implement PCC. This network extracts
LiDAR point cloud features using VN-MLP, aggregates
scene features through Equivariant Key Feature Aggrega-
tion (EKFA), and then regresses the rotation matrix with
respect to scene rotation changes.
Point cloud canonicalization. Here we formulate the
framework of PCC. For point clouds captured from diverse
orientations, we aim to align them into a consistent refer-
ence frame, termed as the canonicalization coordinate.

To establish this coordinate, we leverage the trajectory
data from the training set. For a fixed position in the scene,
the canonicalization coordinate is defined as the orientation
of the LiDAR at that position in the training set.

Specifically, given a point cloud scanned from arbitrary
vehicle direction Rz, where R € SO (3), z € RV *3 repre-
sent the point cloud in the LiDAR coordinate, PCC can be
represented as follows:

PCC (Rz) = ¢ (Rz)”" Rz, (1)
where ¢ denotes a VNN-based equivariant network. This
network ensures that the PCC produces consistent outputs
by leveraging the properties of equivariant networks:

¢ (Rr) = Ro (x) . 2

As shown in Fig. 3, we utilize the equivariant network
to perceive the rotational state of the vehicle at the feature
level, and regress the matrix. Then, we use the Schmidt
orthogonalization, which is also equivariant (as proved in
the supplementary), to ensure its a rotation matrix. Finally,
we apply the inverse transformation of this rotation to the
input point cloud, resulting in a canonical point cloud. This
canonical point cloud can then be fed into the subsequent
LiDAR localization network, enhancing the robustness of
the localization network against rotation. More details on
the architecture can be found in the supplementary.
Equivariant key feature aggregation. As described
above, the task of equivariant network ¢ is to ensure that
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Figure 4. Equivariant Key Feature Aggregation (EKFA) module.

point clouds scanned from different orientations of the same
scene exhibit the same rotational relationship in their ex-
tracted equivariant features. However, due to the challenges
of outdoor scenes, such as dynamic objects, not all points
benefit the extraction of robust features [55]. Therefore, to
effectively select the useful features, we introduce an equiv-
ariant key feature aggregation module.

As shown in Fig. 4, the EKFA module takes the equivari-
ant features Fj,, € RE*3*N ag input. We first use VN-MLP
to generate features, denoted as @), K, and V, each with the
same dimension of Fj,,. Then, to ensure strict equivariance,
we compute the Frobenius inner product [3] of @) and K,
divide it by v/3C, and apply softmax to obtain the attention
matrix A. This process can be expressed as follows:

<QaK>F) ’

V3C
where ( - ) is the Frobenius inner product, which is rota-
tion invariant. The square root of the vector neurons fea-
tures dimension count \/?f serves as a scaling factor, and
the shape of Ais NV x N.

To obtain the aggregation weights I/, we sum the atten-
tion matrix A along its last dimension (i.e., across columns),
sort W € R¥ in descending order, and select the top k in-
dices to construct a key feature mask A’ from A:

A = Softmax ( 3)

idx = topk(W), 4)

®)

Finally, we perform a matrix multiplication with V' to
obtain aggregated features enriched with key information
after filtering out scene noise. The output can be expressed
by matrix multiplication:

A" = Alidx, ).

Foue =V x A" (©6)

Scene coordinate regression. After obtaining the canon-
icalized point cloud, the next step is to input it into SCR,
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Figure 5. We scan point clouds and record ground truth using a
vehicle equipped with an Ouster OS1-64 spanning LiDAR and a
M39 GPS/IMU device. Coordinate frames illustrate the direction
of each sensor on the vehicle with the convention: X-axis (red),
Y-axis ( ), and Z-axis (blue).

SGLoc [30] in this work, to get the global pose. Specif-
ically, SCR regresses the corresponding point cloud in the
world coordinate, and matches them inside a RANSAC loop
for robust pose estimation.

Loss function. The output of RALoc consists of canon-
icalized point clouds and poses. Therefore, the total loss
function £ should contain both canonicalization £,.. and
regression L., components. Following the definition of
previous work [24, 38]. We choose the original LiDAR co-
ordinate system in the training data as the canonical orien-
tation, and utilize £,.. to keep point cloud canonicaliza-
tion output point cloud orientation as constant as possible.
Specifically, we use Mean Squared Error loss to optimize
the point cloud canonicalization:

1 n
Lpec =~ > (R.—1)*,R. € SO;,

i=1

)

where the rotation matrix R. is obtained by applying
Schmidt orthogonalization to the equivariant features and
I denotes the identity matrix.

For the pose estimation, we employ L4 loss to guide SCR
prediction correspondences to achieve localization.

The overall loss function of the entire network is:

L= >\1£Teg + )\2£pcca (8)

where \; and A, are hyper-parameters to balance the losses.

3.2. Dataset

At first glance, SCR yields satisfactory results. However,
accuracy degrades markedly with changes in vehicle orien-
tation (see Fig. 2 (a)). In real-world settings, avoiding such
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Dataset LiDAR GT Reverse  Unobstructed view Long Interval
KITTI [21] 1x64  GPS/IMU X X
Oxford [4] 2x32  GPS/IMU X X X
NCLT [11] 1x32 SLAM X

Boreas [10] 1x128 GPS/IMU X

MulRan [26] 1x64 SLAM X X
BiLiLo (Ours) 1x64  GPS/IMU

Table 1. Related Datasets. GT: Ground truth poses. Reverse:
Presence of trajectories in the opposite direction. Unobstructed
View: Minimal obstructions in the LIDAR’s field of view. Long
Interval: Extended time intervals between data collections.

directional shifts during lane changes and turns proves diffi-
cult (Fig. 2 (b)). Due to the lack of localization datasets with
significant directional variation, previous work [18] simu-
lates these situations by rotating point clouds. While these
simulations can somewhat validate the model’s robustness
to rotation, there are still discrepancies with the real scanned
data, such as missing data caused by changes in scanning
direction, etc. This motivates us to create a dataset with sig-
nificant rotation changes in real-world scenarios to better
evaluate existing methods.

Sensors setup. Our dataset mainly consists of two sensors,
as shown in Fig. 5, including (1) Ouster OS1-64, a 64-beam
spinning LiDAR to collect point cloud data, and (2) M39, a
GPS/IMU device, to obtain the ego-motion pose. We set the
FOV, resolution, and FPS as [-22.5°, 22.5°], 64*1024 and
10, respectively. The FPS of M39 is set to 200, to provide
dense and smoothing trajectories. We design a rigid support
system for securing sensors to ensure reliably.

Sensors calibration. Following KITTI [21]. We use
ICP [5] to accurately register point clouds of a parking se-
quence, which provides a wide variety of orientations and
translations essential for effectively conditioning the mini-
mization problem. Next, we randomly sample 1,000 pairs
of poses from this sequence and obtain the desired result
using [17] to achieve LiDAR-to-GPS/IMU calibration.
Target environments. Our dataset is collected in a cam-
pus environment featuring multiple distinguishable struc-
tures and a broad field of view. To assess the robustness
of localization methods against translation and rotation, we
deliberately incorporated multiple reverse revisits and revis-
its with lane-level translations.

Furthermore, to enhance data diversity, the collection pe-
riod spanned both high-traffic intervals between classes and
low-traffic periods during class sessions on campus. Note
that we include two reverse trajectories, which pose chal-
lenges for localization due to missing data resulting from
changes in scanning direction.

The dataset comprises 8 sequences for training and test-
ing, each approximately 10 kilometers long, including 6 for-
ward trajectories and 2 reverse trajectories. More details can
be found in the supplementary.

Comparison with other datasets. Tab. | summarizes the



Methods SO(3) Rotation Augmentation Without Augmentation
DiffLoc SGLoc LiSA DiffLoc SGLoc LiSA RALoc
15-13-06-37 | 4.87m, 1.62°  3.79m, 5.58°  3.78m, 5.83° | 4.09m, 1.58° 45.82m, 27.77° 52.81m, 21.47° 3.17m, 4.08°
17-13-26-39 | 7.35m, 2.01°  4.44m, 5.00° 4.48m, 4.92° | 4.17m, 1.30°  42.59m, 25.14°  56.02m, 22.89°  3.87m, 3.96°
17-14-03-00 | 6.52m, 2.14°  3.66m, 4.98° 3.93m, 5.22° | 4.61m, 1.26° 41.05m, 25.32° 50.65m, 22.54°  3.32m, 3.83°
18-14-14-42 | 3.83m, 1.43°  2.76m, 4.38°  2.90m, 4.25° | 3.22m, 1.23°  38.51m, 24.75° 51.25m, 21.94°  2.58m, 3.70°
Average 5.64m, 1.80°  3.66m, 4.99° 3.77m, 5.06° | 4.02m, 1.34°  41.99m, 25.75° 52.68m, 22.21°  3.24m, 3.89°

Table 2. Quantitative results on the Oxford dataset with small rotation. Mean position error (m) and mean orientation error (°) are
reported, with best results in bold and second best results underlined. Here, small rotation refers to a random rotation of [-10°, 10°]
degrees applied to Roll, Pitch, and Yaw axes. SO(3) rotation augmentation involves random rotations of training data within [-180°, 180°].

SO(3) Rotation Augmentation

Without Augmentation

Methods DiffLoc SGLoc TiSA DiffLoc SGLoc LiSA RALoc
15-13-06-37 | 4.90m, 1.61°  4.18m, 5.66°  3.66m, 5.43° | 122.70m, 43.57°  341.79m, 94.04° 332.43m, 79.40°  3.19m, 4.07°
17-13-26-39 | 8.03m, 2.09°  4.55m, 5.05° 4.64m, 5.04° | 153.37m,43.03°  341.70m, 89.57° 324.07m, 76.47°  3.87m, 3.96°
17-14-03-00 | 7.05m,2.26° 3.70m, 5.11°  4.00m, 5.37° | 138.43m, 43.16° 334.34m, 88.43°  323.45m,76.94°  3.33m, 3.88°
18-14-14-42 | 4.11m, 1.52°  2.82m, 4.45° 2.94m,4.38° | 129.65m, 41.08° 343.08m, 91.18°  336.76m, 78.59°  2.58m, 3.73°

Average | 6.02m, 1.87° 3.81m, 5.07° 3.81m, 5.06° | 136.04m, 42.71° 340.23m, 90.81°  329.18m, 77.85°  3.24m, 3.91°

Table 3. Quantitative results on the Oxford dataset with large rotation. Mean position error (m) and mean orientation error (°) are
reported, with best results in bold and second best results underlined. Here, large rotation refers to a random rotation of [-180°, 180°]
degrees applied to the Yaw axis. SO(3) rotation augmentation involves random rotations of training data within [-180°, 180°].

comparison of our dataset with the existing widely used
datasets. Our objective is to verify the method’s robust-
ness to rotation by collecting datasets with rotation changes.
Compared to Oxford Radar Robotcar [4] and NCLT [11],
which are widely used for localization evaluation, we pro-
vide multiple reverse trajectories. MulRan [26] offers re-
verse direction data but suffers from Radar occlusion that
restricts visibility and challenges localization consistency.
In contrast, our dataset emphasizes the following features:
(1) sensors are vertically mounted to reduce inter-sensor oc-
clusions, ensuring near-complete 360-degree scene cover-
age. (2) data collection spans three months, offering diverse
conditions for a robust evaluation of localization methods.
See the supplementary for detailed comparisons.

4. Experment

4.1. Setup

Datasets and metrics. We evaluate RALoc for LiDAR
localization on two large-scale outdoor datasets: Oxford
Radar RobotCar [4] and BiLiLo datasets. During the eval-
uation, we select the mean position and orientation error as
the evaluation metrics.

Oxford Radar RobotCar. The Oxford Radar RobotCar
(Oxford) dataset is a critical benchmark for urban scene
localization. It covers a 2 km? area, with each trajectory
spanning nearly 10 km. The dataset collects data from mul-
tiple sensors, such as LIDAR, cameras, radar, and GPS/INS.
Our method only utilizes the information from LiDAR. The
Oxford dataset captures a wide range of traffic conditions,
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making it an ideal resource for evaluating LiDAR-based lo-
calization models. Following previous works [30, 31, 55],
we use data from 11-14-02-26, 14-12-05-52, 14-14-48-55,
and 18-15-20-12 for training, and data from 15-13-06-37,
17-13-26-39, 17-14-03-00, and 18-14-14-42 for testing.

BiLiLo. Our collected BiLiLo dataset is an outdoor cam-
pus scene localization benchmark, where each trajectory
is nearly 10 km in length. It contains 8 trajectories ob-
tained through LiDAR, with 2 trajectories specifically de-
signed to have driving directions entirely opposite to the
others. This makes the BiLiLo dataset a complementary re-
source to other localization datasets, enabling a more com-
prehensive evaluation of model performance across various
aspects. We use the data from 11-28-11-20, 11-28-14-54,
11-28-15-26, and 12-06-13-57 for training, and data from
12-06-10-30, 12-06-10-59, 03-04-16-04, and 03-04-16-29
for testing, where the last two trajectories in each set are
reverse data. Note the naming convention for the trajecto-
ries is based on the data collection start time, formatted as
month-date-hour-minute.

Implementation. RALoc is implemented by Pytorch [41]
and Spconv [15]. We conduct our experiments on a server
equipped with an Intel Xeon(R) Gold 6342 CPU, and 4
NVIDIA RTX 4090 GPUs. For the point cloud canoni-
calization process, we randomly down sample 4,096 point
clouds from the scene as input, and the subsequent LiDAR
localization network is based on SGLoc. During training,
we use the Adam [28] optimizer with a learning rate of
0.002 and a batch size of 120. On Oxford Radar Robot-
Car dataset, we set EKFA with k£ = 2048, and set the loss



Methods SO(3) Rotation Augmentation Without Augmentation
DiffLoc SGLoc LiSA DiffLoc SGLoc LiSA RALoc
15-13-06-37 | 4.88m, 1.62° 4.42m, 6.17° 3.77m, 5.81° | 3.57m, 0.88° 3.0lm, 1.91° 2.36m, 1.29° 3.19m, 4.10°
17-13-26-39 | 7.89m, 2.01° 4.62m, 5.60°  4.58m, 5.47° | 3.65m, 0.68° 4.07m,2.07° 3.47m, 1.43° 3.87m, 3.96°
17-14-03-00 | 7.16m,2.26° 3.84m, 5.63° 4.08m, 5.67° | 4.03m, 0.70° 3.37m, 1.89° 3.19m, 1.34°  3.32m, 3.87°
18-14-14-42 | 4.22m, 1.40°  2.89m, 4.83°  3.05m, 4.67° | 2.86m, 0.60° 2.12m, 1.66° 1.95m, 1.23°  2.59m, 3.71°
Average 6.04m, 1.82°  3.94m, 5.56° 3.87m,5.41° | 3.53m, 0.72° 3.14m, 1.88° 2.74m, 1.32°  3.24m, 3.91°

Table 4. Quantitative results on the Oxford dataset without rotation. Mean position error (m) and mean orientation error (°) for various
methods are reported, with best results in bold and second best results underlined. SO(3) rotation augmentation involves random rotations
of training data along Roll, Pitch, and Yaw axes within [-180°, 180°].

Methods SO(3) Rotation Augmentation Without Augmentation
DiffLoc SGLoc LiSA DiffLoc SGLoc LiSA RALoc
12-06-10-30 | 6.93m, 10.26° 3.35m, 2.93° 2.87m, 1.96° 2.78m, 0.77° 2.14m, 1.81° 1.92m, 1.02° 1.91m, 2.90°
12-06-10-59 | 6.69m, 9.66° 3.29m, 2.88° 2.73m, 1.80° 2.62m, 0.73° 2.13m, 1.69° 1.85m, 0.96° 1.89m, 2.75°
03-04-16-04 | 27.99m, 23.75° 10.12m, 10.47° 24.93m, 62.85° | 383.85m, 72.70° 379.96m, 90.73°  322.93m, 94.56°  5.24m, 9.59°
03-04-16-29 | 45.61m, 29.46° 11.08m, 13.60° 27.66m, 66.42° | 395.29m, 78.82° 378.96m, 92.43°  322.32m, 95.81°  6.97m, 11.02°
Average 21.81m, 18.28°  6.96m, 7.47°  14.55m, 33.26° | 196.14m, 38.26° 190.80m, 46.67°  162.26m, 48.09°  4.00m, 6.57°

Table 5. Quantitative results on the BiLiLo dataset. Mean position error (m) and mean orientation error (°) for various methods are
reported, with best results in bold and second best results underlined. SO(3) rotation augmentation involves random rotations of training
data along Yaw, Pitch, and Roll axes within [-180°, 180°]. The red-marked trajectories are aligned with the overall driving direction during

training, while the blue ones are in the reverse direction.

weights to A\; = 1, A2 = 1200. On BiLiLo dataset, we set k
=512, Ay =1 and A, = 1600.

Baselines. To more effectively evaluate our model’s per-
formance, we select several representative and competitive
baselines. For the APR method, we include the current
state-of-the-art DiffLoc [31] for comprehensive compari-
son. For the SCR method, we choose SGLoc [30] and
LiSA [55], where LiSA incorporates semantics into SGLoc
through distillation while preserving a consistent frame-
work. Note LiSA is the current state-of-the-art regression-
based LiDAR localization method.

4.2. Results

Results on Oxford with Rotation. In this experiment, we
introduce random rotations within 10 degrees in Roll, Pitch,
and Yaw axes to the point cloud. Tab. 2 presents quan-
titative results on the Oxford dataset with small rotations
(within [-10°, 10°]), comparing baseline performance with-
out augmentation to results with random rotation augmen-
tation applied during training. RALoc achieves an average
error of 3.24m/3.89°. It is clear that the results of the previ-
ous method experienced a significant decline without the in-
troduction of rotation augmentation. Even after introducing
data augmentation, our method still outperforms our base-
line, SGLoc, with 3.24m/3.89° vs 3.66m/4.99°.
Additionally, to account for the potential need for fre-
quent direction changes during vehicle operation, we ap-
ply random rotations around the Yaw axis (within [-180°,
180°]) to the point clouds and adjust the ground-truth val-
ues accordingly. As shown in Tab. 3, RALoc achieves

yiml
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Figure 6. Visualization of different methods on BiLiLo. We
select a reverse trajectory for testing. The black and red points
represent the ground-truth and estimation poses, respectively, and
the star indicates the first frame. The caption of each subfigure
shows the mean position error (m) and orientation error (°).

3.24m/3.91°, reaching state-of-the-art performance in po-
sition, with no observable accuracy loss compared to pre-
vious evaluations. This result effectively demonstrates our
model’s resilience to significant rotational changes.

Results on Oxford. We also evaluate RALoc on the Ox-
ford dataset without rotation interference. Tab. 4 reports
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the results of RALoc and all other baselines with and with-
out random rotation augmentation during training. RALoc
achieves 3.24m/3.91° average error. Although the proposed
method shows a decrease in orientation accuracy compared
to our baseline, SGLoc, it becomes more robust across var-
ious rotation scenarios. SGLoc has significantly lower ac-
curacy than us after adding rotation augmentation. Mean-
while, our method is not significantly affected in terms of
position accuracy and even outperforms our baseline on cer-
tain trajectories.

Results on BiLiLo. As mentioned earlier, simulated exper-
iments struggle to comprehensively evaluate model perfor-
mance, so we collected a real dataset with significant rota-
tional variations for validation. Tab. 5 presents the evalua-
tion results on the BiLiLo dataset. In particular, trajectories
03-04-16-04 and 03-04-16-29 have driving directions en-
tirely opposite to the training data, enabling a rigorous eval-
uation of each model’s rotational robustness. Our method
achieves 4.00m/6.57° average error. Compared to previ-
ous methods, RALoc achieves a substantial improvement
in position accuracy on the forward trajectories, reaching
state-of-the-art performance. On the reverse trajectories,
our model produces superior results, significantly outper-
forming other baselines.

Fig. 6 illustrates the qualitative results of compartments

with rotation augmentation on trajectory 03-04-16-04 with
mean position error (m) and orientation error (°). It is clear
that RALoc offers a clean trajectory, indicating its capacity
to produce more robust results.
Speed and parameter. Real-time performance is a criti-
cal metric for localization tasks. Given that commonly used
LiDAR sensors operate at a frequency of 20Hz, our infer-
ence time must remain below 50ms. We quantitatively eval-
uate the inference speed and parameter count of our pro-
posed model, RALoc. The average inference time on the
two datasets is 26ms. Additionally, in terms of total pa-
rameter count, we employ a relatively lightweight approach
to achieve equivariance in the localization model. This
requires only an additional 0.4M parameters compared to
SGLoc, representing an increase of only 0.0043%.

4.3. Ablation study

Study on Rotation Augmentation. As shown in Tab. 6
between Row 1 and Row 2, using data augmentation can,
to some extent, mitigate catastrophic performance losses
caused by rotation. However, as shown in Tab. 5, for the
normal trajectories, it also brings a negative impact. By con-
trast, our method (Row 4, Tab. 6), outperforms it, achieving
4.00m/6.57° vs. 6.96m/7.47°, while avoiding significant lo-
calization accuracy losses on normal trajectories. These re-
sults highlight the superior robustness of our approach.

Study on PCC. We further conduct ablation experiments to
demonstrate the importance of PCC. The comparison be-
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‘ Augmentation PCC EKFA Average
1 190.80m, 46.67°
2 v 6.96m, 7.47°
3 v 5.79m, 8.02°
4 v v 4.00m, 6.57°

Table 6. Ablation study on the BiLiLo dataset. Augmenta-
tion: using data augmentation to increase the rotational diversity
of training data. PCC: using Point Cloud Canonicalization process
to perceptive rotation and align point cloud into canonicalization
coordinate. EKFA: using Equivariant Key Feature Aggregation
module to guide feature aggregation.

tween Row 1 and Row 3 show PCC can solve the chal-
lenges brought by rotation changes. Moreover, from Row
2 and Row 3, when compared to data augmentation, PCC
also takes an average improvement of 16.8% on position
accuracy. This shows that PCC can get a better result than
rotation augmentation.

Study on EKFA. We evaluate the EKFA module’s impact
on handling noise in real-world LiDAR point clouds. The
EKFA module is designed to mitigate scene noise, aiming
to enhance the equivariant network’s robustness to rotation
and reduce noise-induced localization errors. Compared
to Row 3 and Row 4, it yields a process of 30.9%/18.1%
on position and orientation accuracy, respectively. Com-
pared to the data augmentation, it also get an improvement
of 42.5%/12.0%. Moreover, as shown in Tab. 5, integrat-
ing EKFA into PCC improves position accuracy by an aver-
age of 11.0% on normal trajectories compared to the vanilla
method (SGLoc in this paper). These results show that the
EKFA module effectively extracts scene-relevant informa-
tion, reducing noise impact on the equivariant network and
enhancing localization robustness.

5. Conclusion

In this paper, we reveal that current learning-based regres-
sion methods are sensitive to rotations, resulting in signifi-
cant accuracy loss under rotational conditions. We propose
RALoc, a novel rotation-robust scene coordinate regression
framework for LiDAR-based localization. To more realis-
tically evaluate the rotational robustness of the localization
method, we establish equipment setups and collect a large-
scale outdoor localization dataset, BiLiLo, with signifi-
cant rotational variations. Extensive experiments demon-
strate that the proposed RALoc significantly outperforms
the state-of-the-art methods in scenarios with large rota-
tions. In the future, we aim to enhance the training effi-
ciency of RALoc and integrate multimodal information to
further improve localization accuracy.
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