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Abstract—Advanced Air Mobility is expected to revolutionize
the future of general transportation. However, to make it a reality,
significant challenges arise requiring technologies to ensure the
expected attributes in these scenarios: resilience, robustness, large
operational range, high accuracy, low SWaP equipment, and
real-time processing. Although existing visual-based navigation
solutions for aerial applications provide outstanding results under
nominal conditions, their performance is highly constrained
by the lighting conditions, making them infeasible for real
operations. With the main focus of addressing this limitation, and
expanding the current operational range to include extreme low-
illuminated environments, this paper presents a solution which
leverages one of the most powerful properties of event cameras:
their high dynamic range. Thus, data provided by an event
camera (also called dynamic vision sensor) is used to estimate
the relative displacement of a flying vehicle during night-time
conditions. To that end, two different threads running in parallel
have been developed: a reference map generator, operating at
low frequency, focused on reconstructing a 2-D map of the
environment, and a localization thread, which matches, at high
frequency, real-time event-generated images against the reference
map by applying Mutual Information to estimate the aircraft’s
relative displacement.

Index Terms—YVisual-based Navigation, Event Cameras, Bio-
inspired sensors, Night-time navigation, Mutual Information,
Image alignment, Low-illuminated conditions.

I. INTRODUCTION

The significant challenges associated with the concepts un-
derlying Advanced Air Mobility (AAM) require the introduc-
tion of sophisticated solutions able to deliver the performance
required for achieving safe autonomous flight operations. In
this context, one of the major challenges corresponds to the de-
manding navigation requirements, imperative to substitute the
onboard pilot. Even as technology advances, GNSS, supported
by its enhancement techniques, remains an essential part of
the current navigation systems. However, though GNSS-based
navigation techniques provide accurate, reduced cost and easy
integration solutions, they are vulnerable to radio interference
as well as multi-path errors. Consequently, there is at present
a huge effort focused on developing supporting navigation
solutions able to provide the adequate performance required
for such complex environments.
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Within this framework, visual-based solutions, such as
Visual Odometry (VO), Visual-Inertial Odometry (VIO) or
Visual Simultaneous Localization and Mapping (VSLAM),
are gaining ground because of their significant advantages:
cameras are passive sensors immune to external interference,
they are adaptable to all types of platforms and usually
satisfy payload Size, Weight, and Power (SWaP) requirements.
Visual-based techniques refer to the process of estimating the
camera ego-motion based on the changes that motion induces
on the images registered by a single or multiple cameras
[5]. Recent surveys provides rigorous literature overviews of
existing vision-based navigation solutions, which are gener-
ally classified into two categories: geometry-based and deep
learning-based methods [2] [1] [3] [4]. However, although they
have been an active research during several years and present
promising results, real flight tests stand out the problems of
using these techniques to estimate the relative movement:
lack of adaptability to low-textured and/or light-challenging
scenarios, loss of track during abrupt maneuvers due to small
frame-to-frame overlaps or high sensitivity to weather effects
such as fog, rain or night conditions [6] [5].

To overcome these limitations, two different novelties are
being introduced into the problem by researchers: on the one
hand, the application of Machine Learning (ML) techniques,
which are becoming a major opportunity for the aviation
industry due to their high adaptability to challenging scenarios.
However, they conversely present a significant challenge due
to the strict certification procedures in this industry [1] [4].
On the other hand, new hardware components are emerging
and/or becoming more affordable for their general use. This is
the case, for instance, of infrared cameras and all its variants
(near-infrared, mid- and long-wave infrared) and the emerging
event cameras. Thus, the combination of these cutting-edge
technologies and the new (or even existing) techniques for
data processing open up opportunities to solve the constraints
related to existing visual-based navigation approaches.

Within this context, the present work focuses on bridging
the gap related to the navigation in extremely low-illuminated
or night-time scenarios using visual information, which to the
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extent of our knowledge, is still an open problem. To this end,
the proposed solution builds upon one of the most powerful
characteristics of event cameras: their wide dynamic range.
Unlike traditional cameras, whose dynamic range usually is
around 60 dB, the dynamic range of event cameras achieves
more than 140 dB, allowing the users to obtain meaningful
data even under extreme illuminations conditions [17]. The
proposed algorithm is composed by two different threads run-
ning in parallel. One of them focused on generating a reference
map which is only updated when new truthful information
appears on the scene, while the other thread is in charge of
estimating the relative displacement of the aircraft by matching
real-time event-generated images against the reference map at
a high frequency.

Although both threads share the same source of information,
the events provided by the dynamic vision sensor, the type of
images generated during both steps are essentially different,
making traditional methods not feasible for their alignment.
Then, another novelty introduced in this work corresponds to
the application of Mutual Information (MI) theory to achieve
a robust image alignment. MI has emerged in recent years as
a powerful method for quantifying the statistical dependence
between images [37]. It provides an effective criterion for
measuring the similarity of images while not imposing any
constraint on the modalities involved [32].

The rest of the paper is organized as follows. In Section II
the State of the art related to the relevant topics is presented.
The proposed algorithm is accurately described in Section
III. The preliminary experiments and results are introduced
in Section IV. Section V gathers the conclusions drawn along
the algorithm development and test. Finally, the future work
can be found in Section VI.

II. STATE OF THE ART

This section presents a literature review related to the main
topics introduced in this work: Visual navigation in low-
illumination conditions, Event camera-based localization and
Mutual Information applied to image alignment.

A. Visual navigation in low illumination conditions

Visual-based localization methods correspond to a
widespread active research area since many years ago.
Generally, the majority of approaches proposed so far
tackle only favorable conditions: good illumination, static
scene with enough texture in the images and sufficient
scene overlap [5] [1] [3] [4]. However, recent studies
have been conducted on analyzing different solutions for
particularly challenging scenarios. Regarding low-illuminated
or night-time environments, the proposed approaches can be
categorized as software or hardware solutions, depending on
how the problem is addressed.

Regarding software solutions two options are mainly con-
ducted: image enhancement and camera control. With respect
to the first one, some studies have focused on different
methods for enhancing images quality under challenging night
conditions. In [6], methods such as: adjusting the luminance

of an image by applying Gamma Correction, removing the
blue channel from the RGB image and convert it to grayscale
by averaging the remaining red and green channels, converting
the image from the traditional RGB color space into a different
color space focused on representing lightness or intensity or
building models to simulate parts of the human visual system,
are presented. However, despite they are simple and effective,
their application is limited in dark environments because the
noise amplification they cause [6] [15].

The second software approach focuses on obtaining an
optimal image through camera control. The idea is to capture
the whole dynamic range of the scene by acquiring and
combining several images taken at different exposure values.
Then, the final image is obtained through multiple image
alignment [7]. Unfortunately, the main drawback of these
approaches corresponds to the difficulty of meeting real-time
requirements. Nevertheless, recent advances in deep learning
show an impressive performance in recovering the whole
dynamic range from a single image via a deep neural network
[16].

On the other hand, research has been also conducted
to enable the navigation in low luminosity conditions by
introducing different hardware components. In the case of
unmanned ground vehicles, most of these approaches have
either focused on the use of active sensors, such as Lidar,
or introducing active illuminators. However, for the case of
aerial vehicles this is only practical for very specific cases,
such as the work presented in [14], which integrates onboard
LEDs to provide illumination allowing to perform autonomous
inspection of tunnels using aerial vehicles. In general, most
studies involving flying platforms focus on using thermal-
infrared cameras [12] [11] or combining thermal-infrared and
visual cameras to achieve localization in different scenarios
[13] [10] [8]. Finally, in [9] a new specific type of sensor
is proposed, a new low-light sensor to provide both day and
night imaging capability.

B. Event camera-based navigation

The emergence of event cameras shed light on overcoming
some of the traditional limitations in existing visual-based
navigation methods. The most complete reference for event-
based vision corresponds to [17] which not only introduces the
dynamic vision sensors from their working principle, but also
presents a rigorous and comprehensive overview of researches
according to the addressed task, such as feature detection and
tracking, image segmentation or visual odometry.

For the specific case of navigation in low-illuminated condi-
tions, some studies has been already conducted. For instance,
[25] and [26] present a robust and accurate state estimator
for High Dynamic Range (HDR) and high-speed scenarios
by combining events, RGB images and inertial measurements.
[18] also leverages outstanding properties of the event cameras
proposing the exploration of lava tubes by a Mars helicopter by
combining an event-based frontend with a filter-based backend
for incorporating IMU measurements.



On the other hand, although not focused on challenging light
conditions, some previous researches have worked not only on
estimating the camera ego-motion, but also on reconstructing
a map of the environment, similar to the method presented in
this work. [21] proposes a method which can perform real-
time 3D reconstruction based on three decoupled probabilistic
filters: estimating the camera motion, scene logarithmic in-
tensity gradient and scene inverse depth. [22] performs fast
camera tracking while recovering a semidense 3D map of
the environment based on image-to-model alignment. [24]
introduces 3D contrast maximization instead of the commonly
used Image of Warped Events (IWE) for motion tracking and
mapping with an event camera, performing a joint optimization
over motion and structure.

In recent years some researches have started to explore the
application of Deep Learning (DL) techniques for event-based
vision applications. In this line, [26] provides a comprehensive
taxonomy for existing DL-based methods conducting bench-
mark experiments for these methods. The analyzed methods
are grouped into two major categories: image reconstruction
and restoration; and event-based scene understanding 3D vi-
sion.

Finally, an event-based stereo VIO system, namely ESVIO,
has been presented which fuses events’ depth, time-surface
images, and pre-integrated inertial measurement to estimate
the camera motion in a sliding-window non-linear optimization
framework [20].

C. Mutual Information for image alignment

The robustness of Mutual Information (MI) against illu-
mination changes and its independence on the modalities
involved during the image processing, have positioned MI
as a powerful tool to quantify the similarity of multi-modal
imagery for their alignment. In this context, one of the
most important and pioneer fields where MI is broadly used
corresponds to the medical imaging domain. Numerous works
have focused on registering Magnetic Resonance (MR) images
with Computed Tomography (CT) images, but also on aligning
complex 3D models to real scenes based on different MI for-
mulations [29] [31] [36] [37]. In this field, some other studies
can be found which specifically assess the accuracy of MI and
compare its performance when applying different formulations
as metrics, such as normalized mutual information and cross
correlation [30] [35].

However, MI faces also some limitations, consequently, spe-
cific works can be found for dealing with these constrains. For
instance, MI requires estimating the joint distribution of the
two images, which not always converge fast and accurately. To
overcome this inconvenience, [34] presents a non-parametric
sampling method for obtaining the joint distribution of a pair
of images resulting with lower bias and improved convergence
rates. On the other hand, when applying MI, only the rela-
tionship between pixels’ pairs is considered, losing much of
the spatial information inherent in images. [32] presents an
extension to MI called Regional Mutual Information (RMI)

that also takes neighborhood regions of corresponding pixels
into account.

Finally, in recent years, the growing availability of nu-
merous imaging modalities in different sectors has made the
application of MI suitable for many other different applications
than the medical imagery. One of the most important one
corresponds to image registration for Multi-Modal Remote
Sensing (MMRS). In this topic, [28] presents a review of
traditional and advanced methods proposed for MMRS image
registration. Also, some works can be found on matching
stereoscopic images applying MI by computing a global joint
histogram from the stereo pair [33].

III. PROPOSED SOLUTION

The present work pursues enabling the aerial navigation in
low luminosity environments, including night-time, by exploit-
ing one of the most powerful characteristics of dynamic vision
sensors: their high dynamic range. The proposed solution
entirely relies on the information provided by a unique event
camera attached to a flying platform pointing downwards.
These cameras, instead of capturing frames at a fixed rate,
provide asynchronous information when brightness changes
in any pixel of the camera field of view are detected. Then,
every reported event contains: the specific pixel location where
the illumination change was registered, its associated time and
the sign of change, to indicate if the pixel becomes lighter
or darker. To facilitate the processing of the captured events,
the information contained in them is used to generate images,
which are further processed.

The developed algorithm is composed by two threads run-
ning in parallel, as it is depicted in Fig. 1:
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Fig. 1. Threads of the proposed solution.



o Reference Map generation Thread: It combines spatio-
temporal information provided by the event camera to
extract high-level features on the scene and reconstruct a
2D Reference Map based on them. This map is updated
at a low frequency and only when new reliable shapes or
objects appear on the scene.

« Navigation Thread: It matches real-time event-generated
images against the Reference Map by applying Mutual
Information. Once the alignment between the map and
the image is completed, the relative displacement be-
tween them is computed. By concatenating all relative
displacements, the whole trajectory relative to the initial
point is achieved. This thread runs periodically at a high
frequency.

The steps involved in both pipelines are further detailed in

following subsections.

A. Reference Map generation Thread

Fig. 2 shows a day-time and a night-time image taken
exactly at the same position by the same camera. Unlike the
well-illuminated picture, the night-time image presents a poor
texture and an absence of details, since most of the areas of the
scene remain at the same level of darkness. Therefore, the first
challenge of the algorithm corresponds to the identification of
meaningful information in the night-time image.

Fig. 2. Day (left) and night-time (right) aerial images taken at the same pose.

The Reference Map generation is performed in three steps:
detection, extraction and tracking of a determined number of
truthful objects in the scene considering their size and position.
The main idea behind the map generation is to keep the biggest
shapes while ensuring a proper distribution of them in the field
of view of the camera. Other captured events which do not
conform any of these shapes are removed from the scene.
By removing small or noisy elements while keeping well-
distributed large shapes, the trustworthiness of the subsequent
matching process is increased. This process is repeated along
the entire trajectory to ensure that a proper number of well-
defined shapes are always identified and tracked. The diagram
in Fig. 3 shows all steps involved in the Reference Map
generation Thread.

0) Map Image available: At a rate of 1 HZ, the spatio-
temporal data provided by the dynamic vision sensor is
processed to generate a new Map Image.

1) Objects detection: The Map Image is processed to iden-
tify all objects on the scene as well as their size and
position.
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Fig. 3. Flow diagram of the Reference Map generation thread

2) Objects ordering: The detected objects are sorted out by
their size, being the larger ones the firsts in the list.

3) Biggest objects selection: In order to ensure a well
distribution of the selected shapes, the Map Image
is divided into several grids of equal size. However,
although the algorithm considers the object’s position
to ensure its homogeneous distribution, an introduced
parameter allows to specify how many objects can repeat
in the same grid. This is to avoid discarding large
elements even if they are in the same region. Then,
during this step, the biggest number of repeatable objects
are selected and kept into the image, without considering
their location.

4) Well-distributed objects selection: The first max_range
objects stored in the sorted list, another configurable
parameter, are analyzed to identify and keep those which
are in currently empty grids.

5) Not Well-distributed objects selection: If not enough
number of objects (determined by the parameter
num_obj) have been gathered in the previous two steps,
the next biggest objects that have not been analyzed
yet are added to the Map, even if they are in already
occupied grids. This ensures that a minimum number of
objects are tracked.

6) Object overlap identification: As a simplification step,
the contour of all selected objects is checked. If an
overlap is found between two or more objects, they



are combined into a single object adapting the contour
properly to contain all objects involved.

7) Save objects info: The information related to all selected
objects is stored for the next iteration: template, position,
and size.

8) Map Update: If it is the first iteration of the algorithm,
the Reference Map is generated by keeping all objects
selected during the previous steps. In the following
iterations, the Reference Map is only updated if new
relevant elements have been identified which are not
present in the map.

9) Objects matching: After the first iteration, a map ob
objects has been created. In the subsequent iterations,
objects found in the new image are compared to those
in the Map. The objective is to find and track each object
in the Map with objects found in the new image.

10) Objects addition: If not all previous templates have been
match because some of the objects are already out of
the scene, the largest objects not previously matched
are added to keep the same number of selected objects.
Only if new objects have been added, the map is updated
again.

B. Navigation Thread

While the Reference Map generation Thread is in charge
of building the map of the environment along the trajectory,
the Navigation Thread focuses on estimating the camera ego-
motion using this map as reference. To this end, real-time
event-generated images are composed at a high frequency for
their subsequent alignment with the Reference Map. The align-
ment is done by applying Mutual Information, which provides
a quantitative measure of similarity between images. Once
the matching process is finished, the relative displacement
between the Reference Map and the actual event-generated
image is converted from pixels to meters by applying the Pin-
hole camera projection. Finally, by concatenating all computed
relative displacements along the time, the whole trajectory
referred to the initial point is easily extracted, similarly to
VO/VIO solutions.

Fig. 4. Real-time event-generated image

1) Image Alignment: The image alignment or registration
is achieved by computing the MI value between the
Reference Map and the real-time event-generated im-
ages. The MI between two random variables quantifies
their mutual statistical dependence, which is commonly
used to guide multi-modal image alignment. MI criteria
allows to quantify how much information one image
contains about the other. Then, the images are geometri-
cally aligned when the MI registers its maximum value,
that is, when the amount of information they contain
about each other is maximal.

Fig. 5. MlI-based match between the Ref Map and an event-generated image.

The MI of two images A and B can be expressed in
terms of the marginal and joint entropies:

MI(A,B) = H(A) + H(B) — H(A,B) (1)

The marginal entropy can be interpreted as the un-
certainty related to a random variable, while the joint
entropy as the uncertainty when combining two images.
From Equation 1 it can be said that correct registration of
the images is achieved by minimizing their joint entropy,
in other words, the joint entropy is minimum when the
images are totally aligned. The entropy of an image can
be computed by estimating the probability distribution
of its pixel intensities. The most common measure of
entropy used in image processing corresponds to the
Shannon-Wiener formulation:

H(A) =) —Pa(a)log Pa(a) 2)

a

H(B) =Y —Pg(b)log Pp(b) 3)
b

H(A,B) = —Papla,b)log Pap(a,b) (4
a,b

The joint probability mass function P4 g(a,b) can be
defined from joint histogram as:

Pa p(a,b) = h(a,b)/ Y h(a,b) )

a,b



2)

where the joint histogram h is computed as:

h(0,0) h(0,1) h(0,N — 1)

| o) h(1.1) (1, N — 1)
WM =1,00 B(M—-1,1) .. h(M—-1,N—1)

(6)

In this equation, h(a,b) corresponds to the number of
point pairs for which the intensity in one image is a
and for the other image is b, while M and N define the
ranges of the intensity values of the pixels [28].
Compute the relative displacement in real world:
Once the image alignment is completed, the next step
corresponds to project the displacement in the image
plane into displacements in the real world. This geomet-
ric transformation is achieved by inverting the Pinhole
camera projection, illustrated in Figure 6.
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Fig. 6. Pinhole camera projection

The Pinhole camera projection allows to convert a 3D
point expressed with respect to the world coordinate
system, Py = (Xw,Yw,Zw), to a 2D pixel, p =
(u,v), in the image plane. As can be seen in Figure 6
this process is accomplished by two different steps.
The first step is achieved by applying the homogeneous
transformation, which is composed out of R, the 3-by-3
rotation matrix, and ¢, the 3-by-1 translation vector:

X 11 Ti2 T13 X 12
Yo| = 121 122 1a3| | Yu | + |ty @)
Ze r31 T2 7T33| | Zw t.

This homogeneous transformation allows to transform a
3D point in world coordinates, Py, to a 3D point in
camera coordinates, Po = (X¢, Yo, Z¢), by applying
the Extrinsics, i.e., the rotation (R) and translation (¢)
that describe the change of coordinates from world to
camera coordinate systems. The contracted form of the
Equation 7 is given by:

P.=RP,+t )
Resolving for P,,, we have:
P, =(P.—t)R7! ©)

On the other hand, the projective transformation, enabled
by the camera’s intrinsic parameters, projects 3D points
in the camera coordinate system, P¢, to 2D pixel coordi-
nates, p. The camera intrinsic matrix, K, is composed of
the focal lengths f, and f,, which are expressed in pixel
units, and the principal point (c,c,). The projective
transformation is formulated then as:

X
u J 0 ¢ %
slo| =10 f, ¢ Zc (10)
1 0 0 1 1C

where s is the projective transformation’s arbitrary scal-
ing, not part of the camera model. The contracted form
of the Equation 10 is given by:

sp=K P, (11)
Resolving for P,., we have:
P.=sp K} (12)

Combining equations 9 and 12 we have the transfor-
mation that maps 2D points in the image plane, (u,v),
to 3D points in world coordinates, Py, which is the
transformation required to estimate displacements in real
world from the image alignment.

P,=((sp)K ' —t)R™! (13)

3) Compose whole trajectory The initial pose of the
camera establishes the origin of the World coordinate
system, Oy, which is shared by both: Reference Map
and localization updates. Since the relative displace-
ments obtained by the two previous steps provide rel-
ative displacements in the current camera frame, Pc,,
they must be converted to the World reference system
to obtain the whole trajectory relative to the initial point.
The form of all rigid transforms is a rotation R followed
by a translation ¢, which was previously introduced in
Equation 8.

IV. RESULTS

To validate the proposed algorithm, a simulator based on
OSG-Earth is being used as the tool to obtain real satellite
imagery for the designed trajectories. OSG-Earth corresponds
to a 3D Earth surface rendering toolkit able to acquire satellite
images based on specific camera poses. OSG-Earth-based sim-
ulator provides immense benefits: real images taken from real
scenarios, configurable sensors, easily modifiable trajectories,
and ground truth availability for analyzing the results.

Moreover, to compare the results, ORB-SLAM3 was used
as the reference navigation algorithm. While the performance
of ORB-SLAM3 showed exceptional results under day-time
scenarios, it is only able to initialize and estimate the trajectory
for 3 seconds (0.472% of the trajectory) before losing the
track under night conditions. Figure 7 shows a screenshoot
of the algorithm running in both situations. During the sunset
and sunrise, i.e. low-illumination conditions, the position error



Fig. 7. ORB-SLAM solution applied to day (left) and night (right) trajectories.

increases between 4% and 26%, while the orientation error
grows up to 52%.

The simulated dynamic vision sensor used for these experi-
ments provides a resolution of 1024x768 pixels. All the tested
trajectories were designed to last 250 seconds, which implies
a mean of 4,672.83 meters of traveled distance. The flying
altitude was established around 900 meters. The operation
condition for all trials was totally night-time. An example of
an image utilized during these experiments can be seen in
Figure 2, on the right side. Finally, one assumption was made:
the initial aircraft flying altitude above the ground was known.

The performance of the two implemented threads has been
analyzed individually to fully understand the strengths and
weaknesses of the proposed approach.

A. Reference Map generation Thread Results

As mentioned before, the Reference Map is not updated
at a fixed rate, but only when new reliable shapes show up
in the scene. Then, two factors have been analyzed: first, the
accuracy of every individual update, and, then, the evolution
of the generated map along time.
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Fig. 8. Delta position between map updates along time.

Figure 8 depicts the delta position, i.e., changes in the
camera position, between map updates. As we can see, the
changes registered in the horizontal plane, axis X and Y,
are accurately estimated, achieving a mean of 2.69 meters of
error in this plane. However, movements in the vertical plane,

Z, are not well estimated by the algorithm. Considering the
distance traveled between map updates, displayed in Figure 9,
the estimation error accumulated every traveled meter can be
computed, which corresponds to 0.0508 meters, i.e., the 5.08%
of the traveled distance.
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Fig. 9. Distance traveled between map updates along time.

On the other hand, Figure 10 shows the absolute position
along time with respect to the initial pose. As expected,
although the registered motion changes in the horizontal plane
are estimated accurately, an accumulated drift over time is
irremediable due to the relative nature of the proposed method.
At the end of the tested trajectories, the X axis presents
a mean of 77.4 meters of accumulated error, which divided
by the traveled distance along this axis corresponds to 0.058
meters (5.8%), regarding the Y axis, the aggregated deviation
stands around 1.987 meters, which corresponds to 0.025
meters by meter accomplished (2.5%), while the vertical axis
accumulates almost a 70% of the error.

B. Navigation Thread Results

Real-time event-generated images are obtained and com-
pared against the Reference Map at a fixed rate of 100H z,
then, the relative position of the aircraft is periodically com-
puted at this frequency as well. Although the Reference Map
is used as a source of truth for estimating the camera ego-
motion, we saw in the previous section that the generation
of this map involves an inaccuracy which slowly grows over
time. Thus, the localization step will target this drift as the best
result, since no absolute references are available to remove it,
i.e., the minimum possible error achieved by the Navigation
Thread will correspond to the error accumulated during the
map generation.

Figure 11 shows the localization error with respect to the
three camera axis. This error corresponds to the specific
mismatches when aligning real-time event-generated images
and the Reference Map along time. Axis X presents an error
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mean of 1.34 meters, while its maximum value and variance
corresponds to 9.38 and 2.56 meters, correspondingly. In the
Y axis the mean error corresponds to 1.09, its maximum to
7.07 and its variance to 1.51. Regarding to the vertical axis, as
mentioned before, changes in Z axis are not well estimated.

Finally, the whole trajectory in geodetic coordinates is dis-
played in the Figure 12. As expected, the estimated trajectory
keeps very close to the ground truth trajectory during the
initial stages of the flight, but diverges over time due to the
accumulated error. Longer tests are required to be confirmed,
but the performed experiments show that the accumulated drift
of the whole algorithm almost coincides to the drift hauled by
the Ref Map generation (5.08% of the distance traveled), i.e.,
not accumulated error is perceived in the Navigation Thread.

Geodetic Position

0.59213 1

0.59212 1

0.59211 1

Lat [rads]

0.59210 1

0.59209 1

0.59208 1

-6 -5 -4 -3 -2 -1 [

1
Lon [rads] le-5-2.063

Fig. 12. Absolute position in geodetic coordinates

V. CONCLUSIONS

Existing visual-based localization solutions offer promising
results under nominal scenarios. However, their overall per-
formance highly degrades under challenging scenarios, which
make them not reliable enough for real applications. In this
work, a powerful property of dynamic vision sensors, their
high dynamic range, is exploited to overcome the limitation
faced in constrained illumination conditions, one of the biggest
weaknesses of traditional methods.

The proposed solution not only pursues enabling the local-
ization of an aerial vehicle based on an unique dynamic vision
sensor attached to the platform pointing downwards, but also
the reconstruction of 2-D map during the operation. Although
all images involved in the algorithm are generated from
events, different processing are applied to extract the required
information. The introduction of Mutual Information as the
criteria for image alignment is well suited for overcoming
the difficulties of handling images of diverse nature, since
this method makes no assumptions regarding the modalities
involved.

Preliminary results show that, although improvements have
been already identified (gathered in Section VI), the proposed
solution can be the starting point for bridging the gap related
to the aerial navigation in night-time scenarios using visual
information, which to the extent of our knowledge is still an
open problem.

Finally, as explained in Section IV, the performance of the
proposed solution highly depends on the accuracy of the map
generation, since it is during this step where most of the
position drift is accumulated. Therefore, two reasons lead the
map update to be done at low frequency: the scenario does not
change in the short term, but more important, complex imaging
process that cannot meet real-time requirements is performed
to achieve the best results. Moreover, harboring the complexity
in the Reference Map thread enables the localization step to
be accomplished at high frequency, since simple processing is



required at this step.

VI. NEXT STEPS

The presented method corresponds to the first version of
the algorithm. Then, the main objective has been focused on
demonstrating that the proposed approach is well-founded.
Preliminary results show that the methodology is well-suited
to enable the navigation in low-illuminated scenarios. Then,
the following next steps will be implemented to improve and
extend the performance of the solution:

« Extend the solution to 6-DoF. The current version of

the algorithm is only able to estimate the displacement
of the camera along the trajectory. The next version will
incorporate not only the computation of changes in the
position, but also in the orientation, achieving the whole
camera pose estimation.

Addition of an IMU measurements. In order to improve
the relative position estimation and facilitate the attitude
computation, the measurements of an Inertial Measure-
ment Unit can be integrated for their fusion with the data
provided by the event camera.

Variable time window for event processing Real-time
event-generated images are composed at a fixed rate. This
is not optimal since in high dynamical situations enough
events to achieve a reliable match are gathered very
quickly, so there is no need to wait longer, but in some
other circumstances, not sufficient events are available
in the same time, implying a not accurate alignment.
Since MI provides the uncertainty related to the matching
process, a variable time window can be implemented,
using the MI matching value to set the length of the time
window at every individual step.

Remove accumulated drift. The main drawback when
developing relative localization methods corresponds to
the drift accumulated over time, since it cannot be coun-
teracted. A solution to be implemented corresponds to
applying Image Registration for removing the drift peri-
odically. To that end, pre-stored day-time georeferenced
satellite images will be used to perform image registration
between the reference map and the georeferenced images
allowing to reset the accumulated error.
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