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ABSTRACT

Geolocation is essential for autonomous navigation of surface mar-
itime systems. Most current methods rely on GNSS or radar sys-
tems, which are not suitable for hostile environments. Visual Geo-
localization (VG) offers a passive alternative, but poses a significant
challenge, particularly with a limited camera field of view. This
paper introduces a novel VG approach utilizing a 50° camera for
horizon-based cross-view correlation. We correlate ground images
with simulated horizons rendered from a Digital Elevation Model
(DEM) using a siamese network and compact visual descriptors.
Our results demonstrate the feasibility of GNSS-free navigation for
maritime systems, achieving a mean localization accuracy of 38 m
and heading accuracy up to 8° over a 25 km? area, starting from
an unknown position. This opens new possibilities for robust and
autonomous maritime operations in unfamiliar environments with
limited ground imagery.
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1 INTRODUCTION

One critical aspect of achieving autonomy is geolocation, this
enables autonomous navigation planning by the system without
human intervention. Usually, Global Navigation Satellite System
(GNSS) is a reliable and accurate method. However, the accuracy
can be compromised due to dense vegetation, structure obstruction
or also malicious attacks such as spoofing and jamming.
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In this context, it is essential to develop fail-safe localization
method for Unmanned Surface Vehicle (USV). The scientific litera-
ture offers various alternatives to GNSS in scenarios where posi-
tioning is no longer reliable. Most of them rely on actives sensors
such as radar [6, 11, 12], lidar [14] or sonar [5, 9]. However, in a
hostile environment, discretion can be a crucial element of success,
limiting the use of these emitting methods.

Otherwise, dead-reckoning is a passive well known alternative
for navigation [2, 10]. Nevertheless, this method remains highly
dependent on the quality of the sensor and inevitably suffers from
drift over time.

In this paper, we propose an topographic cross-view visual geo-
localization approach using only DEM as reference in coastal en-
vironment. Our method aims to enable real-time geo-localization
using only limited field of view camera. The geo-localization is
based on the correlation between the rendered horizon from known
DEMs and ground images captured by the system’s camera. This
approach could allow system to operate on terrain where the only
preliminary informations available are elevation map.
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Figure 1: Diagram of the geo-localization process, which
consists of two primary stages: offline horizon simulation
dataset generation, and onboard geo-localization using near-
est horizon descriptor search and particle filtering for geolo-
cation estimation.
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Figure 2: Demonstration of the complete geolocalization process on test scenario 0. The top image sequence shows the evolution
of geolocalization over time based on specific log frame noted f.

2 PROPOSED APPROACH

To obtain accurate geolocation from an image despite the limited
field of view, we propose a pipeline based on deep-learning as
shown in figure 1. This pipeline illustrates our cross-view geo-
localization method, highlighting in one hand the pre-pocessing
part using elevation model simulation and in the other hand the
onboard geolocation estimation. Horizon correlation is based on
image retrieval task where the highest correlation score is inversely
proportional to descriptor distance. Descriptors also known as em-
bedding or feature vector depending of the field of research are
computed via feature extraction made using Convolutional Neural
Network (CNN). Those descriptors are compared using euclidean
based nearest neighbor search to retrieve highest correlation hy-
potheses. Then, hypotheses are filtered using Monte Carlo localiza-
tion particle filter to reduce outlier and increase accuracy [3, 4].

As our approach is based on DEM, we assume that we know
approximately the location where the system operates to limit the
searching area. The principle is to generate a sufficiently exhaus-
tive dataset of digital horizons rendered from topographic data.
Subsequently, after training a model to recognize similarities and
differences in the horizon, a vectorial database is created to store
descriptors from the simulation dataset. It is important to notice
that all computationally expensive processes are performed be-
forehand. Finally, only the database of descriptors and the trained
model are stored onboard the USV, limiting memory usage and
required computing power. For localization, the drone will then
need to perform only an inference and a search for the most similar
horizons. As mentioned, we distinguish between the dataset, which
represents image sets for deep-learning training, and the database,
which represents descriptor storage.

Following the observation by Berton et al. [1], recent research
tends to increase the complexity of model architecture. Resulting
in heavier and slower architectures that may not be suitable for
long-term use on embedded systems with limited resources, such as
battery capcity and computing power. For this reason, we explore
several compact descriptors with fewer than 256 dimensions using
the lightweight network ResNet18 [7] combined with GeM [13]
aggregation layer.

Each network is trained on an identical dataset for 10 epochs,
using the same hyperparameters, with only the descriptor size dif-
fering. We use the weighted soft margin triplet loss [8] for training
by exploiting triplets based on a relevance score. Indeed, we identify
similarities based on the difference in coordinates: the closer the
elements are physically, the higher the score.
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3 RESULTS

In order to evaluate our approach, we initially extracted four com-
plete and unique logs, ordered by difficulty according to occlusion,
viewing distance, and weather conditions. Table 1 indicates the
method accuracy for the position and the heading when the parti-
cle filter has converged. In the best case, we obtain a mean error of
38m for test set 1 in a 25km? area where we don’t know the initial
localization. We also retrieve a mean heading accuracy up to 8° in
the best scenario.

Table 1: Analysis of the geolocalization accuracy made of 200
simulations using 5000 particles on all tests using best model
according previous results.

Test set Desc. Position Acc. Heading Acc.
Dim. Min Mean Min Mean
0 256 0.76m 57.78m 0.02° 7.38°
1 128 0.78m  37.39m 0.02° 18.17°
2 32 0.56m 62.54m 0.01° 14.24°
3 256 1.70m 89.14m 0.01° 16.05°

This approach allows a system to be located within a restricted
area without divergence over time, unlike dead reckoning or visual
odometry. As shown in Figure 2, the particle filter in blue rapidly
converges toward the ground truth in orange in 3 iterations. Parti-
cles also continues to follow the ground truth even in an occluded
environment, from frame 25 to frame 50.

4 CONCLUSION AND PERSPECTIVE

In this study, we demonstrate a visual geo-localization approach in
a maritime environment without GNSS, using only a camera with
a limited field of view. We use the horizon simulated from a digital
elevation model as a reference for a method based on cross-view
and particle filter. This work highlights the feasibility and potential
of autonomous navigation in hostile areas where the ground image
is limited and GNSS is no longer reliable.

Our method achieves geolocalization with an average accuracy
of 38m in best case and a heading difference of less than 8° from the
actual ground truth in an area of 25km? with an unknown starting
point and using only a 50° field of view camera.
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