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ARTICLE INFO ABSTRACT

Keywords: This paper presents CrossPlace, an innovative method for cross-modal place recognition between heterogeneous
Place recognition sensor modalities, particularly between fisheye cameras and LiDAR. Place recognition is the fundamental capa-
L?DAR bility of mobile robots to determine their most likely location within a database, based on sensory input queries.
E::Z;;ameras In cross-modal place recognition, the goal is to localize using a different sensor from the one originally used to

Depth construct the database. The core contribution of this paper is a unified feature space that integrates intensity,
depth and semantic information. Both the database entries and the queries are obtained by embedding sensor
readings through the same CrossPlace model, ensuring a consistent representation across modalities. Conse-
quently, a database constructed from LiDAR can be queried with fisheye images, and vice versa, using a single
shared architecture. Furthermore, a comprehensive data transformation and preprocessing pipeline is presented.
Specifically, CrossPlace is constituted by three independent branches, each one for processing intensity, depth
and semantic information. Each branch consists of a CosPlace model for image embedding with shared weights
across sensor modalities. Late fusion through concatenation of the intensity, depth and semantic embeddings
provides optimal global performance. We conduct an exhaustive evaluation on the KITTI-360 dataset, where
CrossPlace surpasses state-of-the-art techniques across all metrics, establishing a new standard for cross-modal
place recognition in urban and highway environments. The results demonstrate the effectiveness of our unified
approach for place recognition across different sensor modalities while maintaining a robust performance under
various operating environments.

Semantic segmentation

1. Introduction while localization must be carried out using a completely different sen-

sor type. This technique avoids the high costs of capturing and storing

Traditionally, place recognition has been carried out using a unique
sensor modality, whether camera, LiDAR or Radar, both to capture the
database and to acquire query observations during navigation. This ap-
proach is effective and has proven to be robust across diverse environ-
mental and structural conditions (Wang et al., 2024b; Zhou et al., 2025).
On some occasions, the sensor used to capture the dataset and the sensor
mounted on the mobile platform (i.e. the one that captures the queries)
have different specifications. This may happen, for example, when the
initial sensor is substituted by a sensor with a higher resolution, greater
precision, or a longer range. This situation is generally manageable be-
cause the data can be filtered to match the original database (Guan et al.,
2023; Jung et al., 2025). This paper focuses on a more general and
challenging scenario: the database is built with one sensing modality,

* Corresponding author.

new datasets with the new sensor if the initial sensor on the mobile
platform is replaced. Additionally, multi-robot systems may have differ-
ent sensor configurations to operate in the same environment, making
it necessary to develop methods that enable place recognition across
different sensor modalities, such as cameras and LiDARs.

The approach presented in this study has great practical potential,
as it eliminates the need to maintain the same type of sensor for both
database and query readings. This enables the incorporation of more ad-
vanced sensors like LIDARs or new robots to the system with different
sensor configurations, eliminating the burden of capturing new com-
plete datasets. It also opens the possibility of creating a database using
a LiDAR sensor and then using less expensive RGB cameras for day-to-
day operation.
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Fig. 1. General architecture of the CrossPlace method. LiDAR and fisheye inputs are transformed into intensity (a, d), depth (b, e) and semantic (c, f) images.
Snowflake icons indicate frozen preprocessing models (MinkUNet34C Choy et al., 2019, Depth Anything V2 Yang et al., 2025, SegFormer Xie et al., 2021), while fire
icons denote trainable CosPlace backbones (Berton et al., 2022). These backbones operate both with camera and LiDAR by sharing weights between sensor modalities
to enforce a unified latent space. The final embedding is the concatenation of all branches.

This research proposes a method for place recognition between Li-
DAR sensors and omnidirectional vision systems (composed of two fish-
eye cameras, which are rotated 180° from each other). To achieve this,
readings from different sensor types must be transformed into the same
descriptor space. Specifically, both omnidirectional views (from the fish-
eye cameras) and LiDAR scans are transformed into intensity, depth and
semantic spaces, enabling the use of the same network architecture for
both types of sensor data. In summary, the main contributions of this
approach are:

¢ CrossPlace: a novel method for place recognition between hetero-
geneous sensor modalities (LiDAR and omnidirectional fisheye cam-
eras), by transforming both sensor inputs into a shared feature space
of intensity, depth and semantics. Thus, CrossPlace enables the use
of the same neural network to perform place recognition regardless
of the input sensor data.

e Modality transformation and representation optimization: a
comprehensive processing pipeline that converts fisheye images and
LiDAR point clouds into unified intensity, depth and semantic rep-
resentations. This includes advanced techniques such as depth esti-
mation, semantic segmentation and LiDAR data completion.

e Unified training and feature fusion strategy: a unified cross-
modal training approach is proposed, which randomly selects simi-
lar and different pairs of scenes captured with the same or different
sensor types. As a result, it enables the model to learn a common
descriptor space while avoiding the use of distillation techniques.

¢ Comprehensive evaluation: a detailed analysis of the performance
of CrossPlace on the KITTI-360 dataset is provided, demonstrat-
ing the feasibility of place recognition with different sensors in
urban and highway environments. The proposed approach signif-
icantly outperforms existing methods, setting a new standard for
cross-modal place recognition between LiDAR and omnidirectional
vision systems (based on two fisheye cameras rotated 180° from each
other).

2. Related work

Cross-modal place recognition is an emerging area in mobile
robotics. Traditionally, place recognition systems have used the same
type of sensor to capture both the database and the query readings
used to carry out place recognition. However, this usual approach may
present practical limitations as sensors can change over time. In addi-
tion, it could be beneficial to adapt recognition systems to new sensor
modalities while avoiding the need to capture a new database. In this
context, it is necessary to develop methods that enable place recognition
using different sensor modalities, such as cameras and LiDARs.

In recent years, various approaches have emerged to address cross-
modal place recognition. Cattaneo et al. (2020) focus on bringing stan-
dard images and point clouds to the same descriptor space using VGG16
(Simonyan & Zisserman, 2014) and PointNet (Qi et al., 2017), respec-
tively. Moreover, Yin et al. (2021) propose i3dLoc, a method that seeks
robustness against inconsistent environmental conditions by transform-
ing equirectangular images into range projections through Generative
Adversarial Networks (GANs). The method uses contrastive learning to
align the representations of images and point clouds. In addition, the
(LC)> method (Lee et al., 2023) transforms standard images and Li-
DAR point clouds into disparity and range images, respectively. Con-
sequently, the gap between the image and point cloud representations
is reduced. In addition, two different architectures are employed to pro-
cess disparity images and range images.

Zhao et al. (2023) developed a system that uses attention mech-
anisms to correlate equirectangular images and point clouds using
ResNet-18 (He et al., 2016) and PointNet (Qi et al., 2017), respectively.
I12P-Rec (Zheng et al., 2023) introduces a bird’s eye view projection
for both LiDAR point clouds and stereo-estimated point clouds. These
projections are then processed using a ResNet-34 backbone for feature
extraction, followed by a NetVLAD layer (Arandjelovic et al., 2016)
for feature aggregation. In contrast, VXP (Li et al., 2025b) aligns the
correspondences between voxels (3D units) and pixels (2D units) in a
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Fig. 2. Transformation of the left (a) and right (b) fisheye images to the equirectangular projection (c).
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Fig. 3. Equirectangular RGB image (a); RGB image cropped to LiDAR FOV (b); grayscale image cropped to LiDAR FOV (c); and inpainting to remove occlusions
from the vehicle carrying the sensors (d). Three zoomed areas are presented below, captured from the equirectangular RGB image (red), grayscale image (yellow)
and the inpainted version (orange). As shown in these images, the front of the car is completely inpainted.

self-supervised manner, unifying them in a common feature space. The
method uses DINO ViTs-8 (Karypidis et al., 2024) to extract features
from standard images and VoxelNet (Zhou & Tuzel, 2018) for LiDAR
data. This method has provided state-of-the-art results in cross-modal
place recognition between standard images and LiDAR point clouds on
datasets such as Oxford RobotCar (Maddern et al., 2017) and KITTI
(Geiger et al., 2012).

LIP-Loc (Shubodh et al., 2024) applies the CLIP approach (Radford
et al., 2021), which brings text, audio and images into the same de-
scriptor space, but also, in this case of place recognition, between stan-
dard images and LiDAR point clouds. This method focuses on the align-
ment of features between standard images and point clouds projected
to range images, achieving a common representation that allows cross-
modal place recognition. Moreover, Saliencyl2PLoc (Li et al., 2025a)
uses a dual transformer based on a ViT (Dosovitskiy et al., 2020) and
PointNet (Qi et al., 2017) for cross-modal place recognition between
equirectangular images and LiDAR point clouds. Moreover, Meng et al.
(2025) first propose a unified learning space for LiDAR and standard
cameras using a Siamese Neural Network called Cross-PRNet.

Additionally, approaches such as DistilVPR (Wang et al., 2024a)
make use of distillation techniques to transfer knowledge from 3D fea-
ture extractors to image feature extractors, achieving a robust and con-
sistent representation between modalities. Another recent approach is,
VOLoc (Cai et al., 2024), which addresses the problem of embedding Li-
DAR data as database for efficient visual queries. Furthermore, UniLoc
(Xia et al., 2024) stands out as a universal solution for urban-scale place
recognition, capable of using any modality: text, image or point cloud.
However, this method uses visual information to color the LiDAR point
cloud, which differs from the task proposed in this paper, as our goal
is to perform place recognition without combining information from
different sensor modalities. Moreover, this fusion of visual and LiDAR
information generally requires the calibration of both systems, which is
not always straightforward (Martinez et al., 2025).

Despite advances in cross-modal place recognition, many existing
approaches require training each modality network separately and then

distilling the knowledge between them (Wang et al., 2024a). This can
be inefficient and complicated, especially when dealing with multiple
modalities. The technique proposed in this paper, CrossPlace, seeks
to overcome these limitations by transforming omnidirectional views
(from the two fisheye cameras) and LiDAR point clouds to a common
space of intensity, depth and semantic information. As a result, a unified
architecture can be employed and, furthermore, the training phase can
be carried out jointly with the different sensor types.

3. Cross-modal place recognition between fisheye
omnidirectional cameras and LiDAR based on a common
information space

This section presents CrossPlace, the proposed approach for place
recognition between omnidirectional fisheye cameras and LiDAR. The
core methodology relies on bridging the modality gap by transforming
raw readings from both heterogeneous sensors into a unified 2D feature
space consisting of three distinct channels: intensity, depth and seman-
tics. This pre-alignment process is specifically designed to overcome the
representation conflicts and convergence bottlenecks that potentially
appear in asymmetric cross-modal architectures. The extraction of these
three information channels for both modalities is detailed as follows:

¢ Intensity channel: This channel captures the visual appearance and
textures of the environment. For fisheye cameras, it is obtained via a
direct grayscale conversion of the equirectangular RGB image. As for
LiDAR, it is generated by projecting the laser remission (reflectivity)
values of the point cloud into a 2D panoramic image.

¢ Depth channel: This channel provides the 3D structural geometry of
the scene. For fisheye cameras, dense depth maps are inferred from
the equirectangular RGB image using the pre-trained Depth Anything
V2 Large model (Yang et al., 2025). In the case of the LiDAR sensor,
the depth information is acquired inherently by projecting the Eu-
clidean distance of each captured point into the panoramic space.

¢ Semantic channel: This channel captures high-level scene under-
standing. For fisheye cameras, semantic segmentation is performed
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Fig. 4. Equirectangular depth image (a); cropped to LiDAR FOV (b); inpainting to remove occlusions from the vehicle carrying the sensors (c); and enhancement of
the depth image to improve discrimination of distant objects (d). Three zoomed areas are presented below, captured from the equirectangular depth image (red),
the inpainted version (yellow) and the inpainted and enhanced depth image (orange).

|

Fig. 5. Semantically segmented equirectangular image (a); cropped to LiDAR FOV (b); and inpainting to remove occlusions from the vehicle carrying the sensors
(c). Two zoomed areas are presented below, captured from the equirectangular segmented image (red) and the inpainted version (yellow).

directly on the equirectangular image using the pre-trained Seg-
Former model (Xie et al., 2021). LiDAR data is processed by infer-
ring point-wise semantic labels using the pre-trained MinkUNet34C
model (Choy et al., 2019) and subsequently projected onto a 2D
panorama. To ensure cross-modal consistency, the distinct semantic
labels from both networks are harmonized into a reduced, common
set of categories.

Once these three image representations are generated for a given
sensor reading, they are processed by our proposed CrossPlace archi-
tecture. This framework is composed of three independent branches.
Each branch is based on the CosPlace model (Berton et al., 2022) with a
ResNet-152 (He et al., 2016) backbone, which has proven to be highly
effective in visual place recognition.

Each branch is explicitly dedicated to processing a specific type of
image: an intensity CosPlace model, a depth CosPlace model, and a se-
mantic CosPlace model. These three models are trained independently
according to their specific input domain. Finally, the embeddings ex-
tracted by each branch are fused through concatenation. This late fu-
sion permits combining the features learned from each bridging source,
which improves the ability of the method to recognize places. As demon-
strated in the experiments (Section 4.5.3), different bridging sources
have been evaluated independently and in combination, confirming that
the fusion of intensity, depth and semantic information significantly
enhances place recognition performance. By leveraging a unified pre-
processing stage, CrossPlace employs the exact same network architec-
ture and shared weights for both LiDAR and fisheye camera inputs. This
unified design handles both 2D-3D and 3D-2D retrieval tasks natively,
avoiding the need for distinct backbones typically required by other
state-of-the-art methods to process heterogeneous data (Cattaneo et al.,
2020; Li et al., 2025b; Zhao et al., 2023) (see Fig. 1).

Next, Sections 3.1 and 3.2 further detail the comprehensive data
transformation and preprocessing pipelines applied to the fisheye im-
ages and LiDAR point clouds to successfully build this shared space.

3.1. Transformation of fisheye images to intensity, depth and semantic
space

In the dataset used, the vision system is composed of two fisheye
cameras which are rotated 180° relative to each other in order to capture
opposite views of the environment. These images are then combined to
generate a 360° equirectangular image. In this research, the polynomial-
based geometric transformation proposed by Flores et al. (2024) is used
to generate a single 360° image from the information captured by both
fisheye cameras. Given a pair of fisheye images, the first step consists in
converting each image into an equirectangular image. To represent the
fisheye image in a spherical projection, an inverse mapping is carried
out, that is: given a pixel in the equirectangular image, it is projected
onto a unit sphere and then onto the fisheye image. In this way, each
pixel of the final equirectangular image has an associated RGB value. To
perform the projection from unit sphere to fisheye image, the camera
model of Mei and Rives (2007) provided by the KITTI-360 dataset (Liao
et al., 2022) is used.

Once the two equirectangular images are obtained, it is important to
calculate and apply a geometric transformation to express them in the
same reference system. Flores et al. (2024) propose using a polynomial
to perform this geometric transformation between both equirectangular
images. This is the technique used in the present paper. To estimate this
transformation, correspondences between points extracted from both
images are required. These correspondences are obtained through the
use of ORB (Rublee et al., 2011), which computes a set of keypoints
and their descriptors in both fisheye images. Subsequently, the corre-
sponding points are used to estimate the polynomial function that best
describes the transformation between the two fisheye images. Fig. 2 (a),
(b) and (c) show two sample fisheye images and the resulting equirect-
angular image computed with the transformation process. It should be
noted that the polynomial transformation model is calculated once and
then applied to all fisheye image pairs in the dataset, which allows effi-
cient and consistent conversion to equirectangular format.
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Fig. 6. Transformation process of LiDAR point clouds to intensity images. (a) LiDAR point cloud; (b) Panoramic image generated from the point cloud with LiDAR
intensity; (c) Intensity panoramic image vertically interpolated to complete missing pixels; and (d) Intensity panoramic image vertically interpolated and vehicle
inpainting. Three zoomed areas are presented below, captured from the LiDAR projected intensity image (red), the interpolated intensity image (yellow), and both

the interpolated and inpainted version (orange).

Merging the two fisheye images into a single equirectangular image
not only avoids information redundancy but also enables direct compar-
ison with the images generated from the LiDAR sensor. By transforming
both views into a single 360° image, a continuous vision of the environ-
ment, without overlaps, is obtained. Furthermore, working with a single
image allows the use of a unified network architecture for both sensor
modalities, which simplifies the place recognition process and improves
system efficiency.

3.1.1. Transformation to intensity space

The transformation of the equirectangular image to the intensity
space is directly performed through a simple conversion to grayscale
(Fig. 3 (c)). This conversion is necessary to enable the comparison be-
tween equirectangular images with intensity images generated from Li-
DAR scans, which are also represented with one channel.

3.1.2. Transformation to depth space

Depth information is obtained from the 360° equirectangular view
by Depth Anything V2 Large (Yang et al., 2025), which has been orig-
inally trained with standard images in a wide variety of scenarios and
lighting conditions, making it suitable to infer distance information in
complex urban environments, such as the ones used during the exper-
iments. Therefore, this depth estimation model is used to convert the
equirectangular image to a depth map (Fig. 4 (a)). The depth map pro-
vides information about the relative distance between points in the scene
to the cameras, which provides relevant information for place recogni-
tion.

3.1.3. Transformation to semantic space

A third source of information is added to the place recognition ar-
chitecture, with the objective of enhancing its capabilities. Specifically,
the SegFormer model (Xie et al., 2021) is used to perform a semantic
segmentation of the equirectangular image. Like the depth model, Seg-
Former has been originally trained with standard images to segment
different objects in the scene, such as buildings, vehicles and pedestri-
ans. In this paper, it is applied to each equirectangular image (Fig. 5 (a))
and the result is a image with semantic information.

Finally, the resulting intensity, depth and semantic images are
cropped to match the Field Of View (FOV) of the LiDAR sensor, which
permits direct comparison with point cloud scans converted to intensity,
range and semantics (Figs. 3 (c), 4 (b) and 5 (b)). In addition, the LaMa
inpainting model (Suvorov et al., 2021) is used to eliminate occlusions
caused by the vehicle carrying the sensors (Figs. 3 (d) and 4 (c)) and, in
the case of the semantically segmented image, the vehicle is removed
directly by changing the semantic category of the image area where the
car appears to the “road” class (Fig. 5 (c)). In addition, the depth im-
age is transformed to achieve a greater contrast in distant areas. To do
this, each pixel value (depth) is raised to the fifth power. It improves

Table 1
Parameters and values used for the spherical projection of
the LiDAR point clouds.

Parameter Value

Horizontal Field of View

Vertical Field of View

Projected Image Width (W)
Projected Image Height (H)
Effective Horizontal Resolution (A¢)
Effective Vertical Resolution (A6)

360 degrees

26.8 degrees

1024 pixels

64 pixels

0.35 degrees/pixel
0.42 degrees/pixel

the discrimination of buildings, vegetation and other distant objects in
the environment (Fig. 4 (d)).

3.2. Transformation of LiDAR point clouds to intensity, depth and
semantic space

LiDAR sensor point clouds (Fig. 6 (a)) are projected into a two-
dimensional panoramic representation by means of a spherical projec-
tion. Given a LiDAR point cloud with coordinates (x, y, z), each point is
mapped to spherical coordinates (r, ¢, 0), where:

- VETRAE
¢ = —arctan 2(y, x) 1)
# = arcsin (f)

The angular values are discretized according to the sensor’s resolution
to obtain image coordinates (u, v):

I

v=| 3]
A0
where A¢ and A6 represent the effective angular resolution per pixel of
the projected image. Note that while the raw LiDAR sensor has a specific
raw horizontal resolution (approx. 0.08°), in this work we define the
effective horizontal resolution A¢ based on a fixed image width W to
ensure consistent input dimensions for the network. Specifically, A¢ =
360°/W. Table 1 summarizes the projection parameters used for the
KITTI-360 dataset.

This process is used to generate images with intensity, depth, and se-
mantic information, enabling direct comparison with the corresponding
fisheye camera representations. The following subsections describe the
transformation process for each bridging source.

@

3.2.1. Transformation to intensity space
To obtain the intensity image, each point cloud is projected onto a
panoramic image using the spherical coordinates described above. Each
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Fig. 7. Transformation process of LiDAR point clouds to range images. (a) LiDAR point cloud; (b) Panoramic image generated from the point cloud; (c) Depth
panoramic image vertically interpolated to complete missing pixels; and (d) Depth panoramic image vertically interpolated and vehicle inpainting. Three zoomed
areas are presented below, captured from the LiDAR projected depth image (red), the interpolated depth image (yellow), and both the interpolated and inpainted
version (orange).
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Fig. 8. Transformation process of LiDAR point clouds to semantically segmented images. (a) Segmented LiDAR point cloud; (b) Panoramic image generated from
the segmented point cloud; (c) Segmented panoramic image vertically interpolated to complete missing pixels; and (d) Segmented panoramic image vertically
interpolated with filtering of the vehicle carrying the sensors. Three zoomed areas are presented below, captured from the LiDAR projected segmented image (red),
the interpolated segmented image (yellow), and both the interpolated and inpainted version (orange).

pixel (u, v) in the resulting image stores the intensity value of the corre-
sponding LiDAR point, representing the laser remission (Fig. 6 (b)). The
intensity reflects the amount of light returned from objects in the scene.
Due to the limited vertical resolution of the LiDAR sensor, some pixels
may lack data; these are completed using vertical linear interpolation
(Fig. 6 (c)). Additionally, inpainting is applied to remove the vehicle
carrying the sensors (Fig. 6 (d)), ensuring consistency with the fisheye
camera preprocessing.

3.2.2. Transformation to depth space

For the depth image, the LiDAR point cloud is projected onto a
panoramic image where each pixel (u, v) stores the Euclidean distance r
from the sensor to the point (Fig. 7 (b)). Missing pixels due to vertical
resolution are completed by vertical linear interpolation (Fig. 7 (c)), and
inpainting is used to remove the vehicle (Fig. 7 (d)).

3.2.3. Transformation to semantic space

Regarding the semantic information of the LiDAR point cloud, it is
first segmented using MinkUNet34C (Choy et al., 2019), which classifies
each point in the cloud among 20 possible semantic categories (Fig. 8
(a)). Next, the segmented point cloud is projected onto a panoramic im-
age, where each pixel (4, v) takes the color of the semantic category cor-
responding to the closest point in the segmented point cloud (Fig. 8 (b)).
It should be noted that the semantic classes provided by MinkUNet do
not exactly match the categories used by SegFormer (Xie et al., 2021). To
build a common space for place recognition based on semantic informa-
tion, the categories are unified into a common label set. Table 2 details
the semantic harmonization strategy, mapping the specific classes from
Cityscapes and SemanticKITTI to the unified categories used in Cross-
Place.

Table 2

Semantic harmonization strategy. The table shows the mapping of classes from
the source datasets (Cityscapes and SemanticKITTI) to the unified CrossPlace
label set (ID).

ID  Unified Class SegFormer (Cityscapes)  MinkUNet (SemanticKITTI)

0 Road Road Road

1 Sidewalk Sidewalk Sidewalk

2 Building Building Building

3 Wall/Fence Wall, Fence Fence

4 Pole/Traffic Light ~ Pole/Traffic Light Pole

5 Traffic Sign Traffic Sign Traffic-sign

6 Vegetation Vegetation Vegetation, Trunk

7 Terrain Terrain Terrain, Other-ground
8 Person Person Person

9 Rider Rider Bicyclist, Motorcyclist
10 Car Car Car

11 Truck Truck Truck

12 Other-vehicle Bus/Train Other-vehicle

13 Motorcycle Motorcycle Motorcycle

14  Bicycle Bicycle Bicycle

15 Unknown Sky Unlabeled, Parking

Finally, there are pixels that do not have direct correspondence with
LiDAR scans, due to: (1) the low vertical resolution of the LiDAR sen-
sor, (2) points above the maximum range or below the minimum range
of the sensor. To address the problem of pixels without correspondence
due to the resolution of the LiDAR sensor, a vertical interpolation al-
gorithm is applied. An example is presented in Figs. 6-8. In particular,
the images in Figs. 6 (c), 7 (c) and 8 (c) are obtained from Figs. 6 (b),
7 (b) and 8 (b), respectively, by applying an interpolation on the ver-
tical axis. This vertical interpolation algorithm relies on the heuristic
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Table 3
Distribution of data pairs per sequence in the KITTI-360 dataset.
Sequence
Set Type 00 02 03 04 05 06 07 08 09 10 18
Train Query 2096 3349 2854 1382 2305 818 1592 3058 900 -
Database 6917 10,320 8198 4909 6881 1230 5108 10,189 2126 -
Query 332 404 - -
Test Database 1169 606 - -
Query 376 902
Further T
urther Test 1y tabase 466 2545
Table 4

Summary of number of queries and database pairs in the KITTI-360 dataset used in the experiments, including the sequences

for each environment.

Urban environment

Highway environment

Set

Sequences Query Database  Total Sequences  Query  Database  Total
Training 00, 02, 04, 05, 06, 07, 08, 09, 10 18,354 55,878 74,232 - - -
Test 00 332 1169 1501 03 404 606 1010
Further Test 18 902 2545 3447 07 376 466 842

that vertically adjacent points in point clouds are likely to belong to the
same object (Liu et al., 2020), a strategy also adopted by recent state-of-
the-art methods like ModaLink (Xie et al., 2024) to densify sparse LiDAR
representations. While this assumption implies a simplification, particu-
larly at the boundaries of vertically overlapping structures, it effectively
addresses the sparsity of LiDAR projections. Consequently, interpolated
points are generated considering vertically adjacent pixels to complete
the intensity, depth and semantic images. In some cases, some objects
do not reflect information to the LiDAR (when the object is at a large
distance or possesses a low reflectivity). In this situation, those points
are assigned a zero value in the projected images (in intensity, depth
and semantic information), indicating that no information is available
for those pixels. Finally, points that do not have direct correspondence
with LiDAR scans because they are too close to the sensor are completed
through an inpainting process with LaMa (Suvorov et al., 2021) (Figs. 6
(d) and 7 (d)) and, in the case of the semantically segmented image, the
pixels corresponding to the vehicle carrying the sensors are removed
and assigned the “road” class (Fig. 8 (d)).

4. Experiments
4.1. Datasets

The proposed method is evaluated using the KITTI-360 dataset (Liao
et al.,, 2022), which contains information from various sensors and
has been captured in several areas of Karlsruhe (Germany), including
both urban and highway environments. This dataset contains more than
320,000 images and 100,000 LiDAR scans over a distance of 73.7 km.
Among the different sensors available on the vehicle, this study only
uses data captured by the two fisheye cameras and the Velodyne HDL-
64E LiDAR sensor. The fisheye cameras, which have a field of view of
185°, were installed on both sides of the vehicle to provide a 360° view
of the environment. The LiDAR sensor is mounted on top of the vehi-
cle and has a vertical resolution of 64 channels and a raw horizontal
angular resolution of approximately 0.08°. It provides point clouds that
cover a range of 120 m with a horizontal field of view of 360° and a ver-
tical field of view of 26.8°. Additionally, it provides precise geolocated
information, including GPS coordinates and vehicle orientation, which
allows the labeling and identification of the sensor readings in the map.

4.2. Training and evaluation

To conduct the experiments, the dataset has been divided following
the protocol established by Li et al. (2025a), splitting the different se-

quences that compose the dataset into urban and highway areas. Some
sequences are purely urban (00, 02, 04, 05, 06, 08, 09, 10 and 18), one
sequence corresponds exclusively to highway driving (03), and another
includes both urban and highway trajectories (07). Table 3 presents the
distribution of data pairs per sequence in the KITTI-360 dataset, while
Table 4 summarizes the total number of data pairs in each set. Note
that a pair consists of an equirectangular image (constructed from the
two fisheye images captured by the cameras) and a LiDAR point cloud
captured at the same time instant, both serving as query or database el-
ements depending on the evaluation mode (2D-3D or 3D-2D). For train-
ing, only the urban areas of sequences 00, 02, 04, 05, 06, 07, 08, 09
and 10 were used, reserving part of sequence 00 and the highway seg-
ment of sequence 07 for testing. This training set covers a great variety
of urban environments, including residential streets, commercial areas
and scenarios with high traffic density. In total, 74,232 pairs of fisheye
images and LiDAR point clouds were generated for training.

For evaluation, two test sets were defined, each containing both ur-
ban and highway environments. The first evaluation set, referred to as
“Test”, includes the urban portion of sequence 00 (different from the seg-
ment used in training) and the entire highway sequence 03, with 1501
and 1010 data pairs, respectively (as indicated in Table 4). The second
evaluation set, called “Further Test”, includes the full urban sequence 18
and the highway segment of sequence 07 (not used in the training), with
a total of 3447 and 842 data pairs, respectively (see Table 4). Both sets
are used in the ablation study (Section 4.5) and to compare the proposed
CrossPlace method with other state-of-the-art approaches (Section 4.6),
enabling performance evaluation under different scenarios and condi-
tions.

It should be noted that query data (both in training and testing) were
sampled every 3 m (following (Li et al., 2025a; Zhao et al., 2023)), while
the remaining readings formed the database. This ensures realistic eval-
uation conditions, where queries are collected at different spatial loca-
tions relative to the database readings. In total, 74,232 data pairs are
available for training and 6800 data pairs for evaluation, providing a
solid foundation for training and evaluation of the proposed method.

Regarding the evaluation metrics, the standard metric in place recog-
nition has been used: recall at 1 (R@1), which measures the propor-
tion of queries for which the closest element in the descriptor space is
a true positive, i.e. it is within a distance threshold of d meters. This
distance threshold d takes a value of 10 m in Section 4.5, 20m in Sec-
tion 4.6.1 and 5m in Section 4.6.2 to ensure a fair comparison with
previous research (Jiao et al., 2025; Li et al., 2025a; Shubodh et al.,
2024; Xie et al., 2024; Zhao et al., 2023). The variants R@5 and R@1%
will be also used in Sections 4.6.1 and 4.6.2, respectively. These metrics
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are fundamental for assessing the effectiveness of the model in place
recognition between different sensor modalities, given the complexity
this problem poses in the current state-of-the-art.

As previously introduced, two evaluation scenarios are considered to
assess cross-modal place recognition: (1) using fisheye images as queries
and projected LiDAR point clouds as the database (2D-3D), and (2) using
LiDAR point clouds as queries and fisheye images as the database (3D-
2D). It is important to note that the proposed architecture is also capable
of solving unimodal scenarios, such as 2D-2D (camera-to-camera) and
3D-3D (LiDAR-to-LiDAR) place recognition, since the unified descriptor
space enables matching within the same modality. However, it is not the
focus of this paper. In the 2D-3D scenario, the robot is equipped only
with a pair of fisheye cameras and attempts to recognize places within a
map constructed exclusively from LiDAR data. Here, query descriptors
are extracted from the fisheye images using the proposed architecture
and compared against database descriptors generated from LiDAR scans.
Conversely, the 3D-2D scenario assumes that the robot is equipped with
a LiDAR sensor and must localize itself within a map built from fisheye
camera images. In this case, the query descriptor is computed from the
LiDAR scan and compared with database descriptors obtained from fish-
eye images. Importantly, the same CrossPlace architecture is employed
for both evaluation processes, ensuring consistency across modalities.

4.3. Labelling and similarity

For similarity labelling between pairs of fisheye images and LiDAR
point clouds, the GPS information provided by the KITTI-360 dataset
(Liao et al., 2022) is used. Thus, the similarity is defined between a
query reading (whether from fisheye cameras or LiDAR) and a database
element, based on the Euclidean distance between their GPS capture
positions. Specifically, two captures (regardless of the sensor modality)
are considered positive if they were taken within an Euclidean distance
less than p = 10 meters from each other. Conversely, they are considered
negative if the distance between them is greater than » = 50 meters. In
this way, given a reference reading, positive and negative examples are
selected independently of the sensor modality, either fisheye images or
LiDAR point clouds. This criterion allows creating training pairs that
promote unified learning in a single network model for both modalities,
facilitating the encoding of both data types in the same descriptor space
and therefore enabling cross-modal place recognition.

4.4. Implementation details

For the fine-tuning of each branch of the CrossPlace architecture, the
Truncated Smooth-AP (TSAP) loss function is employed, which aims to
optimize the ranking of positive candidates within the top-k results. Its
formulation minimizes the gap between the smoothed average precision
of each query and the ideal value, and is defined as:

b
1
Lrsap =y Y(1-AP) 3)
gq=1
where b denotes the batch size and AP, corresponds to the smoothed
average precision for a query reading ¢. The computation of AP, is ex-
pressed as:

AP = 1 1+ Y ep iz Gd (g, i) — d(q,)); )
T IPI A+ Y eq, G(q. ) — d(g.)):7)

where P represents the set of the k closest positives (with k = 4), and
Q denotes the set containing all positives and negatives. The function

G(x;7) = (1 + exp (—f)) I

trols the ranking sharpness. The term d(g, i) represents the Euclidean dis-
tance between the descriptor of the query point cloud (or image) g and
the i-th image (or point cloud). The numerator expresses a soft ranking
of a positive point i among the top-k positives, while the denominator
evaluates its ranking among all the other candidates.

(€]

is a sigmoid parametrized by z, which con-
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Table 5
Parameters and values used to fine-
tune each branch of the CrossPlace ar-

chitecture.
Parameter Value
Positive distance (p) 10m
Negative distance (n) 50m
Batch size 1024
Number of epochs 4
Initial Learning Rate (LR) 1x1073
LR Scheduler Steps 2,3
L2 Weight Decay 1x107*
Positives per Query (k) 4
Sigmoid sharpness (r) 0.01
Distance threshold (d) 10m

For effective performance, this loss function requires a large batch
size (Komorowski, 2022). In this approach, a batch size of 1024 elements
(images or point clouds) is selected, which ensures better convergence
and training stability. The model is trained for 4 epochs using the Adam
optimizer with an initial learning rate of 1 x 1073, The learning rate is
reduced by a factor of 10 at epochs 2 and 3, allowing for finer con-
vergence at the later training stages. The parameters employed to train
CrossPlace are summarized in Table 5.

All experiments are conducted on an NVIDIA GeForce RTX 3090 GPU
with 24 GB. Our code is publicly available on the project website.!

4.5. Ablation study

In this section, the influence of the most relevant parts of the frame-
work is analysed. Specifically, Section 4.5.1 studies the performance of
the proposed method depending on the bridging source of information
used to compare fisheye images and LiDAR point clouds (i.e. intensity,
depth of semantic information). Subsequently, Section 4.5.2 analyses
the impact of preprocessing intensity, depth and semantic images, as-
sessing the influence of the different preprocessing techniques on the
quality of the extracted features. Finally, in Section 4.5.3, different fu-
sion techniques of features extracted from intensity, depth and semantic
images are studied to determine their influence on cross-modal place
recognition.

4.5.1. Intensity, depth and semantics as bridging sources between LiDAR
and camera

In this section, the influence of each bridging source (intensity, depth
and semantics) is studied, evaluating each of them separately to clarify
their individual contributions to cross-modal place recognition. Specif-
ically, each branch of the CrossPlace architecture is trained and tested
independently (without preprocessing), allowing a direct comparison
of their effectiveness in bridging the camera and LiDAR modalities. For
this purpose, each branch is trained and evaluated separately in terms of
R@1 with the Test and Further Test sets, differentiating between urban
and highway environments, and between 2D-3D and 3D-2D modalities.
As described in Section 3, intensity information is obtained directly from
the equirectangular images provided by the fisheye cameras, and from
the LiDAR intensity. Additionally, depth information is also obtained di-
rectly from LiDAR projection, but for depth estimation in equirectangu-
lar images Depth Anything V2 Large (Yang et al., 2025) is used. Finally,
semantic information is obtained from equirectangular images using the
SegFormer (Xie et al., 2021) model and from LiDAR point cloud using
the MinkUNet34C (Choy et al., 2019) model.

The results shown in Table 6 indicate that intensity information
presents the lowest performance in all cases, especially on highways,
where the R@1 does not exceed 76% in any of the modalities. How-
ever, as indicated previously, it is the only bridging source that does

! https://juanjo-cabrera.github.io/projects- CrossPlace/
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An independent evaluation of the different bridging sources (intensity, depth and semantics) be-
tween LiDAR and fisheye cameras. The table shows the R@1 (expressed as a percentage) for a
distance d = 10m on the Test and Further Test sets, differentiating between urban and highway en-
vironments, and between 2D-3D and 3D-2D queries. The last column shows the total average of the

8 values.

Test Further Test

Urban (00) Highway (03) Urban (18) Highway (07)
Source 2D-3D 3D-2D 2D-3D 3D-2D 2D-3D 3D-2D 2D-3D 3D-2D Total
Intensity 98.19 97.89 75.25 72.03 94.12 94.24 63.30 62.23 82.16
Depth 98.80 98.19 87.62 88.61 95.57 95.23 82.18 80.32 90.82
Semantics 99.70 100.00 78.22 85.40 98.67 97.23 76.06 72.12 88.68

Table 7

The influence of the different preprocessing techniques applied to the grayscale image (2D) and the LiDAR
intensity (3D) on the performance of the CrossPlace intensity branch. The table shows the R@1 (expressed
as a percentage) for a distance d = 10m on the Test and Further Test sets, differentiating between urban and
highway environments, and between 2D-3D and 3D-2D queries. The last column shows the total average of the

8 values.
Test Further Test
Urban (00) Highway (03) Urban (18) Highway (07)
Intensity 2D-3D 3D-2D 2D-3D 3D-2D 2D-3D 3D-2D 2D-3D 3D-2D Total
Baseline 98.19 97.89 75.25 72.03 94.12 94.24 63.30 62.23 82.16
2D + Static Mask ? 98.34 98.22 76.15 73.12 93.45 92.88 64.81 61.67 82.33
+ inpainting " 98.49 98.49 77.23 74.50 92.79 91.80 66.76 60.90 82.62
3D + Interpolation 98.19 97.89 76.98 76.49 96.34 92.57 68.88 72.87 85.03
+ inpainting © 97.89 98.19 73.02 72.28 94.12 90.24 71.81 69.68 83.40

2 Application of a static zero-cost mask over the ego-vehicle region.
b Inpainting the ego-vehicle region in the grayscale equirectangular image.
¢ Inpainting the ego-vehicle region in the LiDAR intensity image.

not require any prior learning model, since it is based solely on the in-
tensity of LiDAR scans and grayscale images from cameras. Regarding
semantic information as a bridging source, it is the most robust in urban
environments reaching a R@1 close to 100% in most cases. However, on
highways, this type of information presents poorer performance. Specif-
ically, if we compare the results of semantic information with depth in
highway environments, depth surpasses semantics in all cases, being a
more suitable bridging source for recognition in more homogeneous and
repetitive environments like highways, where scene geometry is crucial
for place identification. In general, depth information shows superior
performance compared to intensity and semantics in all cases, reaching
an average R@1 of 90.82%, but when it comes to urban environments,
semantics surpasses depth information.

4.5.2. Preprocessing of intensity, depth and semantics

In this section, the influence of preprocessing intensity, depth and se-
mantic images before feeding each branch of the CrossPlace architecture
is studied independently. The results obtained will demonstrate that the
preprocessing stage is crucial to improve the cross-modal retrieval in the
database using both sensor modalities. Specifically, two preprocessing
techniques are evaluated, as described in Section 3: (1) inpainting the
vehicle carrying the sensors in both fisheye and LiDAR images and (2)
vertical interpolation of LiDAR images.

Table 7 shows the R@1 results of the intensity branch with different
preprocessing techniques on both LiDAR intensity images and grayscale
equirectangular images. First, the baseline result is obtained without any
preprocessing (raw data), achieving an average R@1 =82.16%. Next, to
evaluate a computationally efficient alternative for handling ego-vehicle
occlusion, a zero-cost static mask is applied over the occluded region.
This simple masking slightly improves the baseline to 82.33%, demon-
strating that the network can learn to partially ignore this area without
additional processing overhead. However, when an advanced inpaint-

ing technique is applied to actively reconstruct the road texture from
the grayscale equirectangular image, the global performance further in-
creases to 82.62%. This indicates that the framework is robust to po-
tential artifacts generated by the inpainting process. The removal of the
vehicle from the images provides benefits that outweigh the minor ar-
tifacts in the reconstructed road texture. From now on, this inpainting
technique will be applied to the 2D intensity images. Subsequently, the
vertical interpolation technique is applied to the LiDAR intensity image,
which further improves the R@1 to 85.03%. This technique is especially
effective in highway sequences and specifically in the 3D-2D modality,
where the query images come from LiDAR and the database consists
of equirectangular fisheye views, reaching 76.49% and 72.87% in se-
quences 03 and 07, respectively (from a baseline R@1 of 72.03% and
62.23%). Finally, in addition to the vertical interpolation, inpainting is
applied to the LiDAR intensity image to remove the vehicle carrying
the sensors. However, this processing on the input LiDAR intensity im-
age does not produce the desired effect on the global performance of
the intensity branch. Therefore, from here on, only both the vertical in-
terpolation for LiDAR intensity images and the inpainting for grayscale
equirectangular images will be used.

Subsequently, Table 8 presents the results of the depth branch when
preprocessing techniques are applied to the equirectangular depth im-
ages (obtained through Depth Anything V2) and the spherical projection
of LiDAR. To begin with, the baseline does not have any preprocessing,
obtaining an average R@1 of 90.82%. Similar to the intensity branch,
applying a zero-cost static mask over the ego-vehicle yields a noticeable
improvement (91.26%). Nevertheless, employing the advanced inpaint-
ing technique to actively reconstruct this region in the 2D equirectan-
gular depth image produces a superior global improvement of 1.05%
(R@1=91.87%). This improvement is especially notable in urban envi-
ronments, where recall values of 99.70% and 100.00% are reached in
the sequence 00 and values of 98.12% and 98.34% in the sequence 18,
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Table 8
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The influence of the different preprocessing techniques applied to the depth image (2D) and the LiDAR range
image (3D) on the performance of the CrossPlace depth branch. The table shows the R@1 (expressed as a per-
centage) for a distance d = 10m on the Test and Further Test sets, differentiating between urban and highway
environments, and between 2D-3D and 3D-2D queries. The last column shows the total average of the 8 values.

Test Further Test
Urban (00) Highway (03) Urban (18) Highway (07)
Depth 2D-3D 3D-2D 2D-3D 3D-2D 2D-3D 3D-2D 2D-3D 3D-2D Total
Baseline 98.80 98.19 87.62 88.61 95.57 95.23 82.18 80.32 90.82
2D + Static Mask ? 99.12 99.04 87.75 89.84 96.81 96.75 81.25 79.52 91.26
+ inpainting " 99.70 100.00  87.87 91.09 98.12 98.34 80.32 79.52 91.87
+ Equalization 100.00 99.70 88.37 90.35 98.89 98.89 82.71 77.66 92.07
+ Power (p=2) 100.00 99.70 91.83 94.06 98.89 99.45 84.31 75.53 92.97
+ Power (p=3)  99.40 99.70 94.31 91.00 98.23 99.11 84.04 80.59 93.19
+ Power (p=4) 100.00 99.70 90.03 92.57 98.89 98.67 84.04 82.04 93.24
+ Power (p=5)  99.40 99.70 92.08 94.06 98.67 99.00 83.51 82.18 93.57
+ Power (p=6)  99.40 99.70 90.03 91.34 98.52 98.96 83.07 80.31 92.67
3D + Interpolation 99.70 99.40 95.54 92.08 99.22 99.22 88.03 85.37 94.82
+ inpainting ¢ 99.40 99.70 92.08 93.32 98.89 99.11 85.11 82.45 93.76

2 Application of a static zero-cost mask over the ego-vehicle region.
b Removal of the vehicle on which the sensors are mounted in the equirectangular depth image.
¢ Removal of the vehicle on which the sensors are mounted in the LiDAR range image.

Table 9

The influence of the different preprocessing techniques applied to the segmented image (2D) and the segmented
LiDAR (3D) on the performance of the CrossPlace semantic branch. The table shows the R@1 (expressed as a
percentage) for a distance d = 10m on the Test and Further Test sets, differentiating between urban and highway
environments, and between 2D-3D and 3D-2D queries. The last column shows the total average of the 8 values.

Test Further Test
Urban (00) Highway (03) Urban (18) Highway (07)
Semantics 2D-3D 3D-2D 2D-3D  3D-2D  2D-3D 3D-2D  2D-3D  3D-2D  Total
Baseline 99.70 100.00  78.22 85.40 98.67 97.23 76.06 72.12 88.68
2D + inpainting * 100.00 100.00  80.20 84.16 97.01 97.12 78.19 72.87 88.69
3D + Interpolation ~ 98.49 99.70 80.20 85.45 99.00 97.78 80.05  76.06 89.59
+ inpainting " 98.80 100.00 83.17 87.87 98.34 98.23 79.79 75.80 90.25

a2 Removal of the vehicle on which the sensors are mounted in the equirectangular semantic image.
b Removal of the vehicle on which the sensors are mounted in the LiDAR semantic image.

respectively. This result further confirms that the method is robust to in-
painting artifacts, as the geometric continuity provided by the removal
of the vehicle contributes more to the descriptor distinctiveness than the
presence of the occlusion. Regarding contrast enhancement, although
Histogram Equalization improves over the baseline (92.07%), the fifth
power transformation yields significantly better results (93.57%). This
technique is especially effective in the highway sequence 03, where a
R@1 0f 94.06% is reached in the 3D-2D modality. From now on, both the
inpainting and powering techniques will be used for processing equirect-
angular depth images. Regarding the processing of the 3D LiDAR range
image, the vertical interpolation technique is applied, which also boosts
the global performance to 94.82%. Finally, inpainting the interpolated
3D image to remove the vehicle carrying the sensors does not have the
desired contribution, as in the case of intensity. Therefore, only the ver-
tical interpolation will be applied to preprocess LiDAR range images and
both inpainting and powering will be used to preprocess equirectangular
depth images.

Regarding the processing of semantically segmented images, Ta-
ble 9 shows the R@1 results of the semantic branch when different
preprocessing techniques are applied to the segmented images. First,
the baseline (i.e. no preprocessing is applied to the semantic images)
presents a global R@1 of 88.68%. Next, the inpainting technique is ap-
plied to the segmented equirectangular image, removing the vehicle
carrying the sensors, which produces a slight improvement of 0.01%
(R@1=88.69%). From now on, this inpainting technique will be ap-

plied to 2D semantic images. Subsequently, the vertical interpolation
technique applied to the segmented LiDAR images further improves the
global performance to 89.59%. This technique is especially effective in
the highway sequence 07, where a recall of 80.05% is reached in the
2D-3D modality and 76.06% in the 3D-2D modality. Finally, inpainting
is applied to the segmented LiDAR image, which significantly improves
the global performance to 90.25%. For this reason, from here on, both
the vertical interpolation and the inpainting techniques will be used for
segmented LiDAR images, and the inpainting will also be applied to seg-
mented equirectangular images.

4.5.3. Early vs. late fusion of the bridging sources of information

In this section, the impact of early and late fusion of the differ-
ent bridging sources of information on the performance of the cross-
modal place recognition task is studied. First, starting either from an
equirectangular image or from a LiDAR point cloud, the intensity image
(1 channel), the depth image (1 channel) and the semantic information
image (3 channels) are obtained. Early fusion consists of concatenat-
ing these three images along the channel dimension before being fed
into the model. This results in a single input image with 5 channels,
requiring the adaptation of the first convolutional layer of the network
to accept 5 input channels. It is important to note that, with early fu-
sion, the architecture only has a single branch that processes the fused
input. In contrast, late fusion uses an independent branch for each kind
of bridging source and then combines the embeddings extracted by each

10
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Table 10
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Evaluation of different fusion techniques for intensity, depth and semantic bridging sources. The table
shows the R@1 (expressed as a percentage) for a distance d = 10 m on the Test and Further Test sets,
differentiating between urban and highway environments, and between 2D-3D and 3D-2D queries. The
last column shows the total average of the 8 values.

Test Further Test

Urban (00) Highway (03) Urban (18) Highway (07)
Source 2D-3D 3D-2D 2D-3D 3D-2D 2D-3D 3D-2D 2D-3D 3D-2D Total
Intensity 98.19 97.89 76.98 76.49 96.34 92.57 68.88 72.87 85.03
Depth 99.70 99.40 95.54 92.08 99.22 99.22 88.03 85.37 94.82
Semantics 98.80 100.00  83.17 87.87 98.34 98.23 79.79 75.80 90.25
Early fusion 99.70 99.70 90.59 93.81 99.11 98.78 83.51 78.19 92.94
Late fusion ? 100.00 100.00  95.30 96.53 99.89 99.67 93.88 90.43 96.96
Late fusion ® 100.00 100.00  96.29 98.02 99.78 99.89 94.41 91.22 97.45

a Addition of intensity, depth and semantic descriptors.
b Concatenation of intensity, depth and semantic descriptors.

branch. Late fusion is evaluated in two ways: (1) by adding the intensity,
depth, and semantic embedding descriptors, and (2) by concatenating
these descriptors.

Table 10 shows the R@1 results for different bridging sources (in-
tensity, depth and semantics) after processing each of them, both in-
dividually and combined (considering either early or late fusion). The
2D-3D and 3D-2D modalities are evaluated again on the Test and Further
Test sets, differentiating between urban and highway environments. As
described previously, when using only the intensity branch, the perfor-
mance of the method takes an average R@1 of 85.03%, whereas us-
ing uniquely depth or semantic information the model reaches a re-
call of 94.82% and 90.25%, respectively. Regarding early fusion, the
global R@1 shows that the framework does not take advantage of the
three sources of information, reaching a value of 92.94%, although
it surpasses the individual performance of the semantic and intensity
branches. This suboptimal performance can be explained by the concept
of the modality dominance phenomenon (Liu et al., 2026). Specifically,
in early fusion, where intensity, depth and semantics are stacked as in-
put channels, the network jointly optimizes the initial filters. Because
these domains possess different statistical properties and convergence
rates, the loss function tends to greedily favor the modality that min-
imizes the error most rapidly. This behavior effectively suppresses the
gradients of the other sources of information, preventing the network
from learning truly complementary features.

The late fusion of the output of the three branches consistently out-
performs both the individual sources and their early fusion. This phe-
nomenon stems from the fact that late fusion completely decouples
the representation learning phase. By processing each source through
independent branches, the architecture forces the network to extract
the maximum discriminative features from each domain. This ensures
an equitable and robust contribution from visual textures, 3D geom-
etry and scene understanding in an independent manner (without ini-
tially merging them). Specifically, the additive fusion of intensity, depth
and semantic descriptors significantly improves the global performance
to 96.96%. However, the concatenation of these embeddings achieves
the best global performance with an outstanding 97.45%, surpassing
all other modalities and bridging sources. In particular, it stands out
especially in highway sequences, which are repetitive and challenging
scenarios.

The superiority of concatenation over additive fusion can be ex-
plained analytically: while additive fusion merges independent embed-
dings element-wise (forcing fundamentally different concepts to collide
in the same latent space and rendering the representation susceptible to
destructive interference), concatenation orthogonally preserves the dis-
tinct dimensionality of each feature space. This effectively maintains the
complementary nature of the cross-modal information. These observa-
tions align with findings in previous state-of-the-art multi-modal place
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recognition works, such as MinkLoc + + (Komorowski et al., 2021), PIC-
Net (Lu et al., 2020) and AdaFusion (Lai et al., 2022).

Therefore, it can be concluded that a late fusion through concatena-
tion of intensity, depth and semantic information is the most suitable
option for cross-modal place recognition between fisheye cameras and
LiDAR. CrossPlace is finally defined as a three-branch architecture for
cross-modal place recognition between fisheye omnidirectional cameras
and LiDAR, using late fusion through concatenation of intensity, depth
and semantic embeddings.

4.6. Comparison with the state-of-the-art

In this section, the proposed CrossPlace architecture is comprehen-
sively evaluated against current state-of-the-art methods. Specifically,
Section 4.6.1 presents the comparative results on the standard KITTI-
360 benchmark, analyzing the performance under various strict dis-
tance thresholds to demonstrate its metric localization precision. Subse-
quently, Section 4.6.2 assesses the adaptability and robustness of the
method on the NCLT dataset, validating its capability to generalize
across different sensor configurations and severe long-term seasonal
variations.

4.6.1. Evaluation on the KITTI-360 dataset

In this section, CrossPlace is compared with state-of-the-art methods
that also use the KITTI-360 dataset (Liao et al., 2022) to perform cross-
modal place recognition between fisheye cameras and LiDAR. Specif-
ically, the results obtained are compared with those of AE-Spherical
(Zhao et al., 2023), LIP-Loc (Shubodh et al., 2024) and SaliencyI2PLoc
(Li et al., 2025a). In general, it is difficult to compare the method with
all the state-of-the-art approaches, but the authors of SaliencyI2PLoc
(Li et al., 2025a) tried to unify the different solutions when it comes to
the KITTI-360, defining a new comparison benchmark. For this purpose,
they trained the LIP-Loc and AE-Spherical models following the bench-
mark that they established in their own approach, and evaluated them
under the same conditions. For this reason, CrossPlace has been trained
and evaluated following the exact same KITTI-360 dataset division pro-
posed by Li et al. (2025a).

It should be noted that these prior studies use a distance tolerance
d of 20 m to evaluate the performance of their models. While we report
our results at this standard ¢ = 20 m threshold to ensure a fair com-
parison, this often leads to near-saturation (results close to 100%) in
urban sequences. To ensure that the evaluation protocol remains suf-
ficiently challenging and to analyze the true metric precision of our
model, we propose evaluating our model under significantly stricter dis-
tance thresholds (d = 1 m, 2 m, 5 m and 10 m).

Table 11 presents the CrossPlace results across these varied thresh-
olds. As expected, the near-saturation observed at 20m and 10m is
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CrossPlace results in terms of R@1 for varying distance thresholds from d = 1 m to d = 20 m. Results are
shown for 2D-3D and 3D-2D modalities on the Test and Further Test sets, differentiating between urban
and highway environments. The last column shows the total average of the 8 values.

Test Further Test

Urban (00) Highway (03) Urban (18) Highway (07)
Distance d 2D-3D  3D-2D  2D-3D 3D-2D 2D-3D  3D-2D  2D-3D 3D-2D  Total
CrossPlace 1 m 66.24 58.52 50.00 36.96 35.40 33.78 57.14 42.86 47.61
CrossPlace 2m 91.27 87.35 70.54 72.77 72.73 68.96 60.85 60.85 73.17
CrossPlace 5m 99.70 99.10 85.64 87.62 98.34 96.56 80.05 73.94 90.12
CrossPlace 10m  100.00  100.00  96.29 98.02 99.78 99.89 94.41 91.22 97.45
CrossPlace 20 m 100.00 100.00 99.50 99.50 100.00 100.00 98.67 96.54 99.28

Table 12

CrossPlace results compared to the state-of-the-art in KITTI-360. The table shows the Recall@1 and Recall@5 (expressed as a percentage) for
the standard distance d = 20 m threshold. To isolate the architectural contribution from semantic and depth priors, we present the baseline
SaliencyI2PLoc * (Li et al., 2025a) performance fed with our multi-modal inputs, as well as our architecture using only unaugmented sensor

representations (Intensity branch).

Test Further Test
Urban (00) Highway (03) Urban (18) Highway (07) Total
Method R@1 R@5 R@1 R@5 R@1 R@5 R@1 R@5 R@1
AE-Spherical (Zhao et al., 2023) 41.57 60.54 10.64 22.28 37.14 60.42 4.79 20.74 23.54
LIP-Loc (Shubodh et al., 2024) 64.46 79.52 37.87 58.42 - - - - -
SaliencyI2PLoc (Li et al., 2025a) 78.92 86.75 30.94 49.26 61.86 81.15 22.34 50.27 48.52
2D-3D  SaliencyI2PLoc? (Li et al., 2025a) 67.47 81.93 36.39 56.19 41.24 62.97 23.67 38.83 42.19
SaliencyI2PLoc” (Li et al., 2025a) (+ FM) 63.25 84.64 33.42 53.96 41.46 68.07 28.72 43.35 41.71
CrossPlace (Intensity branch) 99.70 100.00 85.89 98.02 98.23 99.78 81.38 95.48 91.30
CrossPlace (ours) 100.00 100.00 99.50 99.75 100.00 100.00 98.67 100.00  99.54
SaliencyI2PLoc? (Li et al., 2025a) 67.47 84.64 34.16 54.70 44.57 66.52 23.40 43.88 42.40
3D-2D SaliencyI2PLoc” (Li et al., 2025a) (+ FM)  60.54 85.54 32.18 57.92 43.90 70.95 23.67 46.01 40.07
CrossPlace (Intensity branch) 98.49 100.00 88.37 97.52 95.90 99.33 82.18 93.88 91.24
CrossPlace (ours) 100.00 100.00 99.50 100.00 100.00 100.00 96.54 100.00 99.01

@ Results obtained by retraining the official open-source implementation.
b Results of SaliencyI2PLoc (Li et al., 2025a) retrained using the same Foundation Models inputs (Depth Anything V2 Yang et al., 2025,

SegFormer Xie et al., 2021, MinkUNet Choy et al., 2019) as CrossPlace.

effectively mitigated when applying stricter tolerances. At a highly re-
strictive distance of d = 1 m, the global average performance drops to
47.61%, revealing the inherent difficulty of the benchmark for exact
metric localization, particularly in visually aliased highway environ-
ments (e.g., 36.96% in sequence 03 for 3D-2D). Nevertheless, at a still
highly strict threshold of d = 5 m, CrossPlace demonstrates exceptional
robustness, maintaining a global average R@1 of 90.12%.

Next, Table 12 shows the comparison of CrossPlace against the state-
of-the-art methods in terms of R@1 for the standard 20 m threshold. It
is important to note that these prior approaches only consider the 2D-
3D modality (using images to query LiDAR databases). To provide a
complete overview, our results are reported for both 2D-3D and 3D-2D
tasks. Furthermore, to establish a fair and direct comparison, we re-
trained the official open-source implementation of the best-performing
baseline, SaliencyI2PLoc (Li et al., 2025a), under our exact evaluation
framework (denoted as SaliencyI2PLoc’).

To rigorously isolate the architectural contributions of CrossPlace
from the high-quality priors provided by Foundation Models (FMs),
we conducted a two-fold comparative analysis. First, we retrained
SaliencyI2PLoc (Li et al., 2025a) feeding it the exact same multi-modal
inputs used in our pipeline, including depth and semantic maps (denoted
as SaliencyI2PLoc*). Feeding these rich representations into the baseline
did not translate into performance gains, with the overall R@1 remain-
ing almost unchanged at 41.71% in the 2D-3D direction. Second, we
evaluated the core capacity of our architecture without any FM priors
via the Intensity branch, which strictly uses unaugmented sensor inputs
(grayscale images and LiDAR remission). Remarkably, even in this con-
strained setup, CrossPlace achieves an average R@1 of over 91% in both
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directions, significantly outperforming the baseline even when the latter
is fed with high-quality depth and semantic maps.

In general, CrossPlace surpasses all state-of-the-art approaches across
all sequences. Specifically, it stands out in highway sequences, where
proposals such as AE-Spherical (Zhao et al., 2023), LIP-Loc (Shubodh
et al., 2024) and Saliencyl2PLoc (Li et al., 2025a) suffer from severe
performance drops, achieving R@1 values of only 10.64%, 37.87%,
and 30.94%, respectively, in sequence 03. In stark contrast, CrossPlace
achieves 99.50% in the same sequence. In urban environments, Cross-
Place also outperforms existing methods, saturating the R@1 metric to
100.00% in sequences 00 and 18. Overall, CrossPlace achieves a global
average performance of 99.54% (2D-3D) and 99.01% (3D-2D), signifi-
cantly pushing the boundaries of the established benchmark and proving
to be the most effective method for cross-modal place recognition on the
KITTI-360 dataset.

Finally, to ensure that the performance gains of the proposed ar-
chitecture over existing methods are robust, we evaluated the statisti-
cal significance of these results. Since the evaluation relies on paired
nominal data (query-by-query success or failure at R@1), we applied
a McNemar’s test to compare the predictions of CrossPlace against the
best-performing baseline, Saliencyl2PLoc (Li et al., 2025a). In a direct
paired comparison across the evaluation sets, CrossPlace successfully
retrieved 50.3% of the queries where the baseline failed, whereas the
opposite occurred in only 1.9% of the instances. The statistical test
yielded a highly significant p-value (p <« 0.001) across all individual test
sequences as well as globally. This confirms that the superior retrieval
accuracy achieved by CrossPlace is statistically significant, definitively
validating the effectiveness of the proposed unified descriptor space.
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CrossPlace results compared to state-of-the-art methods on the NCLT dataset. The method demonstrates strong generalization
across long-term seasonal changes and different sensor characteristics (Velodyne HDL-32E). The final column shows the
average R@1 across the four query sequences with a distance threshold d = 5 m.

2012-02-05 2012-06-15 2013-02-23 2013-04-05 Total

Method R@1 R@1% R@1 R@1% R@1 R@1% R@1 R@1% R@1

ModalLink (Xie et al., 2024) 63.80 89.90 47.20 81.20 33.90 76.30 35.90 72.40 45.20

2D-3D InsCMPR (Jiao et al., 2025) 71.30 94.90 49.30 81.40 41.20 82.00 41.30 76.30 50.78
CrossPlace (ours) 91.98 99.00 72.33 92.73 78.09 96.62 75.87 93.61 79.57

ModalLink (Xie et al., 2024) 61.10 87.40 53.50 83.80 36.30 72.90 36.10 70.40 46.75

3D-2D InsCMPR (Jiao et al., 2025) 71.20 95.10 62.40 88.70 45.70 83.80 42.80 75.00 55.53
CrossPlace (ours) 94.88 99.52 87.01 97.34 65.84 91.92 62.48 88.89 77.55

4.6.2. Evaluation on the NCLT dataset Table 14

To assess the generalization capability of CrossPlace across different
sensor configurations and environments, we conducted additional ex-
periments on the North Campus Long-Term (NCLT) dataset (Carlevaris-
Bianco et al., 2016). Unlike KITTI-360, NCLT captures a university cam-
pus environment featuring diverse structural elements and dynamic ob-
jects. Crucially, the sensor setup differs significantly, employing a La-
dybug3 omnidirectional camera and a Velodyne HDL-32E LiDAR. The
latter provides only 32 vertical beams (compared to 64 in KITTI-360),
allowing us to evaluate the robustness of the method when dealing with
lower-resolution sparse geometry.

Following the protocol established in prior works (Jiao et al., 2025;
Xie et al., 2024), the sequence captured on 2012-01-08 is used to build
up the database. The evaluation is performed on four query sequences
(2012-02-05, 2012-06-15, 2013-02-23 and 2013-04-05) that encompass
a 15-month period, capturing pronounced long-term variations.

Table 13 summarizes the comparative results against the state-of-the-
art methods ModaLink (Xie et al., 2024) and InsCMPR (Jiao et al., 2025).
In the 2D-3D task, CrossPlace demonstrates remarkable robustness, out-
performing the closest competitor (InsCMPR Jiao et al., 2025) by large
margins. Our method achieves an overall average R@1 of 79.57%, well
above the 50.78% obtained by InsCMPR. For instance, in the particu-
larly challenging 2013-02-23 sequence, our method achieves a R@1 of
78.09%, compared to 41.20% for InsCMPR (Jiao et al., 2025). This re-
sult indicates that our approach effectively bridges the domain gap in
a variety of environments, even when the characteristics of the sensors
change and in presence of seasonal variations.

In the 3D-2D task, despite the significantly sparser LiDAR input (32
beams compared to 64 in KITTI-360), CrossPlace demonstrates high ro-
bustness, consistently maintaining superior performance across all sea-
sonal changes with an average R@1 of 77.55%. Notably, in the 2012-02-
05 sequence, CrossPlace achieves 94.88% in R@1, surpassing InsSCMPR
(Jiao et al., 2025) by over 23 percentage points. These results confirm
that the proposed method generalizes effectively to new environments
and sensor setups.

4.7. System analysis and discussion

This section provides a deeper analysis of the overall performance
and practical viability of the CrossPlace system. First, Section 4.7.1 ex-
amines the Precision-Recall (PR) curves and metric localization errors
to better understand the system’s robustness, highlighting characteris-
tic challenges such as longitudinal ambiguity in highway environments.
Then, Section 4.7.2 details the computational efficiency and runtime
of the proposed architecture, confirming its suitability for real-world
robotic applications. Finally, Section 4.7.3 presents qualitative results,
providing visual examples of successful cross-modal retrievals and ex-
amining the most complex scenarios.

4.7.1. Precision-recall and localization error analysis
To further evaluate the robustness of CrossPlace, we analyze the
Precision-Recall (PR) curves (using a distance threshold of 5 meters to
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Breakdown of inference time per frame for 2D-3D and 3D-2D tasks on an RTX
3090 GPU.

Task (Query) Module Time (ms) Freq (Hz)
Semantic Seg. (SegFormer) 142.12
Depth Est. (Depth Anything V2)  263.83
2D-3D (Camera) Inpainting (LaMa) 35.32 (17.66 X 2)
Feature Extraction 15.03 (5.01 x 3)
Total Latency 456.30 ms ~ 2.19Hz
Semantic Seg. (MinkUNet34C) 79.76
Spherical Projection 9.55
3D-2D (LiDAR) Vertical Interpolation 0.51 (0.17x 3)
Feature Extraction 15.03 (5.01 x 3)
Total Latency 104.85ms ~ 9.54Hz

define a true positive) and the metric localization error of the retrieved
candidates. Fig. 9 illustrates these metrics for representative urban and
highway sequences.

As shown in Fig. 9 (a), the method achieves near-perfect perfor-
mance in urban scenarios (Sequences 00 and 18), with Average Precision
(AP) scores exceeding 0.97 for both 2D-3D and 3D-2D modalities. This
confirms that the learned descriptors are highly discriminative in struc-
turally rich environments. In contrast, highway sequences (03 and 07)
exhibit a drop in AP (ranging from 0.72 to 0.87). This behavior is ex-
pected due to the high degree of visual aliasing and repetitive structures
that characterize highway environments.

Fig. 9 (b) presents the average distance error of the Top-1 retrieved
candidate. Consistent with the PR analysis, urban sequences show low
localization errors (1.21 m - 1.70 m), indicating that the retrieved
matches are geometrically very close to the query. Conversely, high-
way sequences show higher errors (2.98 m — 4.67 m). This increase is at-
tributed to the higher ambiguity of highways, where the retrieved frame
often corresponds to a visually identical road segment located a few me-
ters ahead or behind the true position. Nevertheless, the error remains
within acceptable bounds for a coarse localization step in outdoor sce-
narios.

4.7.2. Runtime analysis

In real-world robotic applications, inference speed is a critical factor
alongside retrieval accuracy. We evaluated the runtime performance of
the proposed method on a desktop computer equipped with an NVIDIA
RTX 3090 GPU and an Intel i7 CPU. Table 14 presents the breakdown
of the computational cost for both 2D-3D and 3D-2D query pipelines.
The analysis considers the total time required to process a query frame,
including all preprocessing steps (segmentation, depth estimation, pro-
jection, inpainting and feature extraction).

In the 3D-2D task (using LiDAR as query sensor), the com-
plete pipeline achieves an inference speed of approximately 9.54 Hz
(104.85 ms per frame). It is worth noting that the semantic segmentation
backbone (MinkUNet34C Choy et al., 2019) accounts for the majority
of the latency. Since the inpainting module is omitted in this modality
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Fig. 9. Performance analysis on KITTI-360 sequences. (a) Precision-Recall curves and (b) The average Top-1 distance error for both 2D-3D and 3D-2D modalities.
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Fig. 10. Example of a correct prediction in 2D-3D modality in environment 00 (urban) with the CrossPlace method in the place recognition task between fisheye

images and LiDAR.

(as discussed in Section 4.5.2), the system avoids unnecessary compu-
tational overhead, maintaining a frame rate suitable for real-time oper-
ation.

Conversely, the 2D-3D (using the camera as query sensor) pipeline
operates at approximately 2.19 Hz (456.30 ms per frame). This latency
is primarily driven by the use of large-scale, high-accuracy models for
semantic segmentation (SegFormer Xie et al., 2021) and depth estima-
tion (Depth Anything V2 Large Yang et al., 2025), which together con-
sume around 406 ms. While these heavy backbones were selected to
maximize retrieval performance and establish a robust baseline, they
may constitute a system’s bottleneck. However, the modular nature of
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our approach allows these components to be replaced by lightweight
alternatives (e.g., SeaFormer+ 4+ Wan et al., 2025 or Depth Anything
V2 Small Yang et al., 2025) for time-constrained applications, offer-
ing a trade-off between accuracy and speed. Additionally, inpainting
the ego-vehicle introduces an additional computational cost of approx-
imately 35 ms per frame. For strict real-time robotic applications oper-
ating under severe hardware constraints, replacing the inpainting mod-
ule with a zero-cost static mask stands as a highly viable alternative
that preserves competitive retrieval performance while saving critical
computational resources. Furthermore, for applications with strict low-
latency constraints, the modularity of CrossPlace permits using only the
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intensity branch, which removes the heavy preprocessing steps and en-
ables operation at frequencies higher than 30 Hz for both modalities.

4.7.3. Qualitative results

This section presents visual examples of the performance obtained
by the CrossPlace framework proposed in this paper. These examples
illustrate the method’s capability in urban environments (Figs. 10 and
11) and highway environments (Figs. 12 and 13). In each figure, an ex-
ample captured in one of the different sequences of the dataset is shown,
where the intensity, depth and semantic images from LiDAR or fisheye
cameras are shown, along with the prediction of the closest intensity,
depth and semantic image in the descriptor space of the database, which
is formed by the opposite sensor to the one used for testing. Addition-
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ally, it is verified whether it matches with the closest database position,
in the metric space. Map positions are represented with blue dots, the
current position with a red cross, the predicted position with a yellow
circle and the real position with a green ring.

The examples in Figs. 10 and 11 show the method’s performance in
the urban environment given by sequences 00 and 18. In Fig. 10, it is
observed that the method achieves a correct prediction in the 2D-3D
modality, where the semantic segmentations obtained from LiDAR and
cameras differ relatively. In Fig. 11, a slight error in the prediction is
shown in the 3D-2D modality, where the LiDAR point cloud is slightly
shifted with respect to the equirectangular image.

In Figs. 12 and 13, examples from the highway environment are pre-
sented, given by sequences 03 and 07. In Fig. 12, it is observed that the
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Fig. 14. Examples of failure cases on the KITTI-360 dataset..

method achieves a correct prediction in the 2D-3D modality, even when
the semantic segmentation obtained from LiDAR and cameras differs in
the semantic segmentation of the sidewalk. In Fig. 13, an example of a
failure case in the 3D-2D modality is shown. In this instance, the pres-
ence of a vehicle in the semantic image appears to mislead the retrieval
process, as the method associates it with another scene containing a
vehicle, although it is not the same car. Moreover, in such repetitive en-
vironments, it becomes challenging for the method to correctly match
test instances with those from the map, since many map instances are
highly similar to each other. A wider variety of examples is included on
the project website?.

4.7.4. Limitations
Finally, an exhaustive analysis of the limitations of CrossPlace is per-
formed. Figs. 14 and 15 illustrate several failure cases for the KITTI-360

2 https://juanjo-cabrera.github.io/projects-CrossPlace/

and NCLT datasets, respectively. Correct predictions are displayed with
a green border and incorrect predictions have a red border.

On the KITTI-360 dataset, CrossPlace demonstrates a remarkable
performance in urban environments (R@1 close to 100%), but shows
a slight decrease in highway scenarios. This is primarily attributed to
a more pronounced perceptual aliasing, since the scene has the same
structure throughout most part of the trajectory. Generally, CrossPlace
focuses on discriminative elements, such as traffic signals or changes
in the vegetation, that enable a correct retrieval. However, there are
some cases in which discriminative elements on the image are not cor-
rectly captured by the LiDAR due to its limited vertical FOV, like bridges
or overhead power lines (see 3D-2D examples of Fig. 14). It must be
noted that, for this dataset, each image and its corresponding point cloud
were obtained at the same instant, so the dynamic elements (e.g. cars,
pedestrians) appear in both sensor captures. This may lead to cases in
which the model benefits from these dynamic elements, which will not
be present in real operating situations.

Regarding the NCLT dataset, CrossPlace achieves lower R@1 values
compared to KITTI-360. For a distance threshold of d = 5m, the R@1
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is 90.93% on KITTI-360 and 79.57% on NCLT for the 2D-3D modality,
whereas for the 3D-2D modality, the R@1 is 89.31% on KITTI-360 and
77.55% on NCLT. This underperformance can be explained by several
reasons. First, the LiDAR sensor used to build this dataset has a signifi-
cantly lower resolution, and therefore captures point clouds with lower
quality. Second, the omnidirectional view is constructed from six stan-
dard cameras instead of high-resolution fisheye cameras, and some of
them have a poor white balance setting. Third, each image and its paired
point cloud were captured in different recordings that cover the same
trajectory. Consequently, there are dynamic elements that appear on the
images but not in the point cloud and vice versa, which may affect the
retrieval task negatively (see Fig. 15, 2D-3D, second example). Besides,
other specific situations can be found, such as translucent surfaces that
are not captured by the LiDAR (see Fig. 15, 2D-3D, first example).

Although CrossPlace is not able to retrieve the correct location of the
robot in certain situations, most of them are not caused by the model’s
design nor its training, but by the quality of the sensors or the inherent
difficulty of the target environments instead. Besides, it must be noted
again that CrossPlace surpasses the state of the art methods on both the
KITTI-360 (+51.02% R@1 in the 2D-3D modality and +56.61% in the
3D-2D modality with respect to SaliencyI2PLoc Li et al., 2025a) and
NCLT datasets (+28.79% R@1 in the 2D-3D modality and +22.02% in
the 3D-2D modality with respect to InsCMPR Jiao et al., 2025), which
are substantially less robust to these situations.

5. Conclusions

This paper has presented an innovative method for cross-modal
place recognition between heterogeneous sensor modalities, specifically
between fisheye omnidirectional cameras and LiDAR. The proposed
method, called CrossPlace, transforms the readings from both sensors
into a common space of intensity, depth and semantics, allowing the
use of a common three-branch network architecture for both modali-
ties. This approach to place recognition eliminates the need to use the
same type of sensor for both queries and database, resulting in a more
flexible and practical solution for multi-robot systems or platforms with
diverse sensor configurations.

The experimental results on the KITTI-360 dataset have demon-
strated the effectiveness of CrossPlace, surpassing all other state-of-the-
art methods in all metrics in urban and highway scenarios. In particu-
lar, the integration of depth and semantic information has shown to be
key for improving discrimination in homogeneous and repetitive envi-
ronments, such as highways, while intensity information has proven to
be an efficient solution without dependence on the estimation of prior
learning models.

Furthermore, the impact of different preprocessing techniques, such
as vertical interpolation and inpainting, as well as early and late fu-
sion strategies has been evaluated. The results indicate that late fu-
sion through concatenation of intensity, depth and semantic embeddings
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provides the best overall performance, highlighting the importance of
combining multiple information sources for cross-modal place recogni-

tion.
In conclusion, this study introduces a robust and efficient solution

for place recognition between different sensor modalities, opening new
possibilities for applications in mobile robotics and autonomous sys-
tems. As future work, we propose to explore the integration of other
sensor modalities, such as thermal sensors and radar sensors, as well as
extending the approach to more complex and dynamic scenarios.
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