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Multimodal and multiview deep fusion for
autonomous marine navigation

Dimitrios Dagdilelis, Panagiotis Grigoriadis, and Roberto Galeazzi

Abstract—This paper introduces a cross-attention transformer-
based approach for multimodal sensor fusion, aimed at con-
structing a bird’s-eye view of a vessel’s surrounding environment
to enhance safe marine autonomous navigation. The proposed
method utilizes an innovative model that performs deep fusion of
multiview RGB images and long-wave infrared camera images,
together with sparse LiDAR point clouds. Additionally, model
training incorporates data from X-band radar and electronic
nautical charts to generate relevant prediction classes. The recon-
structed view offers a detailed representation of the vessel’s sur-
roundings, facilitating more accurate and robust navigation. The
effectiveness of the proposed approach is evaluated using real-
world data collected at sea. Experimental results demonstrate its
capability across various scenarios, including challenging weather
conditions and complex marine environments.

Index Terms—Sensor fusion, Transformer, Deep fusion, Cross-
attention, Bird’s-eye view, Multimodal sensor platform, Au-
tonomous marine navigation.

I. INTRODUCTION

Highly automated and autonomous navigation has become
a critical area of research in the field of marine robotics due
to the growing demand for unmanned maritime operations.
However, some of the key challenges in the development
of safe autonomous marine systems are to enable a robust
and accurate perception of the environment surrounding the
vessel and to provide spatial reference for objects in such an
environment.

Robust perception depends on the integration of data from
diverse sensors, enabling the mitigation of individual sensor
limitations through data fusion. A multisensor configuration
cnhances contextual awarceness by leveraging the capabilitics
of cameras while providing robust detection capabilities—both
near and far—via radar and LiDAR that can operate effectively
under adverse weather and lighting conditions [1].

Accurate perception requires the determination of the 3D
position of other vessels and/or navigation targets [2]. A
typical multimodal sensing platform comprises one or more
cameras in conjunction with one or several sparse sensors,
such as LiDAR or radar. While cameras are limited in their
ability to accurately assess 3D geometries due to a lack of
depth information, they excel in delivering rich semantic and
boundary data. In contrast, although sparse sensors are capable
of providing precise short-range 3D positional information,
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they often fall short in terms of dense semantic content. The
integration of dense cameras with sparse sensors represents
a promising avenue for advancement. However, existing re-
search in multimodal maritime fusion, although recognizing
the importance of this integration, predominantly concentrates
on the narrow scope of identifying and tracking foreign vessels
[31-191.

This emphasis highlights a significant gap compared to the
advancements observed in Autonomous Driving (AD) tech-
nology, where perception systems have achieved more com-
prehensive scene understanding capabilities [10]. This broader
understanding is crucial for supporting essential autonomous
functions, such as collision avoidance and route planning,
thereby facilitating effective and safe navigation in diverse
environments [10].

The literature review (Sections section II-section III) shows
that no previous study has adapted or validated multimodal
perception technology specifically for autonomous waterborne
navigation. In light of this gap, our research proposes a
perception framework designed to process multimodal sensor
data from RGB and long-wave infrared (LWIR) cameras, along
with LiDAR sensors. This framework aims to facilitate com-
prehensive scene understanding by predicting, in real-time,
the Bird’s Eye View (BEV) positions of nearby navigation
features. A high-level overview of our approach is illustrated
in fig. 1.

The remainder of the paper is structured as follows. Sec-
tion section IT reviews the existing literature on methods
for generating BEV models using multi-modal sensor plat-
forms. Section section III formalizes the research problem
and reviews existing methods. Section section IV details the
development of the proposed approach and discusses how the
different sensor technologies are fused through the architecture
of the cross-attention transformer. Section section V shows the
results of testing the approach using real-world data collected
at sca. Sections scction VI and section VII draw conclusions
and discuss the current limitations of the proposed method and
future work.

Table table T provides the list of abbreviations used in the

paper.

IT. RELATED WORK
Bird’s Eye View: BEV recognition models [11]-[15] rep-
resent a category of models employed for 3D object detec-
tion. These models have gamnered both the industry’s and
academia’s rescarch attention, due to their ability to merge
partial raw data from heterogeneous perception sensors into a
cohesive and comprehensive 3D output space.

https://miniature-space-garbanzo-qp4v5rg759rf4j9w-35329.app.github.dev/viewer.html?file=pdf..ZmlsZSUzQSUyRiUyRiUyRndvemtzcGFjZXMIM...

1/15



14.04.2025, 13.28

2D/3D feature sequence

main.pdf

| ITra.nsform - fusa:,I Semantic BEV Map

[Moda]jty feature extractors
— —_—

9

C

BEV
—
transformer

-
Y
o

Fig. 1. High level overview of the proposed approach. Sensor streams are processed by modality-specific feature extractors. Modality features are processed
as a sequence by the BEV Transformer model into a semantic BEV map. The final output representation is orthographic, compact and semantically useful

for downstream navigation tasks.

TABLE 1

ABBREVIATIONS
Abbreviation Explanation
BEV Bird Eye View
ENC Electronic Navigational Charts
RCS Radar Cross Section
ToU Intersection over Union
XBR X-band GHz Radar
GNSS Global Navigation Satellite System
RGB Red Green Blue
LWIR Long Wave Infrared

Combining a densc camera with sparse sensors is a promis-
ing direction; however, the data collected by these sensors
must be mapped to a unified coordinate frame. Naturally,
BEV emerges as the ideal representation framework to support
such uniform coordinate mapping. More specifically, a BEV
representation:

a) is independent of the sensor model and thus easily extend-
able to additional modalities, b) is geometrically interpretable,
c) is the framework that is common to all perception modal-
ities, but at the same time native to downstream navigation
tasks, such as motion planning.

According to [16], existing BEV fusion methods are limited
because of two reasons. Despite the fact that sparse modalities
like LiDAR, can be trivially used to predict 3D features,
the same does not apply for camera modalities, where depth
information is implicit or missing, and extracting 3D spatial
information from monocular or multi-view settings is difficult
and largely unsolved [16]. At the same time, many sensor
fusion algorithms rely on simple object-level fusion or basic
feature concatenation, where misalignment or inaccurate depth
predictions between camera and LiDAR data can lead to sub-
par performance compared to LIDAR-only methods [16].

To overcome these limitations, deep fusion methods have
emerged as a promising approach that leverages deep learning
models to integrate data from multiple sensors [16]. Among
the deep fusion methods, the transformer-based model has
shown superior performance in capturing the complex rela-
tionships between different modalities and fusing them into
a comprehensive representation of the surrounding environ-
ment [16].

In this paper, we propose a novel -cross-attention
transformer-based multimodal sensor fusion approach for ma-
rine autonomous navigation. The proposed method integrates
information from multiple sensors, including LiDAR, RGB,
LWIR, ENC charts, and GPS, and leverages a deep learning
model to effectively capture complex relationships between
different modalities, in order to predict a semantic BEV map
of the surrounding environment. Semantic BEV maps can be
used to enable downstream navigation tasks, or be used to
perform diagnostics on other sensor modalities such as the
maritime radar.

Our experimental results demonstrate the effectiveness of
the proposed method in coastal marine navigation environ-
ments. Finally, our work contributes to the development of
more accurate and robust marine autonomous systems by
proposing a deep fusion approach that a) combines sparse and
dense perception data, b) integrates the temporal information,
¢) remains robust to sensor-calibration errors.

III. PROBLEM FORMULATION

The core idea of BEV perception is to develop a feature
representation of information, directed from possibly multiple
views or modalities, that can be readily used to solve a
downstream task, such as 3D object detection, BEV map
segmentation, lane line detection, path planning, or any com-
bination of these tasks. In the following sections, we use
2D to refer to a perspective view described by camera pixel
coordinates, 3D to refer to the real-world space with world
coordinates, and BEV to refer to a planar, metric, zero height,
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TABLE II

LIST OF KEY MATHEMATICAL NOTATIONS

Symbol Description

1% Heterogeneous sensor views collection

b Sparse sensor views collection

D Dense sensor views collection

B Multi-class binary BEV maps

Ng Number of grid coordinates in the BEV map

B Number of semantic BEV map classes

Vi Number of views in modality i

N; Number of elements in modality @

C; Number of channels in an element of modality
i

i Number of aggregated data chunk time in-
stances

y Ground truth BEV map

G Sparse modalily pre-processing method

S* Raw sparse point cloud in 3D

S Post-processsed, dense, pseudo-camera view

Conv2d Convolutional-2D

=W World-point in euclidean space

2! Image pixel coordinates vector

Pis Pj Image pixel coordinates

d Depth from image plane

Ti View-aware data feature rays

_,f_:'"k Input sequence feature vector i, corresponding
to view k at time instant T

z Sel of points in a voxel

o(-) Linear layer, embedding position encodings

e(-) Linear layer, embedding camera position vec-
tor

o(+) Linear layer, embedding the temporal encod-
ings

i Dense ray queries in BEV

by; Inverse projection of pixel vectors in the con-
text of camera parameters

MBEYV Latent BEV map [eature sequence

Q,.K,V Transformer queries, keys, values

piT”" Direction encoded feature vector

qi Learnable BEV queries

i Position encoded BEV queries

fOre 5 Extrinsic and Intrinsic camera matrices

a* Extrinsic and Intrinsic camera matrices

H,w Input view’s height and width

hy,wy Width and height of latent BEV map represen-

ngey = hg X wy
“

Lation
Number of latent BEV map tokens
BEV map segmentation decoder

own-ship centered, Bird’s Eye View world coordinate grid (see
figs. 2 and 4).

A. Task definition

The task on which we focus is that of BEV map segmen-
tation, i.e., given the features of multiple dense or sparse
modalities, we are tasked with predicting a orthographic
semantic BEV map; the task can be formally described as:

Let a heterogencous collection of multi-modal features V,
where

V={Dl,...,D.{-}U{Sl,...,sj} (l)

and

main.pdf

D; € R>VixNixCi and i is a dense 2D modality index.
S; € RPXVixNixCi and j is a sparse 3D modality index.
t, Vi, Ni, C). Represent the number of aggregated time
instances, views, elements, and channels of each modality
k respectively, with k € {i, j}.

Let also a binary multi-class BEV map y € B, where

BC {0, I}NBXCB

with N, Cp respectively being the number of elements
(map resolution) and classes of the BEV map (see fig. 5).

BEV map segmentation, finds a function f that transforms
heterogencous views V to binary BEV masks 7], i.c.

9= f(V) where geB

This problem is particularly complex due to the fact that its
inputs and outputs operate within distinct coordinate systems.
Structured inputs [D); are captured from calibrated camera
views in 2D perspective view, point cloud inputs S; are
captured in 3D, and outputs y are predicted in BEV.

B. Existing methodologies

Existing approaches that model f are characterized depend-
ing on: a) supported modalities, b) modality feature extraction
mechanics, c) 2D feature transformation module. d) feature
fusion mechanics,

Supported modalities: Camera-only 3D perception is a
significant focus in academic research [11], [12], [17]-[25]
since it avoids the need of using expensive lidar equipment.
The fundamental challenge in camera-only 3D perception,
lies in the fact that 2D imaging processes inherently lacks
the ability to capture 3D information, making accurate object
localization difficult without precise depth estimation.

Lidar only approaches [26]-[33], completely forgo the use
of cameras, and hence suffer performing in dense downstream
prediction tasks. On the other hand, approaches similar to ours,
combine the best of both worlds by fusing camera with lidar
features [34]-[38].

Feature extraction: The most widespread approach in
multi-modal feature extraction is having individual encoders
extracting features from each modality. Concerning image
feature extraction, there exists a wealth of 2D perception re-
search, in the form of transfer learning and pre-trained feature
extraction backbones [39]. In lidar-only approaches, [26], [28],
[32], [40]1-[42] use voxelization to structure point-clouds into
voxels, followed by a 3D feature extractor, thus retaining
data 3D structure but increasing computations. Similarly to
our approach, [23], [33], [43]-[48] convert point cloud data
into a BEV representation, by discretizing points into a BEV
grid. Features such as height, intensity, and density are then
extracted from the points within each grid cell to represent the
grid’s features. However, due to the large number of points
in cach BEV grid cell, this process can lead to significant
information loss.

Feature fusion: Depending on the stage of information
fusion we can classify the approaches in two types:

1) Early fusion, refers to combining information at an early

stage of processing, such as combining raw sensor inputs.
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2) Deep fusion, facilitates the interaction of latent modality
features within a neural network’s structure, leveraging
their flexibility to expressing non-linear functions be-
tween modalities.

Early fusion in BEV perception operates by decorating one
modality with features from the others. In doing so, there
is no single optimal decision on which modality is going
to be the main carrier of information, as all selections have
drawbacks. A widely used carly-fusion technique is Painting
[34], [49]. Painting projects point cloud data to images to
create correspondences and subsequently appends semantic
information to the points, while discarding the rest of the
information in the images. Point-level decoration with image
features is semantically lossy because it suffers from throwing
away a lot of contextual information from the cameras due to
point-cloud sparsity, which has a severe impact on semantic-
oriented tasks like BEV segmentation, while the reciprocal
process of image feature decoration is geometrically lossy due
to perspective view geometry [38].

Deep fusion leverages the network’s capacity to learn com-
plex representations, allowing non-linear interaction between
modalities. [20], [50] proposc an cffective fusion method to
transform 2D camera features to BEV features, by efficiently
projecting camera features into BEV space and then combining
them with lidar BEV features using convolutional layers. In a
similar approach, [50], [51] used predicted image depth dis-
tributions and common 3D convolutions to generate modality
specific voxel spaces that communicate during task prediction,
enhancing cross-modal interactions.

Feature transformation Point clouds bear 3D geometry
information, and can therefore be transformed in BEV by
geometry projection. Camera views on the other hand, lack
depth information and transforming them to BEV is non
trivial. Existing multi-modal feature fusion methods, are highly
dependent on a reliable 2D to BEV image feature transforma-
tion. Methodologies for transforming 2D features into BEV
representations can be classified into three primary categories
based on their approach to depth estimation:

1) Those employing explicit depth prediction.

2) Those utilizing implicit depth prediction.

3) Those that operate without any depth prediction.

This categorization reflects the varying strategies used to
address the challenge of projecting planar image features into
a three-dimensional space.

Without performing depth prediction, Inverse Perspective
Mapping (IPM) [52] introduced a homography derived from
the camera’s int/extrinsic parameters, and projects from 2D
to 3D and vice versa, assuming that the corresponding 3D
points lic on a horizontal planc. The basic idea has been
used in recent work [53]-[56], with [2], [57] applying for
free-space estimation. Violation of the planar assumption and
calibration noisc create strong artifacts, while performance
degrades quickly as distances get longer due lower pixel
density at vanishing points and projective geometry (fig. 2).

Lift-splat-shoot (LSS) [24], is a pioncering approach that
uses a pre-trained monocular depth prediction model to pre-
dict the depth distribution of image features and use it to

main.pdf

Fig. 2. Qutlook from a virtual camera in a top down view pose, based on
360° images from four cameras. The scene is the entrance to a leisure craft
harbor at Limfjorden (DK) ??

project them in 3D, addressing the challenging camera-to-BEV
transformation problem. Their method resembles pseudo-lidar
[58], where depth is used to lift dense pixels into 3d points.
Subsequent work in [59] employs a similar approach to LSS to
predict categorical depth distribution, but unlike LSS that uses
pre-trained depth models, it provides supervision for depth
prediction. This line of work is followed by [19], [20], [60]-
[62] and extended to stereo vision depth prediction by [61],
[63].

Several BEV perception works utilize either multi-layer
perceptron [23], [64], [65] or the transformer architecture
[66], and implicitly perform depth prediction, in order to
transform 2D features to BEV. In a similar way, CVT [13],
which greatly influences our work, transforms 2D features to
BEV by implicitly predicting depth, and uses learnable camera
aware embeddings and the cross attention mechanism to query
modality features from BEV coordinates and construct BEV
features.

Calibration: Most of the previous work in carly and late
fusion approaches requires knowledge of precise extrinsic
and intrinsic sensor calibration parameters to fuse features
between the different coordinate frames, perspectives, and
fields of view [57]. Unfortunately, the calibration process can
be inaccurate, as illustrated in fig. 6, where world coordinates
are projected on image pixels using camera geometry and
calibration parameters. The convolution blocks utilized in most
existing approaches [38], [67], [68] cannot compensate for
dynamic calibration errors, due to their translation invariance.
The multiplicity of the sensors, the laborious, time-consuming,
and expensive process of calibrating a multi-sensor platform,
and the fact that after calibration, the system’s performance re-
mains sensitive to external perturbations, have created the need
for calibration-free fusion methods. To this end, researchers
have explored implicit parameter learning in their models [13],
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[69], similar to our approach.

C. Key problems

BEV perception aims to develop a resilient and adaptable
feature representation using both camera and LiDAR data.
This process is straightforward for LiDAR input, as point
clouds inherently contain 3D information. However, it’s more
challenging for camera input, where extracting 3D spatial data
from single or multiple 2D views poses significant difficulties.

Another crucial challenge lies in effectively merging fea-
tures during the early or middle stages of the processing
pipeline. Many existing sensor fusion methods oversimplify
this process, cither by combining objects at a high level or
by naively concatenating features along the data channel.
This approach often leads to sub-optimal performance, with
some fusion algorithms actually under-performing compared
to LiDAR-only solution [16]. The poor performance can be
attributed to misalignment issues or inaccurate depth estimates
when integrating camera and LiDAR data. Consequently, de-
veloping methods to properly align and integrate features from
multiple input modalities is critical and presents significant
opportunities for innovation in this field.

IV. PROPOSED APPROACH

Our proposed method, extends the camera-only CVT [13]
by a) appending lidar and LWIR cameras to the operating
modalities, b) considering point clouds as pscudo-images and
pseudo-views, and processing them in parallel with camera
views, c¢) integrating temporal information from previous
timesteps in the fusion process.

To do so, we extract features from individual sensor streams,
using modality-specific encoders. Thereafter, we utilize a view
transformation module, that utilizes cross-attention guided by
position-aware camera encodings, as well as learnable BEV
queries, to transform multi-modal sensor features to BEV
features. Finally, a decoder upscales the BEV features to
the original ground truth BEV map resolution. We provide
a high level overview of our approach in fig. 1, while in
fig. 11 we provide a more analytical description of the model’s
components. The model in fig. 11 is end-to-end differentiable,
and we optimize it using ground truth BEV maps (read
section IV-A) and focal-loss [70].

A. Dataset

Our maritime specific dataset, was collected in Aalborg,
Denmark, onboard tugboat Balder, during daytime and over
a duration of 6 hours. The datasct includes diverse sct of
modalities, including RGB, LWIR images, two lidar sensors
positioned at the front and rear of the vessel and an X-
band long-range radar. See table III for a summary of sensor
specifications. Additionally, the dataset includes own-ship’s
geo-location, captured from a satellite compass and a GNSS
receiver and static ENC data. Sensors were rigidly mounted
on 3m masts (see fig. 3), in order to establish a prominent
position and minimize obstructions from vessel structures or
other sensors.

main.pdf

Fig. 3. Tugboat Balder used for the data collection at Limfjorden, DK.
Annotated are: a) XBR b) RGB & LWIR camera platform c) LiDAR

We exploit the complementary nature of the available data
sources to construct multi-class BEV ground truth maps y € B
as illustrated in fig. 4.

ENC arc integral to navigation systems and software used
on ships and various marine vehicles, playing a critical role
in facilitating safe sea travel. The information in them is gath-
ered through surveys and observations conducted by maritime
authorities. The information that is relevant in the context of
our application, is the location of buoys, land, sail-able water
area, and shorelines. We pre-process this information by fusing
it with other sensor modalities, generating supervision signals
for our model, in the form of BEV maps. To do so, we fuse
ENC, with XBR and own-ship geo-location and attitude data,
to generate BEV ground truth maps that semantically encode
floating buoys, land, shoreline, water volumes and moving
targets.

Static classes: The position of objects such as navigational
marks, man-made structures, and landscape features, does not
change during navigation. The geo-location of such features in
the navigation scene, can be trivially extracted from the ENC,
requiring no human annotation effort. Our solution aims to
take advantage of the following static ENC features:

1) Buoys: Charts detail the precise locations and character-
istics of navigational aids, including buoys. Specifically,
they provide information about the buoy’s type, color,
shape, and light characteristics, to assist mariners in
identifying and navigating around them.

2) Land areas: Areas occupied by landscape or structures.

3) Shorelines: Outline shape of land areas.

4) Sail-able arca: We threshold depth-map contours to ex-
tract sail-able water area.

Moving targets: Floating objects within the navigable area
arc likely to be detected by the XBR, but they may not
appear on the ENC. To determine the geographic location of
these targets, we use the own-ship’s geo-location and attitude
measurements to project the XBR data onto navigable water
arca maps, creating XBR-over-water maps. Since XBR data
over water is not affected by ground clutter, it exhibits a high

https://miniature-space-garbanzo-qp4v5rg759rf4j9w-35329.app.github.dev/viewer.html?file=pdf..ZmlsZSUzQSUyRiUyRiUyRndvemtzcGFjZXMIM...
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TABLE 111
SENSOR SPECIFICATIONS

Sensor Max Range Min Range Ang. Res. Range Res. FoV Effective FOV
X-band radar 20 NM 8 M 0.225 degrees 1% Max range 360 deg 360
RGB cam - - 0.0477 deg - (94, 52) deg 360 deg
LWIR cam - - 0.078 deg - (50, 40) deg 200 deg
Lidar 200m 0.3 m (0.18, 0.7) deg 12 ecm (360, 45) deg 200 deg
ENC - - -~ - - 360 deg
750 land
buoy
500 shoreline
water
target
250 Ownship
E 0
=
—250
—500
—750
—500 0 500
E[m]

0.3 NM

r 1

Fig. 4. Ground truth BEV map generation. XBR data are transparently ploted
below color-coded ENC classes (blue for land, magenta for shoreline, green
for buoy, black for water). We curale moving target instances, by annotating
magenta ellipsoids on top of verified moving targets.

signal-to-noise ratio, making it probable that echoes detected
in these XBR-over-water maps correspond to actual moving
targets. We then manually review the identified blobs in the
XBR-over-water maps, cross-referencing them with camera
data (see fig. 6) to confirm the presence of moving targets and
eliminate false positives. This process allows us to accurately
determine the geographic location of moving targets.
High-frequency features and XBR noise are filtered by
applying a series of dilation erosion and Gaussian smoothing.
The derived XBR-over-water maps, are manually annotated,
using camera images as cross-referencing data, marking the
BEV position of the targets class (see fig. 4) with ellipsoids.
The orthographic property of BEV maps, enables a direct
and consistent relationship between pixel coordinates in the
BEV map and local North-East-Down coordinates. While not
strictly correct, the assumption of all BEV features residing
on the same plane is valid in our operation environment.
Conscquently, the position of any instance or object within a
BEV map can be converted to geodetic coordinates (latitude,
longitude, and altitude) through the application of a local

Fig. 5. Creating a ground truth BEV map y using XBR, ENC, satellite-
compass, and GNSS.

geodetic model. The process involves an initial conversion
from pixel coordinates to local Cartesian coordinates, followed
by a transformation to geodetic coordinates using the specified
local geodetic framework.

B. Solution architecture

The key components of our solution architecture are a) a
pseudo-camera view pre-processing method G that rasterizes
sparse and unstructured point clouds to structured and dense
virtual camera views, b) the modality specific feature encoders,
c) the positional-ray encodings, d) a transform and fuse
module that gencrates BEV features from both actual and
virtual camera views, ¢) a decoder that upscales the BEV
features to the final BEV map shape.

LiDAR preprocessing:

Raw point-clouds are unstructured and sparse, and hence
not compatible with most deep learning processing blocks,
that expect structured vectors of defined shapes. Inspired by
[33], [44], [71], we pre-process LiDAR point clouds and
conver them to pseudo-images, enabling their processing with
convolution architectures.

Let S* represent a 3D point cloud with Ng. points

S* = {(Zn,Yn,2n) 11 € No,n < Ng+ }
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Fig. 6. Camera view corresponding to fig. 5. The semantic map y in fig. 5 is sparsely projected on the camera views (note the color inversion between blue
and black). Projection errors are visible in camera views, due to inaccurate calibration parameters or noise in the own-ship pose.

Fig. 7. Softmaxed BEV map predictions . Each BEV map in the figure’s
tiles, predicts the presence of one of the 5 classes of interest, within 600x600m
area around own-ship, where pixel intensity encodes the class’s likelihood.

Let also S represent the processed pseudo-image of S*
§= g(S*) & RHXWXCS

where
G: R¥ — RNubar X CLipar
S: {fi; rie{0,1,... . H}, je{0,1,...;,W}}
f'r'.j: (]E [Z”] Var (Zij) max{Zi;,-) min(Z;j))T
Z;;+ Aggregated points within each voxel given by eq. (2)
|-]: Rounds down to the closest integer
H,W: Pscudo-image dimensions, such that HW =
Niipar 10 eq. (1) notation
dg: Spatial dimension of the pseudo-image grid (see
fig. 10)

’ZI.J == {znl (I'N.'.! Yns zn.) € Sk| L%J =1A {ZJJ = ?} (2)
S5 5

In our application, the sparse modality corresponds to the
LiDAR sensors, therefore we introduce the {-}1ipar subscript
to ground our notation. We preprocess and standardize the
unstructured and irregularly sized point clouds Sfipag ., to
their structured and uniform BEV pseudo-image represen-
tations SiipAr,u,-, While preserving 3D geometry features

400

200

Fore[m)]

200

400

600

600

-400 200 0

Starboard[m]

200 400

Fig. 8. Individual modality field of views annotated by maker type and color,
projecied in BEV, illustrating field of view overlap.

through points statistics. This processing is illustrated in
fig. 10. Finally, we aggregate processed pseudo-images for all
Viipag lidar sensors and time instances ¢, to form Sijpag €

3 T e - -
R Viar > Nupar X Criose - marching eq. (1) notation.

Supar = {G(Sipar.0-) 10, T EN | v < Vipar, 7 < 1}

Modality encoders:
We revisit eq. (1), by introducing further grounding sub-
script notation to the dense modalities.

V = {Dggs, Diwir} U {SLipar }

RV XHXWX3 represent dense monoc-

o Dggp, Diwr €
ular camera views,
o Supar € RYVioaXNuoawxCuoan represents the raw and

sparse 3D point-cloud of lidar v at time instant 7.
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Pixel |

Pixel i

Fig. 9. PCA (n=1) of a pseudo-camera lidar point cloud S (see also fig. 10).

BEV point of view

Fig. 10. Pre-processing G of LIDAR point cloud data. The points are projected
on a BEV grid defined by the view a BEV point of view and the z — () ground
place. Each cell contains statistics of the z-coordinate values of the points that
fall within the cell (see also fig. 9).

We encode modalities into latent features, using modality-
specific backbones at different resolutions. In order to extract
features from RGB and LWIR camera views, we convert
LWIR images to RGB, and extract feature maps from the
intermediate layers of a shared pre-trained EfficientNet-b4.
Since we can’t use transfer learning to extract features from
the LiDAR pseudo-views S, we use a randomly initialized U-
Net [72] feature extractor, similarly to [73]. Modality encoders
are projecting their features to a common dimension, hence we
adopt the notation feature f;’k € R% as the feature extracted
from camera or pseudo-camera £ at time index 7.

Cross attention For any world point 2" € R?, there exists
a corresponding image pixel coordinate ' = (pespind). For a
view k, world points are connected to camera coordinates by
eq. (3):

II = kak(T“ o .’L‘ck)

3)

Where I, By, € R**? ¢, € R? represent the int/extrinsic
matrices and positioning vector respectively, of view k. With-
out knowledge of depth from the image plane d, the per-
point inverse projection in eq. (3) is under-defined. We argue
that depth information is implicitly represented in a scene,
and transformer models can learn to create BEV maps, by

main.pdf

querying for BEV eclements in a key, value sequence, con-
sisting of input features across all views and time instances
(see fig. 12). In order to help the model develop BEV-to-
view feature correspondences, we suggest using a view’s
int/extrinsic parameters, to positionally encode an input feature
fi'r-‘k with its view-aware direction embedding, and effectively
guide the positional encoding process with camera geometry
priors. We do this by creating unit direction vectors pl** =
E;_._lf?,k_la:‘r:'kh_l for every feature f7°* and its view k

Tk : :
4 ; at time index 7.

pixel coordinates

Instead of using per-feature back-projection to generate
BEV features, and following the success of [11], [13], [14]
we use the function of cross-attention in the transformer
decoder [66] to express the problem as a sequence-to-sequence
translation [74].

output sequence EJ
N o —
mpev = X({0,1,...,q8Ev},
K
— e
{0,1;...;7]%),
v
——
(1 S L) )

where the output and query sequence mppy,Q € R *4m
consist of map feature tokens and learnable query tokens, the
input sequence consists of features f:’k € R%. The output
sequence is obtained by quering the direction encoded input
sequence with learnable map-queries ().

ri® = £+ g(o7*) + (1)

G = G + &(b;) — e(z%)

bi = By U7 [baay by 1] 43 € (0,1, hg}x{0,1, ... w,}
where:

. -r:-‘k are geometry aware feature rays,

o I,, E, int/extrinsic matrices of a pseudo-camera observ-
ing the BEV map, i.e. a pseudocamera with focal length
1, positioned at (0,0,1) and directed towards —z,

o e : R 5 R% 1 : R — R% arc lincar projection
layers, making sure the dimension of the position em-
beddings match the dimension of the features,

« fi corresponds to the feature vector of pixel .-yf;;-r

from the associated backbone,

o g; € R* are learnable map-queries,
e d,,,d. are the latent map feature dimensions, and the
input featurc dimensions respectively.

extracted

Decoder:

The semantic segmentation decoder U/, consists of three
bilinear upsampling layers, that scale the mggpy features, to
match the latent representation of y, i.e.

§ = U(mggy)

https://miniature-space-garbanzo-qp4v5rg759rf4j9w-35329.app.github.dev/viewer.html?file=pdf..ZmlsZSUzQSUyRiUyRiUyRndvemtzcGFjZXMIM...
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Fig. 11. Our proposed fusion framework: We present a cross-modal and cross-view fusion architecture for the task of BEV segmentation based on camera

images and (LiDAR) point clouds. The dense map-queries allow the model to attend to specific regions within each modality, and the multi-scale implementation
allows capturing small and large scale context. Temporal information is encoded by 3d convolution blocks.
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~
=

=<l
——

Attention((), £. V)

ER

Camera View

Fig. 12. View-aware cross attention. Pixel positions are lifted to unit
direction vector coordinates, which are appended to the features as positional
embeddings.

C. Motivation for Multi-modality

The principle of multi-modality posits that the integration
of additional sensors, in conjunction with traditional RGB
cameras, can potentially enhance the model’s ability to reason
the depth of the ship’s surroundings and the category to
which they belong. Regarding depth, the infrared and point
cloud data inherently contain that information. Focusing on
the segmentation aspect, the lidar and radar data provide
localization information that can not be found in camera
images. As a result, we hypothetize that downstream task
performance can be improved given their effective deep fusion.

D. Temporal features

By integrating historical BEV information with current
environmental data, models can stabilize perception results,

represent temporarily occluded objects, accumulate observa-
tions for map generation, and improve the detection of moving
or heavily occluded objects [20], [75]. In our work, four out
of five classes are static (buoys, land, shoreline, water). The
displacement of these classes between consecutive images and
BEV maps therefore, depends exclusively on the own-ship’s
motion. The ship’s pose is, in most cases, measurable through
GNSS.

The target class, however, might display non-linear motion
dynamics, and the displacement of this class’s instances be-
tween consecutive images and BEV maps, depends on the
combined relative displacement between the moving targets
and own-ship. The farget instances motion dynamics are
therefore relatively unpredictable, especially without being
able to measure their velocity. We hypothesize that by allowing
a model to simultaneously process temporal information across
multiple time instances, it can learn object motion dynamics
and avoid occlusion, as demonstrated in [11].

We extend the work of [13] and incorporate a temporal
aggregation module, acting on heterogencous multi-view fea-
turcs. We attempt this by using ego-motion to align the output
of the cross-attention layers across different time instants,
and then extracting spatio-temporal BEV features, with 3D
convolution kernels.

Temporal Alignment To align the BEV feature maps from
consecutive time instances, similarly to [19], [22], [76], we
usc cgo-motion posc differences, to align the feature maps
between past/future time instances.

3D Convolutional Layers The output of the alignment
process are © aligned BEV feature maps. We then use a 3D
convolution layer without padding, to extract spatio-temporal
BEV features.

https://miniature-space-garbanzo-qp4v5rg759rf4j9w-35329.app.github.dev/viewer.html?file=pdf..ZmlsZSUzQSUyRiUyRiUyRndvemtzcGFjZXMIM...
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V. EXPERIMENTS

A. Implementation details

Model parameters: We use transfer learning and Effi-
cientNet [77] checkpoints, to implement the common RGB
and LWIR camera feature extractor. For the LWIR images,
which are single-channel, we employ channel replication to
create a three-channel input compatible with the RGB-based
network architecture. We standardize all images to 224x480
resolution and similar to [13], we extract features in two 8x
and 16x down-scaled resolutions, i.c., (28,60) and (14,30) and
d. = 128 channels.

For the learnable BEV queries, we choose ngpy = 25x25 =
625 and d,,, = 128. For the multi-head cross-attention blocks,
we choose 4 heads and inner dimension 64. The decoder
consist of three bi-linear upsampling and convolution layers,
upscaling the latent map feature tokens mggy to the prediction
outputs § € R2%299%5 which corresponds to 3 m/pixel
orthographic projection maps, one for each class, covering
600m in width and height (see also fig. 7).

For the temporal aggregation module, we choose £ = 3
time instances in eq. (1) and select samples with 5s difference
between them.

Augmentations: BEV Perception needs to remain robust
to geometrical perturbations in images. Such perturbations are
either non-constant, for example as consequence of the vessel’s
floating movements, or static, i.e. due to imprecise calibration
parameters. The goal of train-time augmentations is to make
the model invariant to such perturbations, but also regularize
the training process, by reducing over-fitting. Train-time data
augmentation plays a vital role in improving BEV mapping
performance, with [78] reporting substantial benefits of train-
time augmentations in their ablation studies.

We apply random geometric augmentation to the sensor
views, implemented with random cropping and rotation, where
we update the int/extrinsic matrices correspondingly [79].
Following the geometric transformations, we apply random
color variation augmentations, trying to cover different light
exposure conditions, as well as random camera dropout aug-
mentation, where one or more of the sensors are being
randomly blacked out during training.

Training: We train on 2 NVidia A100 GPUS for 120
epochs, over 8 hours with batch size of 12 samples, using
binary focal loss. We optimize using AdamW [80] optimizer
with cyclical learning rate scheduling [81] and a maximum
learning rate of 4 x 10~ 3.

Evaluation: We apply softmax and argmax to the predicted
BEV maps 3 across the channel dimension and calculate the
multi-class Intersection Over Union (IOU). We repeat the
evaluation over a multitude of experiments, and verify the
performance benefits of modal and temporal fusion. The eval-
uation is summarized in table IV. Furthermore, we empirically
evaluate the predictive performance of the model by looking
at individual class prediction hecat-maps in fig. 7, but also
by back-tracing salience heta-maps from the cross-attention
similarity matrices in the transformer blocks (fig. 14).
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B. Explainability

We use salience maps, to demonstrate the model’s ability to
focus on specific regions within the views V. Figure 14 illus-
trates the use of extracted attention maps within the model’s
cross attention blocks to generate saliency maps and overlay
them on the camera views. The illustration demonstrates that
the model is able to attest to significant parts of the input
sequence V' during task inference. The attention mechanism
allows the model to assign different weights to different parts
of the data, providing insight into which areas influence the
model’s predictions the most. By revisiting eq. (4), the look-up
function is implemented by

Attention(Q, K, V) =WV

W = softmax (Q—KT) € R X (VNN
e

where ny, represents the number of heads in Multi-head
attention.

To visualise the attention heat-maps, we select a region
of interest in the produced BEV maps, that corresponds to
a set of indices npohe < Np such that Wi € WL The
attention matrix Wpghe 1$ indexed on current time instance,
while information along the number of heads ny, is reduced by
projecting W on its first principal component along the head
dimension. The attention maps are bi-linearly up-sampled to
match the input camera view resolution, resulting in attention
matrices Wi, € RT*W for v = {1,...,V} that can be
visualised on top camera views, as in fig. 14.

VI. CONCLUSION

We present a transformer based, calibration-robust map-
view segmentation approach, that integrates RGB, LWIR and
LiDAR sensors across multiple time instances. We validate our
approach on field collected, maritime specific data, demon-
strating remarkable potential in long-range scene understand-
ing and suggesting that our that BEV perception has a well-
functional position in the design of autonomous ship-borne
navigation systems.

VII. LIMITATIONS AND FUTURE WORK

Spatio-temporal features Despite the positive performance
boost (table IV) of using 3D convolution and ego-motion
alignment in our suggested temporal aggregation module, our
approach is still dependant on accurate ego-motion estima-
tion information. At the same time, convolutions have local
receptive fields, and are thus unable to model long spatio-
temporal dependencies. Further work is required in quantifying
the effect of spatio-temporal aggregation in BEV perception.

Doppler radar: Naturally, properties such as the radial
velocity in doppler velocity radars, exhibit homogeneity for
points originating from a single object. Therefore, it is rea-
sonable to hypothesize that integrating such information will
be beneficial in the BEV map scgmentation task. In our
experiments, the W-Radar modality was excluded due to its
sparse sampling, which made it unsuitable for use. However,

https://miniature-space-garbanzo-qp4v5rg759rf4j9w-35329.app.github.dev/viewer.html?file=pdf..ZmIsZSUzQSUyRiUyRiUyRndvemtzcGFjZXMI...
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TABLE IV
RESULTS IN TERMS OF MEAN INTERSECTION OVER UNION (MIOU).

main.pdf
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Method Modality Boat Buoy Water Shoreline Land
Standard RGB 11%  30% 70% 22% 92%
Standard RGB, LWIR 13% 32% 8% 23% 93%
Standard RGB, LWIR, LiDAR  15%  34% 80% 26% 95%
Temporal RGB, LWIR, LiDAR  17% 36% 85% 27% 96%
Temporal w. alignment RGB, LWIR, LiDAR 17% 37% 91% 31% 96%

{ lWll'2

150

100

Heading [deg]

Fig. 13. Overlaying aitention map on the input data. The figure illustrates the correlation between BEV and camera view representations, Image position on

each row adjusted for camera k extrinsic parameters [ (see also fig. 14).

as recently highlighted by [73], [79], BEV perception could
benefit from further investigation into the fusion of the W-
Radar modality, suggesting it as a promising arca for futurce
research. It is worth mentioning that our approach readily
supports the integration of W-Radar data as an additional
modality, by aggregating them into additional pseudo-views.

Cross-attention: While capable of capturing global cor-
respondences across different map locations and views, the
complexity of cross attention scales linearly with the number
resolution of the BEV map, and quadratically with input
feature resolution and number of timesteps, and number of
views, prohibiting the use of fine-detailed feature maps or
BEV maps. At the same time, a lot of calculations are possibly
redundant as global cross attention, naively calculates scores
between BEV map locations and views, that do not necessarily
correspond to each other. The use of deformable attention [82],
as already demonstrated in [11], [78], [79] is a promising
direction in reducing the computation complexity of cross
attention, and at the same time enables the selective attendance
of a BEV query to specific views regions.
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Fig. 14. Auention maps Wipe calculated from the two cross-attention modules, that operate on different input feature resolutions (fig. 11). The produced
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https://miniature-space-garbanzo-qp4v5rg759rf4j9w-35329.app.github.dev/viewer.html?file=pdf..ZmIsZSUzQSUyRiUyRiUyRndvemtzcGFjZXMI...

14/15



14.04.2025, 13.28 main.pdf

https://miniature-space-garbanzo-qp4v5rg759rf4j9w-35329.app.github.dev/viewer.html?file=pdf..ZmlsZSUzQSUyRiUyRiUyRndvemtzcGFjZXMI... 15/15



