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Abstract— We present AGL-NET, a novel learning-based
method for global localization using LiDAR point clouds
and satellite maps. AGL-NET tackles two critical challenges:
bridging the representation gap between image and points
modalities for robust feature matching, and handling inherent
scale discrepancies between global view and local view. To
address these challenges, AGL-NET leverages a unified network
architecture with a novel two-stage matching design. The first
stage extracts informative neural features directly from raw
sensor data and performs initial feature matching. The second
stage refines this matching process by extracting informative
skeleton features and incorporating a novel scale alignment
step to rectify scale variations between LiDAR and map
data. Furthermore, a novel scale and skeleton loss function
guides the network toward learning scale-invariant feature
representations, eliminating the need for pre-processing satellite
maps. This significantly improves real-world applicability in
scenarios with unknown map scales. To facilitate rigorous
performance evaluation, we introduce a meticulously designed
dataset within the CARLA simulator specifically tailored for
metric localization training and assessment.

I. INTRODUCTION

Robotic navigation has been studied extensively in au-
tonomous driving, mobile robotics and related applications.
This includes new algorithms for many underlying problems,
including collision avoidance [1], [2], trajectory smooth-
ness [3], energy efficiency [4], off-road safety [5], [6], [7],
etc. Many approaches have been proposed for local and
global planning. The latter include techniques based on using
global waypoints and localization [8]. However, it is hard
to develop global navigation methods over larger areas in
real-world scenes. This is due to missing details in the
representations used for the scene [9], [10], or the dynamic
nature of the physical world [11], [12].

One major challenge of global navigation is global local-
ization [13], as the robot needs to constantly know its precise
location in the physical world relative to the global map in-
formation or coordinate systems. Maintaining this awareness
is difficult without accurate GPS sensors or correspondence
between the robot’s local sensors and the global map. While
the position estimation can converge as a robot navigates
in the environment using continuous noisy GPS or prior
location [14] estimated using Monte Carlo localization [15],
[16], the convergence could still take a long time if the pose
estimation at each time step is unreliable, which can be the
bottleneck of the overall performance.

An alternative to GPS-based localization involves using
local observations to identify a robot’s position within a city-
scale map. However, this approach introduces several chal-
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Fig. 1: Overview of global localization and proposed AGL-NET:
Utilizing a local ground LiDAR and an aerial-view map, our goal
is to identify the corresponding position and orientation of ground
observations relative to the map. This task presents two significant
challenges: cross-modality matching and varying scales of the map.
To address these, our method employs a unified network designed to
process both point and image modalities, while explicitly managing
the scale discrepancies between ground and aerial views. Our
assumption of an unknown scale not only distinguishes our method
from previous approaches [17], [18], but also introduces a more
challenging task.

lenges: First, matching and registration between a local scan
and city-wide map is difficult and time-consuming as the
overlapping region of those data is small [19]. As more map
regions are included, the possibility of false positive pose
estimations also increases due to increased potential similar
match pairs. Second, there is a representation and modality
gap between local observation and the global map, and the
global map could be out-of-date [9], which would not provide
consistent and up-to-date local details for accurate matching
with real-time local observations in navigation application.
Finally, there is a lack of reliable sources to provide accurate
global localization ground truth for matching tasks due to the
unreliability of GPS data [20].

Our work aims to address these challenges by developing a
method that precisely computes the position and orientation
of mobile robots or vehicles on the 2D map frame using
a single LiDAR observation. While previous studies have
explored similar objectives, but often rely on additional
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Fig. 2: Data diversity from CARLA simulator for global localization: We show the overhead image and LiDAR points in red in their
corresponding location. In each pair, we show images on the same area with different scales (a, b, d, e), orientations(c, f), and lighting
conditions (f). Since the data from the ground and air might be collected at different times, part of the LiDAR points would not correspond
to dynamic objects (cars, etc.) in the aerial view, but static objects (buildings, etc.) can match well with the ground scan.

information such as accurate semantic segmentation ground
truths [16], [21], access to OpenStreetMap [14], or pre-
identified landmarks [22] within well-explored areas. Addi-
tionally, some methods [17], [18] process LiDAR data into
image patches that match the scale and resolution of over-
head maps, aiming to enhance localization accuracy through
these adapted representations. Our goal is to overcome these
limitations by developing an approach that does not rely on
such ideal or specific conditions, making it adaptable for use
in a wide range of real-world applications.
Main Contribution: In this paper, we present AGL-NET a
novel learning-based method for metric-based global local-
ization that leverages LiDAR scans and satellite imagery. As
shown in Figure 1, AGL-NET tackles the critical challenge
of cross-modal matching between these multi-modal sensor
data, and unknown scales of the global and local observa-
tions. The key contributions of our work include:

1) We propose a novel-designed two-stage matching net-
work architecture, AGL-NET, to bridge the inherent
semantic gap and rectify scale discrepancies between
LiDAR and satellite map data. We propose to further
match the skeleton feature which offers a more compact
and robust representation compared to raw neural fea-
tures. A novel scale alignment approach is embedded
within our method to rectify scale variations between
the LiDAR and map data, leading to more accurate and
robust localization.

2) We introduce a scale and skeleton loss function during
network training. This loss function plays a crucial role
in guiding the network towards learning scale-invariant
feature representations. This eliminates the need for
pre-processing satellite maps, significantly enhancing
real-world applicability in scenarios with unknown map
scales and resolutions.

3) We create a dataset collected in CARLA [23] simula-
tor specifically tailored for global localization utilizing
local LiDAR scan and 2D overhead map. Unlike real-

world datasets with limited ground truth information,
ours leverages simulation data to provide highly accu-
rate ground truth transformations between ground and
aerial frames.

4) We demonstrate AGL-NET’s superior performance in
camera pose estimation compared to existing state-
of-the-art methods [14] on the KITTI and CARLA
datasets. Notably, AGL-NET achieves a significant 9.99
meters reduction in average position error on the KITTI
benchmark. Furthermore, on the CARLA dataset, it ex-
hibits impressive reductions of 3.79 meters and 25.46◦

in position and orientation errors, respectively.

II. RELATED WORK

A. Place Recognition

Achieving global localization in robot navigation neces-
sitates establishing an accurate correspondence between the
robot’s local sensor measurements and a global map. Place
recognition emerges as a prominent technique to address
this challenge. It advocates for the creation of a detailed
database capturing the environment’s visual characteristics
before navigation. During navigation, the robot’s localiza-
tion task transforms into a streamlined retrieval process.
Extensive research [9], [24], [25], [26] efficiently searches
the database for the scene exhibiting the greatest visual
similarity and retrieves the corresponding pose, encompass-
ing both position and orientation within the environment.
CrossLoc3D [9] bridges the representation gap in cross-
source 3D place recognition using multi-grained features,
adaptive kernels, and iterative refinement for unified metric
learning. Pix2Map [26] addresses the need for continuous
map updates by retrieving the most topologically similar map
graph from a database, based on the visual embedding of a
given set of test-time egocentric images. Our method does
not need a pre-defined database and directly estimates the
pose based on local data and global map.
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B. Metric localization

Unlike place recognition, metric localization methods out-
put a fine location estimate or poses of the local data cor-
responding to global knowledge [14], [27], [28], [29], [30],
[31]. OrienterNet [14] achieves sub-meter visual localization
through a deep neural network that estimates the location and
orientation of a query image by matching a neural Bird’s-Eye
View with 2D semantic maps. [28] leverages a differentiable
spherical transform and a robust correlation-aware homog-
raphy estimator to achieve sub-pixel resolution and meter-
level GPS accuracy by aligning a warped ground image with
a corresponding satellite image. SNAP [29] enhances BEV
generation by leveraging ground-level imagery, combining
multi-view geometry principles with strong monocular cues.
While existing research mainly focuses on cross-view geo-
localization using RGB images, often making prior assump-
tions such as perfect semantic segmentation or aligned scales
across different views, our work explores cross-modality
localization without relying on these assumptions.

III. PROBLEM FORMULATION

Let query Lg be a set of 3D points in a single frame
captured by a LiDAR sensor L from the ground represented
in its relative coordinate in meters. Let M be an overhead
map image captured by an RGB camera from the aerial
viewpoint, and we take a patch Imap of size d as input
based on a prior location provided by a noisy GPS or a
prior estimation. Generally, the map coverage d significantly
exceeds the GPS error or the vehicle’s movement range
within a short period.
Task Definition. Given a ground scan Lg in 3D egocentric
frame and an RGB map patch Imap in uv-coordiante frame,
we want to estimate a location (u, v) ∈ R2 and a heading
angle θ ∈ (−π, π] with respect to the uv-map frame.
Unique Setting. Previous research in place recognition often
relies on data from a single platformm [32], [33] or modal-
ity [9]. In contrast, our approach incorporates a more com-
plex scenario by fusing diverse data, including global aerial
camera views and detailed ground scans. Furthermore, we
move beyond the coarse localization achieved by traditional
place recognition methods. Our objective is to achieve fine-
grained prediction of both location and orientation, drawing
upon both local and global observations. Existing metric-
based localization methods typically address settings with
a single modality [14], [29], [9] or require significant pre-
processing steps, such as manual scale alignment [17], [18]
or readily available semantic information [16], [21]. Our
approach offers greater flexibility and generalizability by
handling raw sensor inputs with varying scales and incor-
porating real-world factors like noise and temporal discrep-
ancies between observations.

IV. SIMULATION DATASET

One of the major challenges in using real-world data for
metric localization is noisy ground truth location. In real-
world scenarios, localization with respect to the global frame
can only be determined by noisy GPS sensors. To provide

more accurate data for training, we use the CARLA [23]
simulator to collect observations and ground truth locations
with respect to the global map frame, as shown in Figure 2.
Through accurate simulation data, we hope to improve metric
localization in the real world.
Data Collection. We use CARLA 0.9.10 for data collection,
which consists of 8 different towns. We use 5 towns for
training, and 4 towns for validation and testing, with 1 town
overlapping with the training set. The routes in local areas
with junctions have an average length of 100 meters, and the
routes along curved highways have an average length of 400
meters. In each route and scenario, there are other moving
vehicles that interact with the environment.

The ground LiDAR is mounted 1.3 meters in front of
the vehicle’s center and 2.5 meters above the ground. To
simulate satellite images and make sure the image is within
the boundary, the RGB camera is mounted 1200 meters
above the vehicle. The horizontal and vertical field of view
are 20◦, resulting in an image with 5000× 5000 resolution.

We also record the privileged information within the
simulation, including the location and orientation of the ego
vehicle with respect to the CARLA world frame, and the
corresponding transformation matrix. We down-sample the
local and global observations separately and randomly pick
a local-ground pair that belongs to the same town. After
down-sampling, we construct 35081 pairs for training and
1385 pairs for validation and testing.
Data Diversity and Augmentation. To improve data diver-
sity, we consider various factors including map orientation,
time lag, scaling, and time of the day.

• Time lag: The overhead map and ground scan are cho-
sen independently, so the overhead map is not always up
to date, just like the satellite map in the real world. We
use the ground truth transformation with respect to the
world frame to find the ground truth correspondence.

• Map orientation: Since the camera for the overhead
view is mounted on the vehicle instead of the world
frame, the orientation of the map does not guarantee a
north-up convention. Since the choice of the overhead
map is independent of the ground scan, the map orien-
tation does not affect the ground location or orientation.

• Scaling and resolution: To increase the diversity of the
overhead view scales and resolution, we first determine
a scaling factor s and choose a patch of size s×d before
resizing it to size d.

• Transformation and rotation offset: During training, the
center of the overhead image patch is randomly adjusted
with translation and rotation so it is away from the
ground truth ground location.

• Time and lighting: At each time, we randomly adjust
the time of the day in the simulation so the overhead
images are captured with different lighting conditions.

V. METHOD

In this section, we present the details of our proposed
AGL-NET . It tackles pose estimation by leveraging both
LiDAR and RGB map data. As shown in Figure 3, we
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Fig. 3: Architecture of our proposed network AGL-NET: AGL-NET processes LiDAR point clouds and aerial maps through separate
encoders to generate neural feature representations. These features then undergo a two-stage matching process: initial matching for general
correspondence and skeleton-based matching with a predicted scale adjustment to account for potential scale discrepancies. Finally, AGL-
NET fuses the results from both stages to generate a robust final estimation score for accurate camera pose determination.

have the following components: (A) 3D point cloud encoder.
(B) Map encoder. (C) Scale Alignment module. (D) Template
matching module for pose estimation. (E) Training losses.
Next, we will dive into the details of each module.

A. 3D Point Cloud Encoding
Given a ground LiDAR scan Lg , we want to produce a

local BEV feature fbev ∈ RH×W×C with consistent spatial
resolution since the LiDAR scans are always in meter.
Voxelization. The point cloud is first discretized into equally
spaced 3D voxels V ∈ RH×W×L. Each voxel v ∈ RN×3

encapsulates the points corresponding to its location, where
N is the number of points in the voxel. The points are either
downsampled or zero-padded to meet the required size.
BEV Features. Within each voxel, we use a PointNet [34]
to extract the point features. After that, we used Transformer
Blocks [35], [36] to calculate the mutual relations between
the voxels. Similar to PointPillar [37], the features are
scattered back to the original locations and compressed along
the height dimension with several 2D convolution layers to
obtain a 2D pseudo-image fbev with feature dimension C.
Skeleton Mask. To selectively extract binary skeleton fea-
tures fs

bev ∈ RH×W×2 from the BEV feature representation
fbev , a convolutional neural network (CNN) Φs

bev incorpo-
rating 2D deformable convolution layers is employed. Φs

bev

dynamically learns to adapt the receptive field, enabling
the network to focus on pertinent regions within fbev that
potentially encode crucial skeletal information. We use a
skeleton loss to guide this process.

B. Map Encoding
Encoding. Given an RGB map patch Imap from an overhead
map image M captured by an RGB camera from the aerial
viewpoint, we utilize a pre-trained ResNet-50 [38] followed
by a VGG19 [39] network as a feature extractor to generate
a global map feature fmap ∈ RH×W×C .

Map Skeleton. A convolutional neural network (CNN) Φs
map

is designed to extract skeletal information fs
map ∈ RH×W×2

from the processed map features. This network shares a
similar design with Φs

bev but operates on the map features.
It prioritizes specific areas of the map features containing
relevant information about the map edges and lines.

C. Scale Alignment

Unlike the scan encoder where the input is always in
the scale of meters, the resolution and scale of the map
are uncertain. Addressing the inherent discrepancy in spatial
resolution between the local LiDAR scan and the global
overhead map necessitates a scale alignment step.
Scale Classifier. We construct a CNN-based scale classifier
Φscale, which operates solely on the skeletal features fs

map

extracted from the map instead of fmap. This is to avoid
the potential issues arising from the redundant geometric
information within the neural maps. Φscale predicts weights
associated with a set of predefined discrete scale bins given
a scale range and utilizes a softmax activation function for
normalization. The final scale factor S is then determined by
summing the weighted contributions from each bin to obtain
a continuous value.
Feature Interpolation. The predicted scale factor S directly
reflects the scaling difference between fs

bev and fmaps ,
guided by the scale loss mentioned in Section. V-E. Con-
sequently, fs

bev is interpolated using nearest neighbor inter-
polation based on the estimated scale S. The scaled feature
is denoted as fS

bev .
Specifically, if the predicted scale factor S is greater than

1, the BEV feature should be reduced in size to match a
smaller region of the overhead map. The spatial dimension
of the feature fs

bev is reduced proportionally by interpolation
and the scaled feature fS

bev is written on an empty vector with
original size of fs

bev . The areas surrounding the scaled feature
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are filled with zeros. This maintains a consistent spatial
size for subsequent processing layers, preventing issues with
varying input dimensions. On the other hand, S is less
than 1, we focus on a smaller area around the center of
fs
bev and enlarge it to the original size. This interpolation

process establishes consistent spatial resolution between the
local LiDAR scan and the global overhead map for effective
template matching.

D. Template Matching

This subsection details the estimation of a single camera
pose η∗ = (u∗, v∗, θ∗) through a two-step matching process:
feature matching and skeleton matching. These matching
scores are then combined to form a probability distribution
that ultimately yields the predicted pose.
Feature Matching. An exhaustive matching process is con-
ducted between the neural map fmap and the BEV feature
fbev across various possible camera poses η. This matching
results in a score volume Ω, where each element represents
the correlation between fmap and a transformed version
of fbev according to a specific pose. The transformation,
denoted by η(p), maps a 2D point p from the BEV space
to the corresponding map coordinate frame. Notably, an
efficient implementation is achieved by rotating fbev only
Nr times and performing a single 2D convolution using
batched multiplication in the Fourier domain, as shown in
the following equation:

Ω(η) =
1

XY

∑
p∈X×Y

fmap(η(p))
T fbev(p),

Skeleton Matching. Our method extends beyond solely
comparing the full neural maps. It incorporates an addi-
tional matching step that specifically focuses on the skeletal
features extracted from both the BEV representation fs

bev

and the map fs
map. Similar to feature matching, a matching

term Ψ is calculated by exhaustively matching these skeletal
features:

Ψ(η) =
1

XY

∑
p∈X×Y

fs
map(η(p))

T fS
bev(p),

Probability Scores. To account for the inherent uncertainty
in pose estimation, a discretized probability distribution over
camera poses η is employed. This involves sampling Nr ro-
tations and constructing a probability volume P considering
both the map and BEV feature matching terms Ω,Ψ. The
following equation demonstrates how the probability volume
is computed using a softmax function:

P = softmax(Ω + Ψ), (1)

Pose Estimation. Finally, the most likely camera pose η is
determined through maximum likelihood estimation:

η∗ = argmaxηP (η|fbev, fmap, f
S
bev, f

s
map)

E. Training Loss.

Our approach incorporates a novel composite loss function
L to optimize the training process:

L = Luvθ + LS + Lskeleton

Pose Loss. Luvθ measures the discrepancy between the
estimated camera pose η∗ and the ground truth pose ηgt.
We use L2 norm to measure the location error and L1 norm
to measure the angle error. Then we employ a discretized
probability distribution over P (η) potential camera poses
and then estimate the pose η∗ through maximum likelihood.
Therefore, the Luvθ is formulated as the negative log-
likelihood of the predicted pose:

Luvθ = −logP (η∗)

Scale Loss. AGL-NET employs a dedicated scale classifier
to capture the inherent discrepancy in spatial resolution be-
tween the LiDAR scan and the overhead map. This informa-
tion is crucial for accurate pose estimation. However, directly
training the scale classifier solely based on the skeleton
features fs

bev and fs
map might not be sufficient, particularly

in scenarios where the scale variations are significant. To
address this challenge and enhance the model’s ability to
learn the scale information effectively, we introduce the scale
loss LS. This loss term specifically targets the predicted scale
factor S and the ground truth map scale SgT . LS functions
as a Mean Squared Error (MSE) loss:

LS =
1

B

B∑
i

(S− Sgt)

where B is the batch size. By minimizing LS, the model
is encouraged to predict a scale factor S that closely aligns
with the actual ground truth map scale SgT .
Skeleton Loss. Lskeleton measures the discrepancy between
the predicted skeleton mask fs

map and the ground truth skele-
ton mask, which often contains crucial information about the
edges and corners within the map. Since the skeleton mask
is a binary image containing only 0s and 1s, we utilize a
Binary Cross Entropy Loss:

Lskeleton = − 1

X × Y

∑
p∈X×Y

[ygt(p) · log(fs
map(p))

+ (1− ygt(p)) · log(1− fs
map(p))]

where p is a single 2D point in fs
map and y is the ground

truth skeleton mask. Note that the ground truth skeleton mask
is obtained by visualizing the LiDAR points on the map, as
shown in Figure 2. We predict the skeleton of the entire
map patch during inference, and the loss is only calculated
on the region with the LiDAR coverage.

VI. EXPERIMENTS AND EVALUATIONS

A. Dataset and Evaluation Metric

In addition to data collected in the CARLA [23] simula-
tion, we also provide some evaluations on the KITTI [33]
dataset for comparison. The KITTI dataset is a popular
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Fig. 4: AGL-NET output visualization in CARLA simulation: We use green arrow for the ground truth and blue arrow for the predicted
pose. We highlight and enlarge the likelihood region near the ground truth in the read circle. Even in case of a larger location error (top
left), the pose likelihood distribution have higher value along the lane of the road.

dataset for autonomous driving, collected from a vehicle
with LiDAR and camera sensors driving on urban roads. The
location information, accurate up to within 5 cm, is collected
by the OXTS RT3003 GPS sensor. However, according
to [20], there are several conditions that need to be satisfied
to maintain this level of accuracy, including 15 minutes of
continuous operations, an open-sky environment (stay clear
from trees, bridges, buildings, or other obstructions) for at
least 5 minutes, smooth motion behavior, and so on.
Evaluation Metrics. We used both recall and metric distance
for evaluation. Recall@Xm/◦ is defined as the percentage of
the predicted poses that are within X meter/degree from the
true poses. Position recall is calculated at distances of 1, 3,
and 5 meters, and orientation recall is calculated at 1, 3,
and 5 degrees. For metric distance, we provide the average
error between the predicted pose and the ground truth pose
in meters and degrees, respectively.

B. Implementation Details

Preparation. We first voxelize the points into pillars of size
[2, 2, 30], where the range of points in the x, y, and z axes
are [−100, 100], [−100, 100], [−10, 20], respectively, and the
maximum number of points within a voxel is 128. For the
overhead image, we choose patch sizes of (1024, 1024) and
(256, 256) with different random scales to obtain different
area coverages that also contain the ground truth poses.
AGL-NET. We set the PointNet feature dimension to 16
and then use 2 attention blocks with 4 heads and a feature
dimension of 16. After 4 Conv2D layers with a kernel of
size 1, the matching dimensions of fbev are reduced to 8.
Φs

bev and Φs
map have the same structure with 3 deformable

Conv2D with ReLU activation followed by a linear layer.
The scale classifier Φscale consists of 3 deformable Conv2D
with ReLU activation followed by 2 linear layers, with 33
scale bins and range of [0.5, 10].
Training Parameters. Models are trained on 4 NVIDIA
RTX A6000s for 200k iterations. We use the Adam optimizer
with a learning rate of 0.0001. We use batch sizes 48 and 4
patch sizes 1024 and 256, respectively.

C. Results

This section presents the experimental evaluation and
visualizations (Figure 4) of our proposed method (AGL-
NET) on the KITTI and CARLA datasets. We are not able to
compare with [18], [17], [40], [41] due to limited access to
the source code. We plan to release the code for AGL-NET.
Comparisons on CARLA. AGL-NET demonstrates supe-
rior performance in pose estimation compared to Orien-
terNet [14]. While OrienterNet originally utilizes ground
images as input, we adapted its code to operate on LiDAR
data to ensure a fair comparison.

As shown in Table I, AGL-NET achieves demonstrably
better results on the CARLA dataset. Specifically, it achieves
a 0.4-meter reduction in average position error (u, v) and a
15.39◦ decrease in orientation error when using a 224× 224
pixel map size. These improvements highlight the effective-
ness of AGL-NET ’s two-stage matching process. Skeleton
matching further refines the pose estimation, leading to
increased accuracy. Furthermore, AGL-NET maintains its
advantage as the map size scales up to 1024× 1024 pixels.
Comparisons on KITTI. Our evaluation of the KITTI
dataset, as detailed in Table I, reveals a significant perfor-
mance difference between metric localization using LiDAR
scans and overhead maps compared to methods using image-
map pairs. This disparity stems from three primary factors:
first, LiDAR data presents a sparse point cloud, especially
at longer distances. This sparsity can limit the number of
features available for matching with the map, particularly
in areas with minimal objects or details. Second, LiDAR
primarily captures 3D geometry, lacking the rich texture and
color information offered by ground images. This can hinder
matching in scenarios with repetitive structures or similar
geometric features. Additionally, KITTI focuses on urban
settings with buildings and well-defined structures. While
LiDAR excels at capturing 3D geometry, it might be less
effective compared to ground images in these environments.

Our proposed method, AGL-NET , achieves encouraging
results on the KITTI dataset. Compared to OrienterNet,
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Map Ground
Modality Method Map Size

(in Pixel)
Avg. Loc. / Ori.
Error (m / ◦) ↓

Lat. R@Xm ↑ Long. R@Xm ↑ Ori. R@X◦↑

1m 3m 5m 1m 3m 5m 1◦ 3◦ 5◦

OSM
(KITTI)

Image retrieval 256× 256 - / - 37.47 66.24 72.89 5.94 16.88 26.97 2.97 12.32 23.27
Image refinement 256× 256 - / - 50.83 78.10 82.22 17.75 40.32 52.40 31.03 66.76 76.07
Image OrienterNet 256× 256 - / - 51.26 84.77 91.81 22.39 46.79 57.81 20.41 52.24 73.53
LiDAR OrienterNet* 256× 256 28.01 / 8.30 2.86 8.80 15.37 4.03 11.47 18.48 8.62 24.11 36.38
LiDAR AGL-NET 256× 256 18.02 / 8.59 6.55 18.88 31.17 5.16 15.0 24.54 6.25 17.94 31.87

Satellite
(CARLA)

LiDAR OrienterNet* 256× 256 2.23 / 19.15 66.87 87.67 98.61 44.38 81.51 97.69 55.78 62.71 66.26
LiDAR AGL-NET 256× 256 1.83 / 3.76 76.58 92.14 100.0 44.07 88.44 99.54 57.47 68.41 74.42

LiDAR OrienterNet* 1024× 1024 18.75 / 82.71 33.44 40.99 56.55 13.41 18.64 22.5 30.35 31.43 32.51
LiDAR AGL-NET 1024× 1024 14.96 / 57.25 50.54 57.94 69.49 18.64 24.19 29.89 42.06 44.22 46.22

TABLE I: Results on KITTI and CARLA: AGL-NET demonstrates significant performance improvements over previous state-of-the-art
methods on CARLA datasets. * indicates that we make small modification to the original method to take LiDAR modality input.

Feature
Match.

Skeleton
Match.

Scale
Align.

Scale
Aug.

Avg. Loc. / Ori.
Error (m / ◦) ↓

Loc. R@Xm ↑ Ori. R@X◦↑

1m 3m 1◦ 3◦

✓ ✗ ✗
✗ 10.12 / 41.86 9.24 29.58 32.36 35.90
✓ 2.23 / 19.15 30.97 68.88 55.78 62.71

✗ ✓ ✗
✗ 3.53 / 10.61 7.55 37.29 10.32 13.56
✓ 3.40 / 10.26 8.47 43.76 12.17 16.18

✓ ✓ ✗
✗ 9.14 / 33.25 9.71 30.66 50.23 54.24
✓ 2.33 / 17.53 31.28 69.34 54.24 62.1

✓ ✓ ✓
✗ 9.50 / 40.41 10.94 33.59 32.67 36.52
✓ 1.83 / 3.76 34.05 78.74 57.47 68.41

TABLE II: Ablation studies on different components: “Scaled
Feature” refers to utilizing the predicted scale factor to generate the
scaled Bird’s-Eye View (BEV) feature fS

bev . “Scale augmentation”
signifies a data processing step where the overhead map is randomly
scaled up or down.

NLL
Loss

Scale
Loss

Skeleton
Loss

Avg. Loc. / Ori.
Error (m / ◦) ↓

Loc. R@Xm ↑ Ori. R@X◦↑

1m 3m 1◦ 3◦

✓ ✗ ✗ 2.23 / 19.15 30.97 68.88 55.78 62.71
✓ ✓ ✗ 3.04 / 26.07 30.35 67.18 59.48 64.56
✓ ✗ ✓ 2.67 / 22.38 31.28 67.80 59.17 64.10
✓ ✓ ✓ 1.83 / 3.76 34.05 78.74 57.47 68.41

TABLE III: Ablation studies on different loss: Combining both
the scale loss (LS) and skeleton loss (Lskeleton) leads to superior
performance compared to using only one loss function at a time.

AGL-NET demonstrates a significant improvement of 9.99
average meter in position error. However, it’s important to
acknowledge a slight increase in orientation error when
using KITTI data. This could be attributed to the inherent
limitations of the KITTI dataset itself. As mentioned earlier,
LiDAR data in KITTI might contain calibration inconsis-
tencies and outliers from GPS, which can affect the per-
formance of our skeleton matching stage. This observation
further underscores the importance of using high-quality,
well-calibrated datasets like CARLA. With data collected
in CARLA, both our proposed AGL-NET and Orienter
can maintain reasonable performance in both position and
orientation estimation tasks.

D. Ablation Study

We use map of size 256× 256 for all ablations.
Template Matching. Table II evaluates the contribution of
different matching components within AGL-NET. The scale
augmentation significantly reduces pose estimation error. By
exposing the model to maps with different scales during
training, it can better learn the visual features and semantic

meaning within the map, leading to improved localization
accuracy. Compared to feature matching alone, skeleton
matching demonstrates greater robustness to scale variations.
This is because skeleton information focuses on key edges
and corners, which are less affected by scale changes. The
proposed scale alignment process, which involves learn-
ing a scale factor and scaling the BEV skeleton feature,
achieves the best performance. This highlights the critical
role of learning scale information. By accurately estimating
the scale, the model can perform more effective feature
and skeleton matching, ultimately leading to more accurate
camera pose estimation.
Training Loss. As shown in Table III, our proposed approach
that utilizes both the scale loss LS and skeleton loss Lskeleton

achieves superior performance compared to using only one
loss function at a time. This highlights the importance of
jointly considering both aspects during training. The scale
loss focuses on constraining the scale of the features ex-
tracted from the LiDAR scan to better align with the features
extracted from the overhead map. However, solely relying
on LS might be insufficient. The key insight is that the
scale of the features is inherently linked to the skeleton
information. If the skeleton features are inaccurate (due to the
absence of Lskeleton, the scale learned by LS might also be
inaccurate, leading to suboptimal pose estimation. Therefore,
by combining both LS and Lskeleton, the model can learn
not only to match features at the appropriate scale but also
to extract meaningful skeleton information that refines the
scale estimation process.

VII. CONCLUSIONS, LIMITATIONS, AND FUTURE WORK

In this paper, we present AGL-NET, a novel approach
for accurate global localization using LiDAR and satellite
maps. AGL-NET tackles two key challenges: efficiently
matching LiDAR data with satellite imagery, and handling
scale discrepancies between these two modalities. Our so-
lution lies in a unified network architecture and a unique
scale and skeleton loss function. These advancements enable
AGL-NET to achieve superior pose estimation performance
and eliminate the need for map pre-processing, making it
adaptable to real-world scenarios.

While our simulation results are promising, future efforts
will focus on bridging the gap to real-world applications
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through domain adaptation techniques. Additionally, we plan
to release the code, data, and ground truth alignment methods
to foster further research in global localization using LiDAR
and satellite maps.
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