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Figure 1: (Left) We propose L2RSI for cross-view LiDAR-based place recognition without 3D
pre-built map. Given a point cloud submap representing the surroundings of the robot and the
absolute orientation provided by a LiDAR and a magnetometer, L2RSI provides the most probable
location in a large-scale city using high-resolution remote sensing imagery. (Right) Place recognition
performance in different retrieval ranges. Notably, L2RSI achieved a recall (<30m) of over 80% at
Top-1 retrieval within a range of 100km2.

Abstract
We tackle the challenge of LiDAR-based place recognition, which traditionally
depends on costly and time-consuming prior 3D maps. To overcome this, we
first construct LiRSI-XA dataset, which encompasses approximately 110, 000
remote sensing submaps and 13, 000 LiDAR point cloud submaps captured in
urban scenes, and propose a novel method, L2RSI, for cross-view LiDAR place
recognition using high-resolution Remote Sensing Imagery. This approach en-
ables large-scale localization capabilities at a reduced cost by leveraging readily
available overhead images as map proxies. L2RSI addresses the dual challenges
of cross-view and cross-modal place recognition by learning feature alignment
between point cloud submaps and remote sensing submaps in the semantic domain.
Additionally, we introduce a novel probability propagation method based on parti-
cle estimation to refine position predictions, effectively leveraging temporal and
spatial information. This approach enables large-scale retrieval and cross-scene
generalization without fine-tuning. Extensive experiments on LiRSI-XA demon-
strate that, within a 100km2 retrieval range, L2RSI accurately localizes 83.27% of
point cloud submaps within a 30m radius for top-1 retrieved location. Our project
page is publicly available at https://shizw695.github.io/L2RSI/.
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1 Introduction

Place recognition aims to retrieve the closest match and its location from a pre-built database within
the global coordinate system when GPS is weak or even denied, serving as an essential task for
autonomous driving and robotic navigation. LiDAR-based place recognition is now increasingly
attractive since 3D point clouds from LiDAR are invariant to lighting and shadows [1].

Table 1: List of conditions
and tasks.

Conditions
GPS %

IMU %
Query LiDAR+MAG

Reference RSI
Tasks

Range 100km2

Database >60000
Distance <30m
Recall@1 >80%

Existing LiDAR-based place recognition methods face a significant
limitation: they depend on up-to-date prior 3D maps, the acquisition and
maintenance of which are time-consuming and costly. Recent research
has sought to address this issue by exploring alternative approaches. Tang
et al. [2, 3] unified overhead imagery and LiDAR into a pseudo point
cloud modality, achieving retrieval-based place recognition. However,
their approach only works on the assumption of a known route, which
confines the retrieval process to a very limited range. Cho et al. [4]
conducted LiDAR-based place recognition using OpenStreetMap (OSM).
Due to the dual challenges of cross-view and cross-modality, existing
methods typically restrict the retrieval area to a small range. The most
commonly used 3D datasets include the Oxford Radar RobotCar [5],
KITTI [6], and KITTI-360 [7]. The former consists of multiple repeated
trajectories, covering an area of less than 2km2, while the latter two datasets are composed of several
independent trajectories, with the largest covering range approximately 1km2.

As shown in Table 1, our task is to utilize high-resolution remote sensing imagery (RSI) as the
database (due to the advantages of global coverage, cost-effectiveness, and timeliness), to achieve
place recognition (LPR) in the range of over 100km2 urban scenes, more than 60000 RSI and 30m
required distance threshold, based on the only sensors of LiDAR and magnetometer (MAG).

In fact, using high-resolution remote sensing as the reference map will lead to a large gap between the
query and databases in terms of domain and view, which will cause two major problems: (1) Most of
the current retrieval solutions can hardly learn the correspondence between the query point cloud and
the remote sensing image retrieval database directly. (2) Single query can be ambiguous and unstable,
which limit the practicality of the system, not to mention the retrieving range of over 100km2.

To address the first problem, we observe that the content and style between LiDAR point clouds and
remote sensing imagery, even from the same location, can differ significantly. However, they exhibit
strong correlations in the semantic domain, as illustrated in the bottom-left corner of Fig. 1. Inspired
by this observation, we propose a framework, named L2RSI, which includes a semantic contrastive
learning network to align the global descriptors of LiDAR point cloud submaps and remote sensing
submaps in the semantic space. The point cloud submaps are obtained through the registration of
short-range LiDAR scans, overcoming the sparsity of single-frame point clouds. With the direction
provided by an additional magnetometer (MAG), these submaps are transformed into a bird’s-eye
view (BEV) representation through rotation and projection, enabling the network to effectively exploit
the shared semantic features visible in both modalities.

Specific to the second problem, we propose the Spatial-Temporal Particle Estimation (STPE) to
aggregate spatio-temporal information of continuous queries, thus to eliminate the ambiguity between
geometrically distant but semantically similar positions. Specifically, the retrieval results in each
query are considered as particles. Instead of filtering out the incorrect particles, our idea is to
aggregate these particles and estimate a more accurate probability density distribution for the current
position. Distribution of the particles of a single query can be modeled as the mixture of multiple
gaussian models (GMMs). Then, the aggregation spread over a desired time window through an
estimated inter-frame correspondence of the point clouds, estimating the probability density of the
current query and refining the retrieval results.

Our contributions are summarized as follows:

• To the best of our knowledge, the proposed framework is the first to address the challenge
of large-scale (over 100km2) urban cross-view LiDAR-based place recognition with high-
resolution remote sensing imagery, demonstrating promising performance with significant
practical applicability.
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• We propose a particle estimation algorithm that utilizes the mixture of multiple gaussian models
to aggregate spatio-temporal information and infer the probability density of the current position,
significantly improving the retrieval performance.

• The proposed method exhibits remarkable generalization ability, achieves Recall@1 (<30m)
of 83.27% within a retrieval range of 100km2, and demonstrates promising potential on cross
scene generalization without fine-tuning.

2 Related work
Uni-modal 3D place recognition. The early work by Uy et al. proposed PointNetVLAD [8], which
utilized PointNet [9] as a point cloud feature extractor, followed by a NetVLAD layer [10] for
global feature aggregation. LPD-Net [11] additionally introduced local information of points and
aggregated global descriptors through GNN. SOE-Net [1] incorporated orientation encoding into
the feature embedding process to capture spatial context and used a self-attention mechanism to
aggregate global information. MinkLoc3D [12] applied sparse convolution and Generalized-Mean
pooling [13] to extract discriminative features from sparse voxel representations of point clouds,
and its extension, MinkLoc++ [14], further incorporated monocular camera images. SVT-Net [15]
extended the transformer network to sparse voxels for capturing long-range contextual features.
Zhou et al. [16] encoded geometric information by representing point clouds as normal distribution
transformation cells. CASSPR [17] leveraged a dual-branch hierarchical cross-attention mechanism
to integrate the advantages of point-based and voxel-based features. Crossloc3d [18] proposed a
ground LiDAR place recognition method using aerial LiDAR as the database. However, such methods
require an available and reliable prior 3D map, which is a demanding requirement in practice.

Cross-modal 3D place recognition. Cross-modal methods enhance usability by replacing costly prior
3D maps with data from alternative modalities. The work by Lee et al. [19] was the first to achieve
LiDAR-based place recognition within a street-view image database. They created depth images
from short sequence images using MantDepth [20] and established a consistent data representation
with LiDAR range images through contrastive learning. Lip-Loc [21] aligned LiDAR point clouds
with RGB camera images through range image projection. C2L-PR [22] achieved modality alignment
by 2D to 3D mapping via depth estimation and semantic segmentation, and mitigates the FOV
discrepancy through orientation voting. VXP [23] incorporated similarity constraints on local
descriptors and established a voxel-pixel shared feature space through a two-stage training process.
Text2Pos [24] and Text2Loc [25] determined the most probable location using textual descriptions.
UniLoc [26] designed a universal place recognition working with any single query modality. Some
researchers focused on publicly available maps, such as OpenStreetMap (OSM). Ruchti et al. [27]
relied exclusively on road information extracted from LiDAR point clouds, associating it with the
OSM road network to compute weights for Monte Carlo localization. Cho et al. [4] designed a
hand-crafted rotation-invariant descriptor to retrieve the most similar location from the OSM database
based on the relative position of LiDAR and buildings. The works most relevant to our research
are a series of studies based on overhead images. Tang et al. [2] utilized ray-tracing to generate
pseudo-point clouds from LiDAR scans and overhead images that are more similar to each other.
In subsequent work [3], they introduced CycleGAN [28] to generate synthetic LiDAR images from
satellite images and selected pseudo-pairs from sequential data to learn a shared embedding space.
The place recognition range of the aforementioned methods is limited to known or predefined routes
within urban scenes. In contrast, our L2RSI can be easily extended to unknown areas spanning tens
to hundreds of square kilometers, offering broader application potential.

Sequence-Constrained Place Recognition. Garg et al. [29] and Malone et al. [30] introduced tempo-
ral information by training a sequence-matching network to enhance place recognition performance.
However, remote sensing imagery is inherently static and lacks temporal continuity or directional
cues, and such methods are not applicable. Prticle filtering [27, 31] is widely used in localization and
tracking tasks, where it recursively refines the particles based on the motion model of the system,
gradually converging them towards the position of the robot. The main difference from the proposed
STPE is that our approach is particle aggregation rather than filtering. This is due to the inherent
content discrepancies between remote sensing imagery and LiDAR data, where the observation
information from a single query is often highly unreliable. Such toxic queries can lead to the filtering
out of most, if not all, trustworthy particles. In contrast, the proposed method ensures the smooth
transmission of spatio-temporal information and is more suitable for extremely challenging place
recognition.

3



Figure 2: Overview of the proposed L2RSI. It consists of three modules: the data preprocessing
module (left), the training framework for Global Descriptor Extraction network (middle) and the
inference framework (right).

Cross-view 2D place recognition. Since our method unifies cross-modal data into semantic images,
some image-based place recognition methods can also be applied. Early works such as CVUSA [32],
CVACT [33], and VIGOR [34] established the main benchmarks in image place recognition between
street view and satellite view. GeoDTR [35], used CNNs to extract global features and enforced
the introduction of a Transformer to extract additional information through a counterfactual loss.
Sample4Geo [36] introduced the off-the-shelf ConvNeXt-B as a feature extractor and designed a
dynamic similarity sampling strategy to construct training batches. Recent FRGeo [37] proposes a
feature reorganization module to effectively enhance feature aggregation for BEV images. In this
work, we find that directly applying these methods can not work well in our task due to the domain
gaps.

3 Problem statement

We begin by defining the large-scale remote sensing imagery Mref ={mi}Mi=1 to be a collection of
square submaps mi. Each submap is sampled at equal intervals with partial overlap and includes the
UTM coordinates of the center point. Let Q be a query point cloud submap obtained by aggregating
a short sequence of LiDAR scans. Our task is defined as determining the coarse position of the center
point in the query point cloud submap, which is a cross-view, cross-modal retrieval problem:

m∗ = argmin
mi∈Mref

Sim(Fq(Q, o), Fref (mi)), (1)

where Fq(·) and Fref (·) denote the deep learning networks used to encode the point cloud submap
Q and remote sensing submaps mi into a shared feature space. Sim(·, ·) represents a measure of
similarity, e.g., the dot product. o represents the orientation of the intermediate frame in Q. We obtain
a noisy measurement o from a magnetometer.

4 Methodology
Fig. 2 shows the overview of the proposed L2RSI. In the Data preprocessing module (Sec. 4.1),
on one hand, we perform semantic segmentation on remote sensing imagery, which are then evenly
divided into submaps to serve as the semantic database. On the other hand, we conduct semantic
segmentation on point cloud submaps, which are subsequently compressed into BEV images. During
training, we learn representations of BEV images and remote sensing submaps within a shared
semantic space to overcome the modality gap (Sec. 4.2). During inference, we extract the global
descriptor of the given query point cloud submap and retrieve a set of potential candidates from the
semantic database. Then we apply STPE to estimate the probability density of the current query
position and refine these candidates (Sec. 4.3).

4.1 Data preprocessing
Remote sensing imagery. Satellite and LiDAR data exhibit discrepancies in content and style
due to differences in viewpoints, imaging principles, and acquisition times. In practice, humans
typically assess whether the point cloud and remote sensing imagery represent the same location by
identifying high-level semantic information. Inspired by this, we employ AIE-SEG developed by
Alibaba1, which is a well-established universal segmentation model for remote sensing interpretation,
to perform semantic segmentation on remote sensing imagery. Intuitively, we select roads, sidewalks,

1https://engine-aiearth.aliyun.com/#/portal/analysis
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vegetation, and buildings as the semantics of interest. Subsequently, a square window with side length
d slides uniformly across the semantic image, extracting submaps to form the semantic database, as
shown in the top-left corner of Fig. 2. Notably, considering that robots travel along the road, we filter
out submaps that are located far from the road label.

Point cloud. For the acquired short sequences of LiDAR scans, we build the point cloud submap
using FastGICP [38]. Then, we introduce SphereFormer [39] to perform segmentation based on
the same semantics as remote sensing imagery. To adapt to data collected by different LiDAR
systems, we remove the intensity feature and retrain the model on SemanticKITTI [40]. While
various unsupervised domain adaptation methods can potentially yield better semantic segmentation
results, our approach is simple yet effective.

To obtain the same perspective as the remote sensing imagery, we then compress the point cloud into
a bird’s-eye view (BEV) image, covering an area of approximately d× d. The topmost points are
retained to preserve the features that are commonly visible in the remote sensing imagery. Based on
the orientation measured by the magnetometer, we rotate the BEV image to align the north direction
upwards before feeding it into the global descriptor extraction network.

4.2 Semantic contrastive learning

Recently, several works focused on building cross-modal representations have emerged prominently
across various zero-shot computer vision tasks, such as classification [41], recognition [42, 43, 44]
and retrieval [45, 46]. Inspired by their work, we design a network that aligns cross-modal semantic
features in a unified feature space through contrastive learning.

Network architecture. As shown the middle of Fig. 2, we employ a dual-branch network to extract
global descriptor for pairs of semantic images {Qi}Ni=1 from point clouds and {Pi}Ni=1 from remote
sensing imagery, where N is the batch size. The distance between the centers of the paired images
is constrained to be less than d/2. Each branch consists of a semantic encoder, a generalized mean
(GeM) pooling, and a fully connected (FCN) layer in a sequential configuration. The semantic
encoder supports initialization with various pre-trained foundation models. We use MAE [47] here.
Then, GeM pooling and the FCN layer generate global descriptors. Since both branches operate
within the semantic domain, we fully share their weights. In this work, we set d = 60m.

Loss function. During training, we ensure that image pairs within a batch serve as negatives for each
other and use the symmetric InfoNCE loss as the contrastive learning objective [36], formulated as
follows:

L=−log( exp(fQ
i ·fP

i /τ)∑
j∈Nexp(fQ

i ·fP
j /τ)

)−log(
exp(fP

i ·fQ
i /τ)∑

j∈Nexp(fP
i ·fQ

j /τ)
), (2)

where fQ
i and fP

i represent the global descriptors of Qi and Pi, respectively. The temperature
coefficient τ is set to 0.1. Compared to the traditional triplet loss [8, 2, 3], the advantage is that
increasing the number of negatives in a training batch greatly accelerates the training process.

4.3 Spatial-Temporal Particle Estimation

During inference, we first extract the global descriptor of the query point cloud submap Qt at time
step t. We then calculate its similarity distance to the image submaps in the remote sensing database
for determining the Top-C retrieval results. ( see the top-right corner of Fig. 2). Note that the global
descriptors are extracted offline to improve retrieval efficiency.

To alleviate the unreliability of individual query retrieval results, we consider the query sequence
{Qj}tt−L+1 from time step t−L+1 to t. The retrieval results of Qj are treated as particles, where the
state of each particle, denoted as x[k]j with k ∈ 1, 2, ...,K, refers to the 2D coordinates of candidate
submaps in the remote sensing database. The state of the k-th particle of Qj is transitioned from time
step t− 1 to t through the following function:

x[k,j]
t = Mt−1(x[k,j]

t−1 ) + v[k,j]
t , (3)

where Mt−1 is the motion model from time step t− 1 to t and v[k,j]t a noise term. Unlike traditional
particle filtering, we propagate particles from multiple past time steps to current time step t using the
motion model, and then construct a probability density function at time step t based on the combined
particle distribution.
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In practice, we obtain the relative positions between LiDAR scans from FastGICP [38], and correct the
direction in the world coordinate system every 20 meters using the magnetometer, which subsequently
enables the determination of particle states at each time step. We observe that these particles at each
time step tend to cluster around some locations with similar features, which can be formulated as
multiple Gaussian distributions:

P (x, y)=

M∑
m=1

Am · exp
(
− (x−µxm)2

2σ2
xm

− (y−µym)2

2σ2
ym

)
, (4)

where M represents the number of Gaussian distributions and we use DBSCAN clustering top-K
candidates (K < C) to determine it with a radius of r = 30m. Let x and y denote the coordinates
of the particles. Since they are assumed to be independent, their covariance is 0. Am indicates
the contribution of the m-th Gaussian distribution to the overall distribution, which is computed as
follows:

Am =
Nm∑M
i=1 Ni

, (5)

where Ni is the number of candidates in the i-th cluster. The candidates in m-th cluster are
represented as {(xm

i , ymi )}Nm
i . The center of Gaussian distribution µxm and µym is the geometric

center of m-th cluster:
(µxm, µym) = (

1

Nm

Nm∑
i=1

xm
i ,

1

Nm

Nm∑
i=1

ym
i ), (6)

The standard deviations σxm and σym are estimated as follows:

σxm=

√√√√ 1

Nm

Nm∑
i=1

(xm
i −µxm)2, σym=

√√√√ 1

Nm

Nm∑
i=1

(ym
i −µym)2, (7)

Therefore, we estimate the probability density function of the query Qt by propagating the retrieval
result distribution of the query sequence {Qj}tt−L+1 from time step t−L+1 to t. Assuming the
relative position between Qj and Qt is (∆xj ,∆yj). The distribution of the retrieval results of Qj
after propagation according to (4) is:

P̃j(x, y)=

M∑
m=1

Am · exp
(
− (x−µj

xm)2

2σ2
xm

−
(y−µj

ym)2

2σ2
ym

)
, (8)

where µj
xm=µxm+∆xj and µj

ym=µym+∆yj . This implies that the particle states at the current
time step are derived from their estimated values at the previous step, rather than from the positions
associated with the retrieved remote sensing images. The probability density function of the position
at time step t can be formulated as a Gaussian Mixture Model:

Pt(x, y) =
1

L

t∑
j=t−L+1

P̃j(x, y), (9)

where the parameters of P̃j(x, y) is updated as the vehicle moves. Then, we assign a probability
value to each remote sensing submaps in the database:

Pt(u, v) =
1

S

∫ u+r

u−r

∫ v+r

v−r

Pt(x, y) dy dx, (10)

where (u, v) is the center coordinate of the remote sensing submap. We take the average value within
a rectangle with an area of S=4r2 as the probability value for this remote sensing submap. To avoid
cumulative errors, we only consider the query sequence of 250m, and re-rank the retrieval results of
Qt based on probability values.

5 Experiment
5.1 Benchmark dataset
Due to the lack of publicly available datasets that provide correspondences between large-scale
outdoor LiDAR scans and remote sensing imagery, we construct the LiRSI-XA and LiRSI-Oxford
datasets for training and evaluation.

LiRSI-XA. We purchase high-resolution remote sensing imagery covering Xiang’an District from
AIRSAT Technology Group, with a resolution of 0.5m. We extract submaps of 60m×60m from
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Table 2: Summary statistics for dataset.
Submap Num. LiRSI-XA LiRSI-Oxford

Training Set Test Set-S Test Set-M Test Set-L Test Set-G 11-14-02-26 14-12-05-52
PC 12194 862 862 862 862 1697 1671
RSI 47913 3094 6479 12119 63047 2103 2103

Area (km2) 65 4 9 16 100 2.8 2.8

the original remote sensing imagery at intervals of 20m, resulting in a two-third overlap between
adjacent submaps. And the submaps lacking road semantics in their 30m×30m central region are
filtered out.

We utilize a Ouster OS1-64 LiDAR to acquire point cloud data in the Xiang’an District of Xiamen,
covering a trajectory of approximately 100km. We record directional information through a mag-
netometer with an average error of less than 10◦. During point cloud preprocessing, we construct
a point cloud submap every 5m and compress it into a semantic BEV image with a side length of
d = 60m. There is a three-year temporal gap between LiDAR data and remote sensing imagery.

The vehicle trajectory is shown in Fig. 3a. We select approximately 5km of the trajectory as the test
set, with the remaining portion used for training. For the training set, we manually exclude data with
inherent misalignment between ground and aerial semantic information to avoid confusion during
training. This includes the areas where the sky is obstructed, such as the road segments beneath
overpasses and dense street trees, as well as changes in buildings, vegetation, and roads due to the
temporal gap. For the test set, we established databases of 4km2 (S), 9km2 (M), 16km2 (L) and
100km2 (G) to evaluate the retrieval performance of the proposed method, see Table 2. Notably, the
point cloud at the boundary between the test and training sets are discarded, ensuring that the network
is never exposed to the test set data during training.

LiRSI-Oxford. Oxford Radar RobotCar is a famous urban scene dataset [5] for localization.

(a) LiRSI-XA (b) LiRSI-Oxford

Figure 3: Dataset configuration. In LiRSI-XA a, different
colored rectangles highlight test sets from databases of
varying sizes, all sharing the same query trajectory (green).
Besides, the training trajectory (light blue) and discarded
trajectory at the boundary (red) are annotated. In LiRSI-
Oxford b, the green trajectory is as the query for the test
set, while the entire remote sensing imagery serves as the
database.

The data is collected with a Velodyne
HDL-32E LiDAR. The dataset includes
multiple repeated traversals, each cov-
ering about 10km, as shown in Fig.
3b. Based on this, we supplement the
database with the corresponding remote
sensing imagery, covering an area of ap-
proximately 2.8km2. And we simulate
the magnetometer by adding random
noise within ±15◦ to the ground truth of
orientation, as the official dataset does
not include a magnetometer. The source
and resolution of remote sensing im-
agery, as well as the data preprocess-
ing process, are the same as those of
the LiRSI-XA. The data of 11-14-02-26,
14-12-05-52 are used as the test set to
evaluate the generalization ability of the
proposed method without fine-tuning,
see Table 2.

5.2 Evaluation criteria

Following pervious place recognition task [8, 19], we use retrieval recall to evaluate LiDAR-based
place recognition based on remote sensing imagery. Recall@N means the recall at top-N retrieval
results, that is, the proportion of queries for which the correct result is retrieved within the top-N
results. We define a correct result as when the Euclidean distance between the center of the retrieved
remote sensing submap and the center of the query point cloud submap is less than 30m. We
particularly emphasize on Recall@1, as it has the most direct practical relevance.
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Table 3: Performance comparison on LiRSI-XA and LiRSI-Oxford. Recall@1 and Recall@10 (%)
are reported. The best result is rendered in bold.

Methods Recall@1 / Recall@10 (%) ↑
Test Set-S Test Set-M Test Set-L Test Set-G 11-14-02-26 14-12-05-52

LIP-Loc [21] 16.82/53.48 13.69/45.36 11.60/41.65 11.02/39.44 0.88/10.78 0.96/11.13
GeoDTR [35] 8.68/25.27 6.25/19.36 4.74/14.95 4.39/9.26 0.47/3.18 0.48/3.71

Sample4Geo [36] 28.63/53.92 25.39/49.75 24.23/46.27 22.95/43.02 7.13/20.68 7.51/21.75
FRGeo [37] 22.26/49.88 19.72/42.45 17.16/38.05 15.54/34.45 1.62/7.34 1.58/7.86

L2RSI (w/o STPE) 30.05/68.56 23.90/61.95 21.93/57.42 20.07/52.55 10.19/30.23 11.25/30.58
L2RSI (w. SuperGlobal [48]) 30.39/57.54 23.90/53.02 22.27/48.26 20.19/42.92 8.9022.98 8.98/22.86

L2RSI (w. PF) 71.66/86.88 55.17/72.47 50.87/72.47 47.85/58.65 21.40/31.43 16.83/29.46
L2RSI (w. STPE) 88.93/92.13 87.95/91.64 85.49/90.65 83.27/87.82 42.29/59.41 43.77/62.76

5.3 Results

5.3.1 Evaluation on test sets
The proposed L2RSI is the first to perform cross-view LiDAR-based place recognition in large-
scale urban scenes with high-resolution remote sensing imagery. Several state-of-the-art place
recognition networks are capable of handling preprocessed cross-modal semantic images, such as
cross-modal 3D place recognition (LIP-Loc [21]) and cross-view 2D place recognition (GeoDTR [35],
Sample4Geo [36], and FRGeo [37]). Firstly, we benchmark them to evaluate the performance of
our method in the test sets of LiRSI-XA with different size databases. The training settings on
LiRSI-XA for all methods are consistent, except for the image size and descriptor dimensions, which
follow the official configurations. Notably, we replace the LiDAR range image projection used in the
original LIP-Loc with a BEV projection.The comparison is summarized in Table 3. L2RSI (w. STPE)
significantly outperforms the baseline methods, reaches a Recall@1 of 88.93% with a database
of 4km2. As the retrieval range expands, L2RSI (w. STPE) demonstrates increased robustness,
with the database area increased to 100km2 and only a 5.66% degradation in Recall@1 and a
4.31% degradation in Recall@10. In addition, we also introduced a comparison of two refinement
strategies, including SuperGlobal reranking [48] and classical particle filtering (PF). The former
focuses on refining individual queries and database features, leading to only marginal improvements
in performance. For the latter, we apply its principles within the retrieval framework, initializing the
number of particles to 120. With the integration of sequence information, the performance of L2RSI
(w. PF) shows considerable improvement. However, in challenging cross-view and cross-modal
retrieval tasks, particles frequently decay, necessitating re-initialization and impeding the flow of
sequence information. The proposed STPE substitutes filtering with aggregation, efficiently utilizing
spatio-temporal information to substantially enhance the unstable performance of single query.

Table 4: Ablation study about effectiveness of
components. The results include Recall@1 and
Recall@30 (%) on Test Set-S and 11-14-02-26.
The best result is rendered in bold. Sem.: Se-
mantic segmentation. STPE: Spatial-Temporal
Particle Estimation. Orient.: Orientation.

Sem. STPE Orient. Recall@1 / Recall@30 (%) ↑
Test Set-S 11-14-02-26√ √

50.43/67.90 8.13/25.42√ √
30.05/85.50 10.19/45.90√ √
54.37/76.14 4.92/21.24√ √ √
88.93/95.94 42.29/70.15

Secondly, we directly test the model on the LiRSI-
Oxford without any fine-tuning. Given the stark
differences in equipment models, road widths,
architectural styles, etc., this challenge marks
the highest level of generalization ability. In
the lower part of Table 3, the baseline methods
fail completely, while L2RSI (STPE) achieves
Recall@1 over 40% and Recall@10 above 60%
on both trajectories. Although the current results
are not yet sufficient for real-world deployment,
they demonstrate great potential for future appli-
cations. Please refer to Sec. A.3 for comparative
experiments in more scenes.

5.3.2 Ablation study
The following ablation studies evaluate the impact of different components and settings on the
performance of L2RSI.

Semantic information. In the first row of Table 4, we bypass semantic images, directly extracting
submaps from raw remote sensing imagery and projecting 3D coordinates to generate point cloud
BEV images. Compared to the full L2RSI (last row), Recall@1 on test set-S decreases by 38.50%,
and on LiRSI-Oxford, Recall@1 dropped to 8.13%. This demonstrates that semantics serve as
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Table 5: Ablation study about the sampling rate λ. Recall@1 (%) on Test Set-S is reported. The
runtime (ms) here only involves STPE. The best result is rendered in bold.

Test set-S 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Recall@1 (%) ↑ 85.98 88.07 88.93 88.44 88.44 88.07 88.07 87.82 88.07 88.44

RT (ms) ↓ 24.1 29.4 31.7 34.7 38.0 40.2 44.3 47.5 52.2 55.4

Figure 4: Ablation study about the number of queries in the sequence (L) and the number of particles
for each query (K). Solid dots represent the optimal performance for each sequence length.

reliable information capable of bridging domain differences, playing a pivotal role in enhancing the
generalization ability.
STPE. We ablate STPE in the second row of Table 4, and observe a performance drop of 58.88% and
32.10% in Recall@1 for the two test sets, respectively. In STPE, the GMMs are computed based on
the top-K results (K=30) retrieved from the query sequence. Therefore, we also provide Recall@30
as a reference.

To further explore the impact of key parameters in STPE, we experiment with different settings for
the number of queries L in the sequence and the number of particles K for each query. The results
are presented in Fig. 4. We observe that L is positively correlated with retrieval performance, while
K exhibits a peak. Additionally, larger values of L and K generally lead to an increased runtime.
Considering the trade-off between performance and computational cost, L = 50 and K = 30 are
adopted as default configurations.

In order to reduce the runtime, we introduce the sampling rate λ to decrease the number of queries
involved in STPE, without changing the sequence length. As shown in Table 5, when λ = 30%,
Recall@1 reaches 88.93%, while the refinement overhead per query is only 31.7ms, demonstrating
an excellent balance between performance and efficiency. This phenomenon is attributed to the fact
that the adjacent point cloud submaps are spaced only 5m apart, resulting in highly redundancy. The
sampled queries still encompass the majority of critical information. The qualitative results in Fig. 5
clearly illustrate the effectiveness of STPE.

5.3.3 Impact of Motion Model Failure

In STPE stage, dynamic objects such as pedestrians and vehicles may introduce disturbances into
the motion estimation. To investigate the impact of progressive motion model degradation on place
recognition performance, we introduce varying levels of yaw angle noise ϵyaw(

◦) and translational

(a) retrieval results on Test Set-S (b) retrieval results on 11-14-02-26

Figure 5: Visualization of retrieval results on LiRSI-XA a and LiRSI-Oxford b. Points closer to red
indicate that more retrieval results are required to achieve correct retrieval at that location. (I) shows
the results without STPE, and (II) shows the results with STPE.
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Table 6: Impact of motion model failure in STPE stage. Recall@1(%) on Test Set-G are reported.
The parentheses indicate the performance drop compared to the additional noise-free setting.

Recall@1(%) ϵyaw = ±0◦ ϵyaw = ±5◦ ϵyaw = ±10◦ ϵyaw = ±15◦ ϵyaw = ±30◦

ϵxy = ±0m 83.27(-0.00) 80.57(-2.70) 78.72(-4.55) 60.76(-22.51) 48.46(-34.81)
ϵxy = ±1m 82.77(-0.50) 80.20(-3.07) 77.85(-5.42)| 59.77(-23.50) 44.26(-39.01)
ϵxy = ±4m 71.58(-11.69) 67.04(-16.23) 66.91(-16.36) 56.70(-26.57) 41.39(-41.88)
ϵxy = ±9m 67.04(-16.23) 64.94(-18.33) 61.50(-21.77) 54.37(-28.90) 39.12(-44.51)
ϵxy = ±16m 57.31(-25.96) 53.87(-29.40) 53.75(-29.52) 50.92(-32.35) 35.91(-47.36)

noise ϵxy(m) into the estimated motion model. The translation noise is defined by the noise in the
x-direction and y-direction as follows:

ϵxy =
√

(ϵ2x + ϵ2y), (11)

where we take ϵx = ϵy for convenience. The average Recall@1(%) of three repeated experiments
on Test Set-G (100km2) of LiRSI-XA are shown in Table 6. Please note that the disturbances in the
table represent intentionally introduced additional noise, based on the noise inherently caused by the
FastGICP [38] algorithm and the magnetometer used in the system. ϵyaw = ±5◦ and ϵxy = ±1m
indicates that, in addition to the inherent noise, random yaw angle noise within a range of ±5◦ and
random translation noise within a range of ±1m are introduced.

The results demonstrate that our method can tolerate a certain level of additional noise in the estimated
motion model (ϵyaw < ±10◦ and ϵxy < ±1m), which is typically introduced by dynamic objects
affecting the FastGICP algorithm. In practice, we find that excluding the points of the data collection
vehicle itself from the raw point cloud effectively reduces this noise to an acceptable level.

5.3.4 Computational cost analysis

Table 7: Computational cost analysis on Test Set-S. The number of parameters (M) and runtime (ms)
are reported. The best result is rendered in bold.

Metric GDE STPE
P (M) ↓ RT (ms) ↓ P (M) ↓ RT (ms) ↓

LIP-Loc [21] 46.09 5.7 / /
GeoDTR [35] 26.82 6.5 / /

Sample4Geo [36] 88.59 7.6 / /
FRGeo [37] 27.82 4.6 / /

L2RSI 86.58 5.8 / 31.7

In this section, we analyze the number of parameters and runtime of L2RSI in the global descriptor
extraction and STPE stages. As reported in Table 7, since Sample4Geo and the proposed L2RSI use
heavier backbones for feature extraction, i.e., convnext-B and MAE-B, they have more parameters.
However, the runtime difference during the global descriptor extraction (GDE) is minimal. STPE
significantly refines retrieval results, with an additional cost of 31.7ms. Nevertheless, the total time
of 37.5ms still allows for real-time operation (< 100ms).

6 Conclusion
We present L2RSI, the first method for cross-view LiDAR-based place recognition within large-
scale (over 100km2) urban scenes using high-resolution remote sensing imagery. We unify LiDAR
point cloud submaps and remote sensing submaps into a shared semantic space via a carefully-
designed contrastive learning network. Furthermore, we propose the Spatial-Temporal Particle
Estimation to aggregate the spatio-temporal constraints of sequential queries, thereby further refining
the performance of global place recognition. Extensive experiments on the LiRSI-XA and LiRSI-
Oxford datasets demonstrate the effectiveness and generalization ability of L2RSI. Future work will
focus on reducing the reliance on additional magnetometers and further addressing the challenges of
deploying this technology in real-world applications.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The main claims made in the abstract and introduction accurately reflect our
contributions and scope.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We mentioned the limitations in Sec. 6, and more discussion will be conducted
in the supplementary materials.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justification: There is a rigorous formula derivation in Sec. 4.3.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: Remote sensing data involves sensitive information, and we plan to open
source a small test set after desensitization, along with the pretrained weights, but it will
take time to process.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [No]

Justification: Data and code cannot be open sourced in the short term.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide a detailed description of the data preprocessing process in Sec. 4.1,
and elaborate on the arrangement and setup of the dataset in Sec. 5.1 and Fig. 3. The setting
of hyperparameters is included in Fig. 4 and supplementary materials.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We don’t have an error bar, but the random number seed is fixed. The results
of the main experiments will not fluctuate. The measurement of running time is related to
the status of hardware devices.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: As stated in the supplementary materials, all experiments are performed on
Ubuntu 20.04.1 with a single NVIDIA GTX 3090 GPU with 24GB of memory.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Yes, our research fully adheres to the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [No]

Justification: Our work is technology oriented, with the main goal of improving the position-
ing accuracy of robots, as well as the efficiency and reliability of tasks such as autonomous
driving. It does not have a direct social impact, but we certainly hope that it can indirectly
have a positive impact on the industry, economy, and society.
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Guidelines:
• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: As stated in Sec. 5.1, the data sources in this work are all legally collected or
purchased.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: Yes, all external assets (code, data, models) used in this paper are properly
cited.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
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• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: Yes, the paper uses a proprietary dataset created by ourselves. The dataset is
fully described in the paper, including details on its construction and limitations in Sec. 5.1.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Appendix

A.1 Limitations

While the proposed framework demonstrates strong performance in LiDAR place recognition over
very large-scale remote sensing imagery and exhibits the potential to generalize across regions, we
acknowledge two limitations of our work:

• Firstly, The current success of L2RSI requires external provision of a roughly accurate directional
reference. Our collection device is equipped with a magnetometer that is calibrated with the
LiDAR, providing a directional accuracy within ±10 degrees.

• Secondly, our approach is designed for urban scenes, and the performance may be affected in
rural areas where the scene semantics are relatively sparse.

In future work, we will focus on overcoming this two limitations.

A.2 Implementation details

The proposed L2RSI is implemented with Pytorch [49]. The network is trained with Adam op-
timizer [50] and experiences 100 training epochs. The learning rate is set to 5 × 10−5, and the
batch size is set to 64.We employ a StepLR learning rate scheduler, which reduces the learning rate
by a factor of 0.95 every 1000 training steps to facilitate model convergence. All experiments are
performed on Ubuntu 20.04.1 with a single NVIDIA GTX 3090 GPU with 24GB of memory.

A.3 Comparison on more datasets

Table 8: Summary statistics for LiRSI-Kitti360.
Submap Num. Seq. 00 Seq. 02 Seq. 03 Seq. 04 Seq. 05 Seq. 06 Seq. 07 Seq. 09 Seq. 10

PC 2394 2090 241 1838 857 1456 791 1941 593
RSI 3132 5677 5677 5351 5351 5351 5233 7485 7485

Area (km2) 2.93 6.30 6.30 6.98 6.98 6.98 8.58 6.06 6.06

KITTI-360 [7] is an urban scene dataset consisting of 9 sequences with a mileage of approximately
80km, commonly used for 3D perception and localization. To enable a more comprehensive evalua-
tion, we additionally associate each trajectory with corresponding remote sensing imagery. Following
the same procedure described in Sec. 5.1, we expand it to LiRSI-Kitti360, with six sequences for
training (02, 03, 04, 05, 06, 07), one sequence for validation (00), and two sequences for testing (09,
10). The statistical information of the dataset is summarized in Table 8.

Table 9: Performance comparison on LiRSI-Kitti360. Recall@1 and Recall@10 (%) are reported.
The best result is rendered in bold.

Methods Recall@1 / Recall@10 (%) ↑
Seq. 00 Seq. 09 Seq. 10

LIP-Loc [21] 19.84/56.31 10.87/38.38 2.04/11.93
GeoDTR [35] 5.26/20.01 6.80/19.84 2.73/10.22

Sample4Geo [36] 43.98/80.16 33.08/65.84 14.82/34.58
FRGeo [37] 37.30/71.39 30.09/67.39 9.37/25.04

L2RSI (w/o STPE) 42.44/80.45 31.22/70.22 12.78/36.12
L2RSI (w. SuperGlobal [48]) 41.90/70.13 31.17/61.51 12.44/25.04

L2RSI (w. PF) 80.19/90.43 66.55/78.14 27.13/34.81
L2RSI (w. STPE) 91.09/96.12 92.28/98.15 42.38/56.13

The quantitative results are presented in Table 9. L2RSI (w. STPE) achieves the best performance
across all sequences. Due to the differences in the coverage areas of the remote sensing databases,
most methods perform slightly worse on Seq. 09 than in Seq. 00. The comparable performance
of L2RSI (w. STPE) in Sequences 00 and 09 can be attributed to the use of K = 30 in the STPE
algorithm, while L2RSI (w/o STPE) also has similar Recall@30 in both sequences. All methods
exhibit noticeably poorer performance in Seq. 10, mainly cause the roadsides in this area are densely
covered by trees in the remote sensing imagery, causing the roads to be heavily occluded by vegetation.
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In contrast, the Velodyne HDL-64E LiDAR used in KITTI-360 has a vertical FOV of +2◦ to −24.8◦,
which barely captures the vegetation above the road surface, leading to severe semantic inconsistency
between the LiDAR and aerial imagery.

A.4 Impact of different semantic encoders

Table 10: Ablation study about the selection of the semantic encoder. Recall@1 and Recall@10 (%)
on LiRSI-XA and LiRSI-Oxford. † indicates that the input image size is 518× 518. The best result
is rendered in bold.

Backbones Recall@1 / Recall@10 (%) ↑
Test Set-S Test Set-M Test Set-L Test Set-G 11-14-02-26 14-12-05-52

VGG16 [51] 73.77/88.04 62.83/73.27 51.39/69.96 47.45/62.83 21.60/38.86 20.82/36.85
ResNet50 [52] 59.38/76.99 51.26/67.01 48.93/61.60 43.52/55.20 13.56/23.27 11.73/22.82

ResNet101 [52] 72.58/87.70 68.02/81.80 62.49/76.02 54.62/66.18 24.66/41.26 26.87/43.21
ConvNeXt-S [53] 83.75/88.24 77.73/81.11 74.40/78.03 67.15/73.67 30.30/51.05 31.91/49.60
DINOv2-S† [54] 84.72/90.98 78.32/87.34 65.41/78.32 68.12/77.09 1.40/3.76 0.86/3.21

MAE-B [47] 88.93/92.13 87.95/91.64 85.49/90.65 83.27/87.82 42.29/59.41 43.77/62.76

We consider several popular backbones in the selection of the semantic encoder, including VGG [51],
ResNet [52], ConvNeXt [53], DINOv2 [54] and MAE [47]. Table 10 shows the results evaluated on
the test sets of LiRSI-XA and LiRSI-Oxford. Specific pre-trained model versions are selected based
on their GPU memory requirements. MAE-B performs the best, especially in terms of generalization
ability. We attribute this to mask modeling during training, which aids the model in interpreting the
sparse semantic images generated from point cloud projections. DINOv2-S from the official source
uses a default image size of 518× 518. Images that are resized are marked with (†). Furthermore, to
accommodate single-GPU training, the batch size is set to 8, which hinder the model generalize to
LiRSI-Oxford.

A.5 Compatibility with existing pipelines

Table 11: Ablation study about the compatibility of STPE with other existing networks on LiRSI-XA
and LiRSI-Oxford. Recall@1 and Recall@10 (%) are reported. The best result is rendered in bold.

Methods Recall@1 / Recall@10 (%) ↑
Test Set-S Test Set-M Test Set-L Test Set-G 11-14-02-26 14-12-05-52

Lip-Loc [21] 52.89/77.86 46.86/69.74 42.07/60.64 32.23/46.74 4.07/18.69 3.58/18.68
GeoDTR [35] 47.52/67.81 39.40/55.26 32.41/45.06 11.33/17.85 1.97/5.46 1.11/5.67

Sample4Geo [36] 83.12/89.24 76.27/85.23 70.36/80.43 62.49/72.59 32.24/48.33 31.33/52.10
FRGeo [37] 81.34/85.55 68.94/77.80 62.32/72.28 53.95/63.06 7.95/16.87 7.98/17.39

The proposed STPE is easily compatible with existing place recognition pipelines. In Table 11, we
refine the retrieval results of the baseline methods in using STPE. The results clearly indicate that all
the methods achieve an improvement in recall on multiple test sets. However, when the vast majority
of queries in the sequence fail completely, STPE is provided with insufficient useful information, as
evidenced by the poor performance of Lip-Loc, GeoDTR and FRGeo on LiRSI-Oxford. Undoubtedly,
when the relative position between LiDAR scans is available, the proposed STPE demonstrates
superior effectiveness and compatibility with existing retrieval-based place recognition methods.

A.6 Visualization

We present a visualization of the 100 square kilometer Test Set-G database in Fig. 6. As shown,
over 60,000 remote sensing submaps are scattered across nearly all the major roads in the city. The
proposed method does not require the assumption that the vehicle’s trajectory is known, and it is
capable of performing place recognition on all potential roads.

In Fig. 7, we present some qualitative comparisons of top-1 retrieval results on Test Set-G. Some
challenging queries are selected. As can be seen, for most methods, even when the retrieval results
are incorrect, they still tend to follow a road direction similar to that of the query. Especially in the
fourth and sixth rows, where the query only shows roads and dense vegetation on both sides, the area
within a 100km2 range contains numerous highly similar locations. Competitors are helpless, while
the proposed L2RSI (w. STPE), by fully utilizing spatio-temporal information, achieves the correct
Top-1 retrieval.
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Figure 6: The visualization of the database on Test Set-G. The black circle marks the positions of the
remote sensing submaps in the database.

The last row shows a failure case. Although our method has made a significant effort to find a highly
similar location, including the east-west road, appropriate vegetation, buildings on both sides, and the
road extending towards the upper right corner. However, in the reference remote sensing image, the
south side of the correct location lacks buildings, which is due to the three-year temporal difference
between the remote sensing image and the LiDAR data. In addition, we provide a video to more
vividly showcase the place recognition results of L2RSI. The proposed method performs poorly on
the east-west oriented road at the beginning of the video, which corresponds to the segment with
serious temporal differences mentioned earlier.

A.7 More details comparing with particle filtering

Table 12: The selection of particle number K for particle filtering. Recall@1 (%) on Test Set-S is
reported. The runtime (ms) here only involves particle filtering. The best result is rendered in bold.

Test set-S 60 80 100 110 120 130 140 160 180
Recall@1 (%) ↑ 51.92 52.50 66.78 66.66 71.66 58.42 52.26 54.82 53.43

RT (ms) ↓ 19.60 19.40 19.50 19.70 19.90 20.00 19.70 19.90 19.50

In the main paper, we mention the deployment of particle filtering in the retrieval framework to
compare with the proposed particle estimation algorithm. Here we provide the specific details. We
begin by generating the initial particles based on the top-K retrieval of the first query. When the
second query arrives, we update the positions of particles using the relative pose between the two
queries provided by Fast-GICP [38], along with the directional information from the magnetometer.
Particles that fall within the R = 30m of the top-K results of the second query are retained. If no
particles survive, we regenerate new particles based on the top-K retrieval of the current query. Table
12 provides a performance comparison for different K. We ultimately chose K = 120 as the initial
number of particles. In our tasks, due to unsatisfactory results for single queries, the particles need to
be reset multiple times, which results in performance being weaker compared to the proposed STPE
algorithm.
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Figure 7: Qualitative comparisons on Test Set-G. Light blue boxes indicate the query point cloud
submaps. Green boxes indicate correct retrieval results, while red boxes indicate incorrect results. To
facilitate identification for the readers, we rotate the query to align with the same orientation as the
remote sensing imagery.
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