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Abstract—GPS has long been the standard for determining
position and navigation across a wide range of applications.
However, as this technology cannot be relied on in many
scenarios, alternative sensing modalities, such as vision, could
provide viable alternatives. This work investigated the use
of an event-based camera for navigation, within a mobile
embedded system. Event-based cameras generate events when
pixels asynchronously detect changes in light intensity, and
report these changes as binary spikes. Such sensors can provide
very high temporal resolution, wide dynamic range and low
power consumption. A ground-based rover was developed,
hosting a DAVIS346 event-based camera, to test a navigation
system based on a visual-inertial odometry (VIO) approach.
Processing and communications were implemented on two
microcontrollers (Raspberry Pi 5 and ESP32), both commu-
nicating with a base station, which tracked the position of
the rover and status of onboard sensors. The event-based
processing pipeline showed improved accuracy when using
frames augmented with event data, as compared to regular
frames only. Due to the scarcity of modular, open source, event-
based VIO systems, this work focused on how the benefits of an
event-based camera could be leveraged in OpenVINS, which
is a traditional VIO system designed for conventional frame-
based cameras. To the best of our knowledge this is the first
demonstration of a framework that can leverage the benefits
of an event-based camera in a traditional VIO system of this
style.

1. Introduction

Autonomous navigation is becoming increasingly es-
sential in application areas including planetary exploration,
search and rescue, and commercial delivery systems. While
GPS has long been the cornerstone of navigation, its depen-
dency on satellite visibility renders it unreliable or entirely
redundant in certain environments [1].

GPS technology offers vertical accuracy within 5 metres
and horizontal accuracy within 3 metres, 95% of the time
[2]. However, its reliability is compromised in environments
such as underground, dense forestry, or extraterrestrial set-
tings like the Moon, where GPS signals are weak, blocked
or entirely absent. Furthermore, GPS remains vulnerable to

spoofing and jamming attacks, posing significant risks to
commercial and defence-related systems where high accu-
racy is vital [3]. These challenges have motivated the interest
in self-contained, non-GPS alternatives for navigation.

Inertial navigation systems (INS) that utilise accelerome-
ters, gyroscopes and magnetometers are an effective solution
for instantaneous motion estimation. However, as described
by [4], the double integration of acceleration to distance
creates a system with significant error, unless an accurate
model of the error can be determined. This is subject to
understanding the error caused by the local environment,
effectively making INS not feasible in a wide range of
applications or locations. Visual odometry (VO) has been
a candidate for many years as described by [5], which
estimates a change in pose based on camera frame infor-
mation. Visual Inertial Odometry (VIO) combines the two
aforementioned approaches, commonly using an extended
Kalman filter, though other estimation methods exist. It
has been used for UAV tracking [6], although it has been
reported that the system experienced bad tracking at fast
rotational motions.

Event-based cameras offer an alternative. Inspired by
biological perception, these sensors operate asynchronously,
whereby each pixel independently reports an event when a
relative change in luminosity is detected, with microsecond
resolution [7]. This differs from conventional, frame-based
cameras which capture the entire scene at fixed intervals.
As a result, event-based cameras provide higher temporal
resolution, wider dynamic range, low latency and reduced
power consumption [8]. Therefore, these cameras are partic-
ularly suitable for fast motion, high contrast and low-light
conditions, where traditional cameras struggle.

The integration of event-based cameras and VIO
pipelines has previously been explored. The work presented
in [9] proposed an event-only VIO system using keyframe-
based non-linear optimisation, which was later extended by
[10] to also include regular camera frames. It was shown that
combining event data and regular frames can significantly
improve performance: regular frames provide global scene
context, while motion-compensated event frames contribute
sharp, blur-free data ideal for fast-motion scenarios.

In this work, we investigated the use of an event-based
camera for onboard positional estimation in non-GPS en-



vironments, for an embedded mobile platform. A ground-
based rover was developed as a moving sensor platform that
was to be capable of operating on extraterrestrial surfaces,
where GPS would be unavailable. The DAVIS346 camera
[11] was used, which provides active pixel sensor (APS)
frames, an event stream, and data from an integrated IMU.
A VIO pipeline was developed using OpenVINS [12], a
modular VIO framework intended for research purposes,
and the system was evaluated across several test scenarios.
The event stream from the camera was synchronised to the
APS frame rate and used to augment the regular frames for
improved edge definition in fast moving and extreme bright-
ness conditions. To the best of our knowledge this is the first
time events have been used to augment regular camera frame
data for input to a traditional VIO system. Further to this, the
whole system is run remotely on the rover using an embed-
ded platform, with the camera processing implemented on a
Raspberry Pi 5 (RPi 5) [13] and the control of the rover on
an ESP32 [14]. A number of supporting features were also
developed, including a communications system to monitor
a live feed of the rover condition, the position estimate
and produced frame data. Moreover, an alternative pipeline,
using a dead reckoning approach with wheel encoders and
a separate IMU was also implemented, to act as a baseline
comparison against the main VIO pipeline. Finally, to enable
onboard processing in resource-constrained environments,
we investigated the feasibility of deploying the entire system
on an embedded system, therefore achieving real-time visual
inertial estimation.

The remainder of this paper is organised as follows. Sec-
tion 2 reviews relevant work in the literature; Section 3 out-
lines the overall system design and methodologies, including
development of the ground rover, embedded software and
live communications; Section 4 provides a description of
the full system testing undertaken; Section 5 presents the
results from our system testing; finally Section 6 concludes
the paper, with suggestions for future work.

2. Related work

Event-based cameras are a relatively new technology in
which there has been a fast growing interest. Due to this,
the concepts and techniques surrounding how to process the
data from these cameras are relatively unexplored. This is
reflected in the sparsity of the literature, especially when
compared to the well-established processing techniques for
conventional cameras. The event stream, produced by event-
based cameras, is rarely used in its native form. This is
relevant for visual odometry, which requires some form of
spatial representation to be able to discern movement from
the camera data. The individual events are also inherently
noisy when used by themselves, and hence a solution to
both these challenges is to process the events in packets.
By processing the data in packets, it improves the signal
to noise ratio and allows 2D frames to be created. These
can be generated in many ways, by simply accumulating
the events in the event packet, or generating time-surfaces
[15]. Time-surfaces vary in definition, but at their basic level

they involve accumulating the events into a 2D matrix and
using the timestamp of the event to decay the intensity of a
pixel over time. VO is primarily carried out using feature-
based methods, which extract features from the scene using
techniques such as Harris [16] or Feature Accelerated Seg-
ment Test (FAST) [17] corner detection. These techniques
are fused with inertial data in a VIO system. The data fusion
methods can generally be categorised into filtering methods,
using techniques such as extended Kalman filters [18], or
non-linear optimisation problems [19]. Both these methods
have shown to be accurate, with Kalman filters providing
a slightly less accurate option but are generally much less
computationally heavy. Several event-based VO and VIO
methods have been proposed. [7] showed how event-based
cameras could be used for low latency 6-DOF pose track-
ing; while [20] proposed an event-based VIO system, but
focused on rotational motion. The work in this investigation
aligned itself with [10], which combined APS frames and
event frames to have improved scene context from the APS
frames, as well as improved motion context from events.
Even though several event-based VIO and SLAM systems
have been proposed, there still exists a disparity between the
barrier to entry for conventional VIO and SLAM techniques
and event-based techniques. Our work focused on how an
event-based camera could be integrated into a VIO system
designed for conventional cameras, whilst maintaining as
many of the benefits of the event-based camera as possible.
This involved using the OpenVINS system; this provides a
visual-inertial navigation system (VINS) framework (which
can be considered equivalent to VIO), that is modular and
intended for research purposes [12]. OpenVINS is based on
a multi-state constraint Kalman (MSCKF) filter. The system
uses FAST corner detection [17], combined with Lucas-
Kanade feature tracking [21], to detect how features move
through the scene. Adapting a traditional plug-and-play style
VIO system to work with an event-based camera is also a
novel approach that follows on from the work in [10], which
indicated that using both regular frames and event frames
was beneficial.

3. System design and development

An overall diagram of the system and how the various
components connect and communicate is shown in Figure
1. The system consists of a remote-controlled (RC) rover
facilitated by an ESP32 and the pose tracking event-based
pipeline implemented on a RPi 5. Both subsystems commu-
nicate with each other to allow remote starting and stopping
of the position tracking, as well as communicating externally
with a separate laptop that acts as a base station to monitor
the rover’s condition.

3.1. Rover design and control

The rover was designed and 3D printed to act as a
moving sensor platform, illustrated in Figure 2. This housed
all sensors, microcontrollers and the event-based camera.
The rover employed the rocker-bogie mechanism, which



Figure 1. System architecture.

Figure 2. Manufactured rover climbing a 4 cm 90-degree surface.

is designed for the traversal of uneven terrain [22]. This
mechanism is NASA’s preferred design for planetary rovers,
which are expected to navigate through adverse terrains [23].
This mechanism was targeted to ensure the platform that the
event-based camera was mounted on stayed level, even when
the rover encountered small bumps. The capability of the
design relied on the use of free-pivot joints in the “bogie”
and “rocker” arms of the rover. A conceptual visualisation
of this principle can be seen in (Figure 3). As the rover
encounters adverse terrain, the “bogie” arm can rotate about
the chassis and the rocker arm can rotate about the platform
that houses the embedded system. The rover’s movement
and state were controlled through an RC transmitter, which
interfaced with the ESP32. This handled all drive control
of the motors, and any state changes enacted via the RC
controller were communicated from the ESP32 to the RPi
5 driving the event-based camera.

Additionally, the ESP32 also implemented an alterna-
tive pipeline for estimating the displacement of the rover,
designed as a baseline comparison against the event-based
camera pipeline. This used a dead-reckoning style approach,
combining distance measurements from the rover’s six
wheel encoders and a heading from an IMU to estimate the
rover’s position. The position estimate was then transmitted
to the base station to be displayed.

To facilitate the extraction of estimated positions during
test runs for comparison with ground truth data, a button

Figure 3. The conceptual visualisation of a rocker-bogie rover.

circuit connected to the RPi was implemented. The button
was pressed when the camera reached key points, logging
the current estimated position, which would be compared
with manually measured ground truth data.

3.2. Event-based camera data processing

A software pipeline was developed to estimate the dis-
placement of the rover using the DAVIS346 event-based
camera and was implemented on the RPi 5. A key barrier
to entry for VIO systems using an event-based camera
is the sparsity of open source, modular systems that can
be integrated into new applications. To mitigate this, the
implemented system provides a framework for how event-
based cameras could be utilised in a system designed for
conventional frame-based cameras, which are significantly
more abundant than systems designed specifically for event-
based sensing. This was done in a manner that could still
maintain as many of the benefits of an event-based camera as
possible. The OpenVINS framework [12] was used, which
is an open source VINS designed for research purposes, as
its modular nature makes it highly configurable.

The DAVIS346 camera provides three different data
streams at different rates: APS frames at 30 fps; IMU data
at 8KHz; and an event stream which, by its nature, is
asynchronous. A multithreaded architecture was adopted, to
handle the multi-rate processing, and remove interdepen-
dencies between processing tasks. The RPi 5 has a quad
core processor, allowing four different threads to be executed
concurrently, and the Linux operating system handles all the
required overhead for context switching, as there are more
than 4 threads in the implemented program.

Four main user defined sections were implemented in
the program, which were defined in their own classes: the
Driver class was responsible for retrieving data from the
camera; the Data Acquisition (DA) class was responsible for
retrieving the data from the driver and synchronising the dif-
ferent streams; the Front End (FE) class was responsible for
all frame generation and event processing; the OpenVINS
interface was responsible for performing state estimation
based on the processed data; and the communications (CM)



Figure 4. RPi 5 software architecture.

functionality supported all external communication with the
base station and the ESP32. Figure 4 describes how the
system interconnects and what data is passed between each
section. FIFO buffers were used to pass the data between
threads, that were locked using a mutex when written to or
read from, to avoid any race conditions.

A low-level driver was developed to access and configure
the DAVIS346 camera. This was based on a robotics op-
erating system (ROS) driver developed for DAVIS cameras
[24]. However, all ROS functionality was removed to reduce
some processing overhead, and to allow the driver to be run
natively on any system including the RPi 5 used here. The
driver first configures the camera to obtain and output all
data correctly. This includes setting the camera to output all
three data streams; setting the camera biases to determine the
event capturing behaviour and sensitivity; and enabling or
disabling a number of event hardware filters implemented in
the camera. Only the background filter was enabled, which
filters events if they are not supported spatially or temporally
by neighbouring events.

Thereafter, the main role of the driver is to receive and
sort data packets from the camera. This process is illustrated
in Figure 5. The DAVIS346 camera was connected to the
RPi 5 using a USB 3.0 connection, and the camera data is
then received over the serial bus in the form of packets. The
nature of the data in each packet is indicated by the packet
header, which is used to check if a packet contains system
messages, events, IMU data or frame data. The driver thread
polls the serial bus from the camera and sorts packets into
thread safe queues based on their header. It does this at the
maximum rate to ensure that no data is dropped. The data
inside each packet contains the relevant event, frame or IMU
data and is also timestamped by the camera.

The DA thread was responsible for polling the driver
data queues in a round-robin fashion and synchronising the
data streams, as illustrated in Figure 6. The synchronisation
logic was based on [10], and adapted to work with the
queuing structures implemented in this system. The data
received from the driver was stored in buffers, and when
enough data was available, these buffers were cleared and
the synchronised data packet was propagated to the FE.
Checks were carried out to ensure that each synchronised
packet contained one APS frame, up to 15,000 events pre-
ceding the APS frame, the IMU data interpolated since the
previous APS frame, and a timestamp. This allows capturing

Figure 5. Driver operation.

Figure 6. DA operation.

events over a varying time window depending on the rate
they are generated at, and also creates the synchronised
packets at a fixed interval allowing the asynchronous events
to be integrated with a synchronous VIO system.

The FE was responsible for pre-processing the synchro-
nised data packets, passing the processed frame and IMU
data into the OpenVINS system to perform state estimation.
The FE processing is described in Figure 7. The IMU data
is handled separately, and once received by the FE, it is
reformatted to be compatible with the OpenVINS input, and
then passed into the OpenVINS system. The synchronised
packets are pre-processed to construct frame representations
that can be passed into the OpenVINS system. This can be
configured to run with three different frame representations:
the regular APS frame; a time-surface event-frame; or an
event-augmented APS frame. The APS frame is in the
correct format natively, and hence can be used directly.

The event frame was generated using a time surface on
a packet-by-packet basis. This applied an exponential decay
to pixel intensity based on how long ago the event occurred.
For each data packet, the events that were triggered at each
pixel are counted, and the time difference is calculated
between each event trigger time and the timestamp of the
synchronised data packet. This time difference is used to



Figure 7. FE operation.

calculate an exponential decay term δ given by (1),

δ = e−
∆t
τ (1)

where ∆t is the time difference between the event timestamp
and the synchronised data packet timestamp, and τ is a
delay constant that can be tuned to set the amount of decay.
The decay parameters for each pixel are then proportionally
scaled to be between 0 and 255. This allows recent events to
appear very bright and old events to appear darker. This was
done on a per frame basis, initialising a new time-surface
for each synchronised packet.

The augmented frames were created by dynamically
blending the APS frame and the event frame as a function
of the event rate. This value was calculated as the time for
the last 2000 events in the packet to be produced, giving an
event rate r in events per second as (2),

r =
N

(tend − tend−N )
(2)

where N is either 2000 or the number of events in the packet
if this is less than 2000, tend is the timestamp of the last event
in nanoseconds, and tend−N is the timestamp of the event at
the start of the window of interest in nanoseconds.

The calculated event rate gives a soft indication of the
motion of the camera. If the event rate is high, it implies that
the camera is moving; while if the event rate is very low,
it implies the camera is stationary. This was the motivation
for the dynamic blending of the events with APS frames, as
it allows the resulting augmented frame to use more of the
event frame if the camera is moving quickly, and less if the
camera is moving slowly. A blend factor b is calculated as
in (3), to determine how strongly to blend the event frame
into the regular frame,

b =
r − rnoise

rmax
· bmax (3)

where r is the current number of events per second, rnoise is
the baseline stationary event rate (125,000 events/s), rmax is
the event rate at which maximum blending occurs (250,000
events/s), and bmax is the upper limit of the blend factor

Figure 8. Frame representations: APS frame (Left); event frame (Middle);
augmented frame, with superimposed events in green (Right).

(empirically set to 0.15). This was smoothed according to
(4),

bs = α · b+ (1− α) · bprev
s (4)

where α ∈ [0, 1] is a smoothing factor that controls how
quickly the smoothed blend factor bs responds to changes
in the current blend factor b. The value of bs is clamped
between 0 and the maximum blend before being applied.
The augmented frames are then generated using a proportion
of the event frame weighted by bs, and the APS frame
weighted by 1− bs.

The augmented frame was also set to use the APS frame
entirely if the event rate is lower than the noise threshold,
as this implies the camera is stationary. When the camera is
stationary, there is no meaningful information in the event
data, and hence using the APS frame in these instances
improves the robustness of the system. A comparison of
the three frame representations taken in a dark environment
is provided in Figure 8.

The OpenVINS system is then responsible for perform-
ing state estimation, using the chosen frame representation.
This returns a displacement estimate from the start position.
The displacement estimate and the three generated frames
are added to additional thread-safe queues, which are polled
by the communications thread. This thread then transmits
this information externally over WiFi to be displayed at the
base station.

3.3. Communication and user interface

A base station was implemented to allow remote moni-
toring of the rover including a live feed of camera frames,
positional estimates and the status of each processor. The
base station was a laptop which the ESP32 and RPi 5 were
configured to transmit to using WiFi as each processor had
this feature. User Datagram Protocol (UDP) was imple-
mented as this is a connectionless service. Connectionless
services do not require two-way handshakes between the
transmitter and receiver, so if a message is lost on transmis-
sion, it is not made known to the transmitter that it should
resend it, as this would further burden the processors. This
was designed so that losing intermittent frames, or status
data, would not be noticed by the user.

The application data was designed to contain a header
and payload for decoding at the base station including the
data type ID and size of packet in the header. Little endian
format was used to ensure both transmitter and receiver were
using the same convention. The base station displayed a user



Figure 9. User interface.

interface (UI), shown in Figure 9, developed to remotely
monitor the estimated positions of the pipelines, the status
of each microcontroller and the three frames (regular, event
and augmented) produced from the DAVIS346. Timers were
set up in the main loop for each data ID to monitor the time
since the last received packet of that ID, to allow a user to
see if the information would still be valid. Buttons were used
to reset the plots as well as log positional data for future
analysis.

4. System testing

A testing plan was developed to verify that the event-
based camera pipeline effectively measures displacement
under various conditions, as well as to validate the integra-
tion of the camera with the rover platform. By considering
a range of operational and environmental scenarios, the
robustness of each element was tested individually, as well
as the system as a whole. The alternative pipeline was tested
independently and made for an appropriate comparison be-
fore full event-based pipeline testing was conducted.

4.1. Camera only tests

Three test cases for the event-based camera were anal-
ysed: regular frames, event frames, and augmented frames.
The input to OpenVINS was configured to take the respec-
tive frame type in each test case. Various test scenarios,
covering path complexity and extreme light variations, were
devised to evaluate the performance of each frame type.

Scenario 1 represented a basic square path around a
4x4m square, while Scenario 2 included more turns and a
longer duration, as shown in Figure 10. Scenario 3 and Sce-
nario 4 focused on extreme light variation while following
the same complex path. Scenario 3 tested the system when
the camera was ’over-exposed’ to light (Figure 11), while
Scenario 4 investigated the effects of the system running
in a mostly darkened area. These tests were important to
ascertain the system’s effectiveness in conditions where the
lighting stability cannot be guaranteed, such as on extrater-
restrial surfaces.

Figure 10. Complex testing path.

Figure 11. Bright testing scenarios.

4.2. Camera and rover integrated tests

Three scenarios were devised to assess the camera sys-
tem’s robustness when mounted onto the moving rover, as
well as the rover’s overall movement capabilities. For these
tests, the combined frames were always used as the data
input.

Scenario 5 focused on a straight path, to determine the
effects on the event pipeline of bumps or jolts from the
camera being attached to the rover. Scenario 6 and Scenario
7 investigated the accuracy of the camera when the rover
made turns, specifically smooth turns and sharp point turns
respectively. These were important to observe whether the
system could account for rotational shifts and determine at
what point the scene changes are too drastic for the pipeline
to handle.

4.3. Performance metrics

Three different metrics were defined to quantify the
success of each test:

• Average error/time, calculated as in (5);
• Max Distance Error (between the estimated and

ground truth positions across the entire path);
• Final Drift, calculated as in (6), representing the

difference between the estimated and actual end
position.

Eavg =
1

N

N∑
n=1

√
(x̂n − xn)2 + (ŷn − yn)2 (5)

Dfinal =
√
(x̂end − xend)2 + (ŷend − yend)2 (6)



Figure 12. Example results: Scenario 2 - Combined Frames.

TABLE 1. FINAL DRIFT VALUES FROM SCENARIOS 1 AND 2.

Scenario 1: Square Path Final Drift Values (cm)
Frame Type Average Std. dev Variance

Regular 111.58 46.09 2124.23
Combined 68.69 12.65 160.13

Scenario 2: Complex Path Final Drift Values (cm)
Frame Type Average Std. dev Variance

Regular 110.48 87.94 7732.70
Combined 81.68 81.27 6604.07

5. Results

Using the complete log data from the event pipeline,
along with the key coordinates recorded at each button
press, several graphs were plotted to interpret the results
of each test run. This included estimated trajectory plots,
comparisons of estimated points vs ground truth points, and
plots of error over time and error over distance. Figure
12 shows an example of this, taken from Scenario 2 (the
complex path) using the combined frame type. The top-left
plot visualises the estimated 2D trajectory of the camera,
with colour showing the time progression from start to
finish. The top-right plot compares key ground truth loca-
tions (blue) against their corresponding estimated positions
(green), showing spatial error at key points. The bottom two
plots show the absolute error at each logged point over time
(left) and distance travelled (right), highlighting potential
drift and/or recovery while travelling.

TABLE 1 summarises the final drift values for regular
and combined frame types across all test runs for Scenario
1 and Scenario 2. For each case, the average final drift was
calculated, along with standard deviation and variance. As
human error was seen as a potential risk factor when press-
ing the button at key locations, final drift was selected as
the primary evaluation metric, favoured over instantaneous
or average errors.

Scenarios 1 and 2 were selected for further analysis
as they represent standard operating conditions, with con-
sistent lighting and terrain. Across both, regular frames
yielded consistent results, though performance weakened
during straight x-axis motion, likely due to the lack of
distinguishing features. Augmented frames generally out-
performed both regular and event-only frames, often closely
resembling the ground truth trajectory.

Using the results in TABLE 1, the total average final
drift for regular and combined frames was calculated, as in
(7) and (8) respectivel, as well as the overall improvement
of augmented frames over regular frames, as in (9),

Total AverageRegular Frames =
111.58 + 110.48

2
= 111.03 cm (7)

Total AverageAugmented Frames =
68.69 + 86.68

2
= 77.69 cm (8)

Overall Improvement =
111.03− 77.69

111.03
× 100

= 30% (9)

This proves that the augmented frames improved perfor-
mance by 30% over the regular frames, but with the caveat
of a very high variance in error measurements. It should
be noted that events only frames were omitted from this
comparison, as although they indicated the correct general
motion, the recorded error was noticeably higher than the
regular or augmented frames. This result is not unexpected
as OpenVINS is a system designed for regular frames, and
hence not optimised for the sparse event frames. To better
contextualise the tracking performance, the final drift could
also be expressed as a percentage of the total distance
travelled, as (10),

Percentage Error =
Final Drift

Distance Travelled
× 100 (10)

For the complex path (∼2400 cm), the percentage error
was ∼3.40%, providing a normalised measure of tracking
accuracy.

In Scenarios 3 and 4, lighting conditions were varied
to test robustness. In overexposed scenes (Scenario 3), both
regular and augmented frames maintained their accuracy,
though no substantial improvement from augmented frames
was observed, despite their enhanced scene detail. This
suggests further tuning of the pipeline is needed to benefit
from the enhanced input. In low-light conditions (Scenario
4), augmented frames continued to produce a trajectory after
the light was turned off, but were unable to produce accurate
results. However, they still outperformed regular frames,
which failed entirely, highlighting the value of event data
in darkened visual environments. In the integrated rover
tests (Scenarios 5-7), the system was less consistent. It was
hypothesised that slow movement and point turns posed
issues. VIO systems typically rely on parallax and often
ignore motion below a threshold speed. Additionally, point
turns, with high rotational motion but no change in relative
depth to objects, were found to be particularly challenging
and may account for cases when the VIO would understand
the turn angle but then fail in understanding distance trav-
elled at the new heading. Despite this, the system performed



well in some slow-moving and turning scenarios, and it was
found that driving in arcs instead of rotating in place offered
significant performance improvements.

6. Conclusion

This work explored how an event-based camera could
be used for the navigation of a moving platform, offering
a potential alternative to GPS in environments where GPS
is unavailable or compromised. An embedded system was
targeted to enable real-time, on-board processing, ensuring
the system could operate independently without external
computational support. The rover, that was constructed to
act as a moving sensor platform, proved capable of climbing
objects and is representative of real interplanetary rovers, as
well as being able to remotely power and run the embedded
system with the event-based position estimation.

The system demonstrated strong performance under
standard conditions, particularly when using augmented
frames that fused regular and event data. This input im-
proved robustness and reduced drift, indicating its potential
as a practical integration method. Testing under extreme
lighting and rover-integrations scenarios further highlighted
areas for future optimisation in both parameter tuning and
hardware configuration.

Future work could explore further testing against known
datasets, allowing a comparison to be made against state of
the art tracking systems. Therefore, the software driver could
be adapted to also be able to acquire data from a predefined
dataset. Incorporating environment mapping would allow
path planning and loop closure, enabling the system to
estimate its motion and build a map of its surroundings for
long-term navigation and object avoidance.
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