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ABSTRACT

Unmanned Aircraft Systems (UAS) flights rely on the ability to determine their position with high
accuracy and continuity, even in degraded environments. Traditional localisation approaches
combine data from Global Navigation Satellite Systems (GNSS) and Inertial Measurement Units
(IMUs), which together provide reliable navigation under nominal conditions. However, the increas-
ing sophistication of jamming and spoofing threats has exposed the dependence of these systems
on external signals, creating a demand for alternative methods that can ensure precise navigation
when GNSS data becomes unreliable or unavailable. To address this challenge, this work explores
the integration of classical navigation sensors with artificial intelligence techniques to enhance
precision in navigation, as well as robustness in complex environments. The proposed framework
combines IMU and GNSS information with visual data processed through deep learning algorithms
for odometry estimation and map correlation. All measurements are subsequently fused within
an Extended Kalman Filter (EKF), which provides an optimal estimation of the vehicle state and
dynamically balances sensor contributions according to their estimated reliability. The resulting
system enables UAS to adaptively select the most accurate and stable source of navigation data
depending on mission context, terrain visibility, and environmental conditions. Beyond the techni-
cal contribution, this approach aims to reduce operational dependency on external infrastructure
while improving safety in autonomous flight missions. The proposed architecture is systematically
evaluated by comparing different sensor configurations, using the classical GNSS+IMU solution as a
reference baseline. This controlled assessment allows the contribution and limitations of visual aid-
ing to be clearly quantified relative to standard navigation performance. The results demonstrate
the feasibility of deploying visual-aided navigation as a resilient complementary component within
small UAS Positioning, Navigation, and Timing (PNT) architectures, while identifying robustness
to visual outliers as a key avenue for further performance enhancement.
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1 Introduction
Precise Positioning, Navigation, and Timing (PNT) for aerial vehicles constitutes a key enabler in current
operational frameworks, where autonomous systems have demonstrated high performance across diverse
tactical scenarios. At present, Global Navigation Satellite Systems (GNSS) remain the primary reference
for high-accuracy localisation and time synchronisation, serving not only as the basis for multi-sensor
navigation fusion but also as a core input to aircraft subsystems such as communications, which underpin
emerging operational concepts including swarming and manned–unmanned teaming.

However, as these applications grow increasingly dependent on GNSS, their inherent vulnerabilities
become more pronounced. Electronic warfare threats such as jamming, which saturate the receiver
with high-power interference, and spoofing, which injects counterfeit satellite-like signals to mislead the
navigation solution, represent major risks to system integrity. Beyond adversarial attacks, GNSS also
exhibits performance degradation in constrained environments such as urban canyons, dense foliage,
or indoor settings, where multipath propagation and signal attenuation lead to reduced availability and
accuracy.

Several strategies have been explored to enable navigation when GNSS is unavailable or degraded.
Traditional approaches either limit interference using military receivers such as GPS M-code and PRS
or Controlled Reception Pattern Antennas (CRPA), or to rely on Inertial Measurement Units (IMUs)
combined with auxiliary sensors, such as magnetometers or dead-reckoning techniques Ref. [1]. While
the former enhance resilience against jamming and spoofing, the latter are affected by drift, since
navigation accuracy depends largely on the quality of the Inertial Navigation System (INS).

To address these limitations, recent research has focused on improving INS performance through advanced
estimation and sensor modelling techniques. One research direction incorporates artificial intelligence
into the IMU mechanisation process, leading to more robust and adaptive estimation of attitude and
position Ref. [2]. Neural network-based calibration methods have also been proposed to correct systematic
IMU errors, thereby reducing long-term drift accumulation Ref. [3].

In parallel, significant progress has been made in the development of quantum-based inertial sensors,
including miniaturised quantum systems for IMUs Ref. [4, 5] and cold-atom interferometry using rubid-
ium (Rb) atoms Refs. [6, 7]. These technologies offer the potential for drift-free navigation by providing
highly precise measurements of acceleration and rotation. However, despite promising experimental
results, their Technology Readiness Level (TRL) remains limited for operational aerial applications.

Magnetometers can also improve attitude estimation or support Magnetic Anomaly Navigation (MagNav).
In this approach, navigation is performed by comparing in-situ magnetic readings with reference anomaly
maps of the Earth’s crustal magnetic field Refs. [8, 9]. More recently, the integration of quantum
magnetometers has been investigated to enhance navigation accuracy, as these devices enable precise
magnetic field measurements Refs. [10–12]

Another research line focuses on vision-based navigation, which is currently among the most mature
alternatives for GNSS-denied operation. Cameras are frequently integrated with other sensors to mitigate
INS drift. They can be employed either for visual odometry Refs. [13, 14] or for map-matching techniques
Ref. [15–20]. In the first case, navigation relies on tracking features between consecutive images, whereas
map matching aligns camera images with pre-existing georeferenced maps of the area. These approaches
are effective in environments where distinctive features can be extracted and under favorable visibility
conditions, and they already exhibit a high TRL for practical applications.

Building on these advances, this work introduces an integrated navigation system designed for UAS oper-
ations in degraded or denied GNSS environments. The proposed architecture combines complementary
sensors, including an IMU, electro-optical and infrared cameras, and a GNSS receiver with anti-spoofing
capabilities, all integrated within a unified Kalman filter framework that ensures continuous and reliable
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state estimation under diverse conditions. The development follows a structured validation process that
includes simulations and hardware-in-the-loop testing. The current stage of the project corresponds to
the Hardware-in-the-Loop (HIL) demonstration, which constitutes the final step before integration into
the UAS platform and enables functional verification prior to flight deployment.

2 Related work
Commercial navigation systems with high TRL levels are already available on the market. Early UAS
navigation relied on the integration of GNSS and IMU data to obtain the navigation solution, an approach
highly dependent on IMU performance when GNSS signals are degraded or unavailable. High-grade
IMUs developed by leading manufacturers Refs. [21–24], usually based on ring-laser or fiber-optic
gyroscopes and low-drift accelerometers, provide very stable inertial measurements and accurate dead-
reckoning under GNSS-denied conditions. However, these sensors achieve such precision at the expense
of high cost, considerable weight, and larger dimensions, which makes the overall navigation solution
expensive and unsuitable for integration in many UAS platforms.

Most of these developments have originated in the United States, although Europe has also made notable
advances, with emerging solutions offering competitive performance and reduced size, weight, and power
consumption. Representative examples include the UMIX series from iXblue and the STIM318 from
Sensonor Refs. [25, 26], which employ fibre-optic and MEMS technologies, respectively, to deliver
tactical-grade performance with drift rates below one degree per hour. However, these IMUs still require
complementary sensors to maintain reliable navigation in GNSS-denied environments.

In this context, emerging solutions have explored the use of other sensors to combine with inertial
measurements whose main goal is to contain the solution’s overall drift. State-of-the-art approaches
frequently integrate LiDAR, cameras, GNSS, and even magnetic field sensing to improve pose estimation
and robustness in challenging or GNSS-denied environments. For example, LOAM (LiDAR Odometry
and Mapping) Ref. [27] tightly couples LiDAR and IMU data for precise real-time localisation, while
VINS-Mono Ref. [28] fuses monocular vision and IMU readings to address drift. Inertial Labs has
proposed the integration of cameras with the IMU Ref. [29]. This visual–inertial navigation system
(VINS) combines inertial data with visual cues extracted from sequential images. The IMU provides
high-frequency motion updates that stabilize the short-term solution, while the camera constrains the
drift through feature tracking and scene reconstruction. Similarly, Ref. [30] explores the fusion of these
sensors using artificial intelligence techniques, leveraging neural networks to model sensor errors and
adaptively weight their contributions.

LIO-SAM (LiDAR-Inertial Odometry via Smoothing and Mapping) Ref. [31] further exploits factor
graph optimization for enhanced drift mitigation. Additionally, algorithms such as ROVIO (Robust
Visual-Inertial Odometry) Ref. [32] and A-LOAM Ref. [33] leverage visual and inertial cues, and recent
research has also incorporated magnetometer data to augment orientation accuracy. Approaches like
magneto-inertial fusion, cf. Ref. [34] and Ref. [35], exploit magnetic anomalies—regions with distinctive
geomagnetic signatures—to provide additional constraints for orientation, reduce long-term drift, and
overcome limitations of inertial-only systems in environments with unique magnetic field distributions.

The fact that the majority of the mature solutions were developed in the United States underscores the
need for Europe to design navigation systems capable of matching their performance, if it aims to remain
a global technological power and ensure the security of its borders. The solution outlined in this work
seeks to develop a navigator that integrates classical sensors such as IMUs and GNSS with cameras to
achieve robust navigation under all possible operational scenarios. Furthermore, its modular architecture
allows the incorporation of additional sensors, such as magnetometers, to continuously enhance and adapt
the system to emerging requirements and constraints.

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Except where otherwise noted, content of this paper is licensed under
a Creative Commons Attribution 4.0 International License.

The reproduction and distribution with attribution of the entire paper or of individual
pages, in electronic or printed form, including any material under non-CC-BY 4.0
licenses is hereby granted by the authors and respective copyright owners.

040 - 4

3 Validation and Verification Environment
To introduce these new approaches into the navigation system and evaluate their performance, it is key
to do it in a closed loop so that the whole system evolves along the navigation solution.

To do so, an ad-hoc hardware-in-the-loop environment has been developed, where a sensor Sim, cf.
Fig. 1, provides the different sensors’ raw data, which shall then be processed in runtime by the different
algorithms. The PNT system is composed of two different cores: the NAV core and the ALTERNATIVE
core. While the NAV core holds the main Navigation capabilities and algorithms, which are already
validated through GMV’s different product families: SENDA for maritime domain, ISNAV for land
solutions and NERVA for aerial navigation systems, the ALTERNATIVE core is populated with all sorts
of new algorithms which have been assessed to be of interest.

Finally, the navigation solution is produced in each step, and it is sent to the Flight Dynamics Simulator,
which will then provide the new input for the next step of sensors’ raw data.

Fig. 1 System architecture

In the following sections, further detail on the composition of both NAV Core and ALTERNATIVE Core
is given.

3.1 NAV Core
The NAV Core constitutes the execution environment for all navigation functions, operating on a Linux
system deployed over a certifiable CPU. This architecture enables the integration of advanced capabilities
alongside mature navigation components, thereby supporting both rigorous verification and efficient
transition to operational systems.

Within this framework, GNSS and IMU measurements are processed as primary inputs. All data streams
are synchronized using the PPS signal, ensuring temporal consistency and enabling real-time propagation
of the navigation solution.

Based on these synchronized inputs, the system implements a multi-sensor fusion strategy to obtain a
robust navigation estimate. Inertial measurements are processed through IMU mechanization, providing
continuous estimates of attitude, velocity, and position. When available, GNSS observables supply
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absolute positioning and timing information. In addition, visual navigation outputs are incorporated. All
measurements are fused within an Extended Kalman Filter (EKF), which exploits the complementary
characteristics of each sensor to mitigate error growth and ensure a consistent state estimate.

Mechanisation process enables continuous state propagation between measurement updates. However,
in the absence of external corrections, sensor noise and biases lead to drift. This limitation is addressed
through EKF updates, which incorporate external observations—including GNSS and visual navigation—
to bound error growth. Consequently, the INS serves both as a short-term autonomous navigation solution
and as the predictive model underpinning the estimation framework.

The GNSS module provides the primary source of absolute positioning with high accuracy and availability
by leveraging multi-constellation (GPS, GLONASS, Galileo) and multi-frequency operation. It integrates
SBAS corrections and internal integrity monitoring algorithms to enhance robustness. Spoofing detection
mechanisms are also included to identify potential interference. The architecture supports dual-receiver
configurations, enabling either redundant civil operation or hybrid civil–military setups. Depending on
the configuration, navigation solutions may be computed jointly or separated by constellation or signal
type.

The EKF constitutes the core estimation engine of the proposed navigation architecture, enabling the
consistent fusion of heterogeneous sensor data within a unified probabilistic framework. By combining
inertial, GNSS, and visual measurements, the filter provides a single, coherent estimate of the vehicle
state, which is essential for reliable operation in complex and degraded environments.

In this context, the EKF plays a central role in managing sensor complementarities and limitations. Inertial
measurements ensure high-rate continuity but are subject to drift, GNSS provides absolute positioning but
may be degraded or denied, and visual navigation offers relative corrections that depend on environmental
conditions. The EKF integrates these sources by explicitly modelling their uncertainties, allowing each
sensor to contribute according to its estimated reliability.

This uncertainty-driven fusion mechanism is particularly critical for robustness. Through the propagation
of the state covariance and the evaluation of measurement innovations, the EKF continuously assesses
the consistency of incoming data with respect to the predicted state. As a result, degraded or inconsistent
measurements (such as those affected by GNSS interference or visual outliers) can be down-weighted or
rejected, preventing them from corrupting the navigation solution.

Furthermore, the EKF naturally supports asynchronous and multi-rate sensor integration, which is
required in practical systems where IMU, GNSS, and vision operate at different frequencies and latencies.
This capability enables seamless incorporation of visual navigation into the estimation process without
requiring structural modifications to the overall architecture.

The formulation adopted in this work follows the standard EKF approach for nonlinear state estimation,
based on first-order linearization of the system dynamics and measurement models, as widely established
in the literature Refs. [1, 36, 37]. This centralised fusion approach is fundamental to the proposed
architecture, as it enables adaptive sensor utilisation and ensures navigation continuity under varying
operational conditions.

3.2 ALTERNATIVE Core
The ALTERNATIVE Core provides a flexible execution environment for the development and valida-
tion of vision-based navigation capabilities, operating on a Linux-based system over a GPU platform.
Unlike conventional navigation architectures, which are typically constrained to fixed processing chains,
this framework enables rapid integration, deployment, and benchmarking of heterogeneous algorithms
through containerised services (Docker/Kubernetes). This capability is essential to iteratively evalu-
ate different visual navigation strategies within a closed-loop system, maintaining consistency with the
overall navigation architecture while allowing modular upgrades.
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The primary objective of the ALTERNATIVE Core is to augment the navigation solution with vision-
based estimates that improve robustness in GNSS-degraded or denied environments. To this end, the
module processes camera imagery together with associated metadata and the latest EKF state, producing
position estimates that are reinjected into the global fusion framework. This tight integration with the
EKF differentiates the proposed approach from loosely coupled or standalone vision-based solutions, as
it ensures statistical consistency and real-time adaptability within the overall navigation system. To do so,
it combines two complementary strategies: visual odometry, which provides short-term relative motion
estimation, and map correlation, which enables absolute position updates. This dual approach addresses a
key limitation of standalone methods, where odometry alone suffers from drift and map-based approaches
alone may be intermittent or computationally expensive. By jointly exploiting both mechanisms within
the same framework, the system achieves both continuity and global consistency.

Fig. 2 Visual Navigation Module High Level Architecture

Focusing on the visual odometry module, it provides high-rate relative motion estimates derived from
sequential image analysis. By tracking salient features across consecutive frames and estimating their
geometric transformation, the module enables continuous trajectory propagation independently of ex-
ternal signals. When integrated within the EKF, these measurements provide complementary motion
constraints to the inertial solution: while the INS exhibits drift due to bias integration, visual odom-
etry introduces independent relative estimates that help bound error growth. This interaction results
in improved short-term accuracy and enhanced trajectory stability compared to standalone inertial or
vision-based approaches.

In contrast, the map correlation module provides absolute position updates by matching onboard imagery
with georeferenced orthophotos. This capability is particularly relevant in GNSS-denied scenarios,
where absolute positioning must be recovered without reliance on external signals. By leveraging prior
map information, the module effectively re-anchors the navigation solution, reducing long-term drift and
improving global accuracy. The use of the EKF state as prior information further constrains the search
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space, improving both robustness and computational efficiency compared to standalone image-to-map
matching approaches.

The combination of relative (odometry) and absolute (map correlation) visual measurements within a
unified fusion framework constitutes a key differentiator of the proposed approach. Rather than relying
on a single modality, the system dynamically exploits the complementary properties of each method,
enabling adaptive performance across varying environmental conditions. This is particularly relevant in
real-world operations, where scene texture, illumination, and map availability may vary throughout the
mission.

In contrast to many state-of-the-art vision-based navigation systems based on Simultaneous Localization
and Mapping (SLAM), the proposed approach does not rely on online map generation. SLAM-based
methods typically require persistent scene overlap and are therefore best suited for low-altitude operations
or scenarios involving repeated trajectories, where loop-closure mechanisms can be exploited to maintain
consistency. The approach presented in this work instead leverages georeferenced prior information,
enabling absolute positioning without the need to build a map during operation. This characteristic
allows navigation over previously unvisited areas, provided that prior intelligence data is available, and
makes the solution compatible with high-altitude and wide-area mission profiles.

Finally, multiple algorithmic approaches are considered for the visual modules, including feature-based
and learning-based methods. This design choice is enabled by the modular architecture of the AL-
TERNATIVE Core and allows systematic evaluation of trade-offs between robustness, accuracy, and
computational cost. Such flexibility is critical for transitioning from experimental validation to de-
ployable solutions, where performance must be maintained under diverse and challenging operational
conditions.

4 Testing Methodology
The evaluation methodology adopted in this work is structured to ensure a controlled and reproducible as-
sessment of the proposed navigation framework. Rather than analysing isolated algorithmic performance,
the objective is to evaluate the behaviour of the complete PNT architecture under realistic operational
conditions.

In this study, the classical GNSS + IMU configuration is used as a well-established navigation reference
against which the visual-aided configurations are compared. The experiments are designed to assess the
behaviour of the different sensor combinations over predefined trajectories and for a fixed UAS dynamic
model, ensuring that all configurations are evaluated under identical conditions.

Hardware-in-the-Loop environment is used as the experimental setup, as previously described in Sec-
tion 3, which allows runtime execution of the navigation chain. This approach enables not only the
measurement of positioning accuracy, but also the analysis of estimator stability, drift behaviour and
robustness under GNSS-degraded scenarios.

Performance evaluation is based on complementary metrics, including positional RMSE and drift rate,
allowing both accumulated error and temporal error growth to be characterised. This dual-metric analysis
provides insight into the relative contribution of visual measurements and facilitates identification of
dominant error sources, such as sporadic outliers affecting the estimation process.

The following subsections describe the different experimental scenarios defined according to this evalu-
ation framework.
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4.1 Experiments objectives and hypothesis
The experiments carried out in this work aim to replicate representative real-world operational scenarios
in order to verify the behaviour of the proposed navigation system under different conditions. The
objective is twofold. On the one hand, the performance of the developed algorithms is assessed. On the
other hand, the robustness of the overall system is evaluated when subjected to a variety of operational
situations.

The tested scenarios include both nominal operating conditions and deliberately induced off-nominal
situations, such as simulated functional degradations and hardware failures. These experiments enable
the evaluation of the Fault Detection, Isolation and Recovery (FDIR) mechanisms implemented in the
software, verifying that the system can preserve a consistent and reliable navigation solution even under
adverse conditions.

These validation activities are particularly relevant for navigation systems intended for deployment in real
unmanned aircraft systems, as considered in this work. Although the current development corresponds
to a moderate Technology Readiness Level (TRL), the experimental framework and validation strategy
have been designed to support future iterations of the system, facilitating its evolution towards higher
maturity levels, potentially reaching TRL values between 7 and 9.

In the current development, the simulated sensors include an IMU, a GNSS receiver and a camera.
Each sensor model receives as input a predefined trajectory generated over different operational areas.
Based on this trajectory, the sensor simulators reproduce the expected functional behaviour of their
real counterparts under the corresponding dynamic and environmental conditions. A key aspect of
the simulation framework is time synchronisation. All simulated sensors are synchronised through an
external PPS reference.

The trajectory simulator includes operational constraints consistent with the expected flight envelope of
the target UAS. These constraints currently limit the maximum translational velocity, angular rates and
operational altitude. Such bounds ensure dynamic consistency between the simulated platform and the
intended deployment conditions. However, this configuration can be adapted in order to emulate different
platforms, allowing the system to be evaluated for deployment in other UAS types with distinct dynamic
characteristics.

Regarding the camera model, all experiments were conducted under the assumption of a fixed camera
configuration. A ”gimbal” type of camera was locked in a downward-looking (zenithal) orientation
throughout the missions, eliminating variability associated with camera dynamics, pointing errors, or
active stabilisation behaviour. Additionally, all tests were carried out under ideal visual conditions. The
simulated environment assumed a planar world model, clear weather with uniform illumination (e.g., a
sunny day), absence of atmospheric effects, and no platform-induced disturbances such as vibrations or
abrupt attitude changes.

4.2 Dataset definition and analysis
The camera simulation is currently based on satellite imagery extracted from a georeferenced database.
Images from different years are used in order to introduce temporal variability in the visual appearance of
the terrain. This approach allows the evaluation of the visual navigation algorithms under more realistic
conditions, accounting for seasonal changes, urban evolution and landscape modifications over time.

At this stage of development, the simulated images are limited to RGB data. Multispectral or infrared
modalities are not yet considered, although the simulation framework has been designed to accommodate
additional spectral bands in future iterations.

Although the simulator is capable of generating trajectories over any geographic location, the visual
database is presently restricted to Spanish territory. This limitation is associated with the availability
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and preprocessing of high-resolution satellite imagery. The geographic coverage will be progressively
extended in future developments in order to evaluate the system under a broader range of terrain types,
climatic conditions and visual characteristics.

4.3 Experimental campaign definition
A set of 26 operational vignetes was conducted to evaluate the system from different perspectives, covering
different sensor configurations, heights and trajectories. A subset of the tests focused on assessing the
system behaviour under simulated sensor failures and analysing the response of the PNT solution to such
events. These activities contribute to verifying the robustness of the architecture and support the safe
deployment of the PNT system in the aircraft. Although these tests are needed, they are primarily part of
the project Verification and Validation process and are therefore not detailed in this article.

Three navigation configurations have been defined for the present functional assessment:

Configuration 1: The first configuration consists of a tightly coupled GNSS/IMU fusion scheme,
which serves as the reference configuration for performance benchmarking. In this mode, absolute
position and velocity updates from GNSS measurements are fused with inertial mechanisation to bound
drift and provide a nominal navigation solution representative of standard operation in GNSS-available
conditions. Using this configuration as the baseline allows a direct and unambiguous comparison between
the predicted outputs of visual algorithms and the nominal trajectory, thereby isolating algorithmic
performance from external factors.

Configuration 2: The second configuration extends the previous architecture by incorporating visual
inputs into the estimation framework. In this multi-sensor fusion mode, visual measurements are inte-
grated alongside GNSS and IMU data within the state estimator, improving observability and robustness,
particularly in scenarios with degraded satellite geometry or intermittent signal availability. This mode
allows quantifying the incremental contribution of visual measurements to the overall state estimation
performance, in terms of accuracy, consistency, and drift mitigation, as well as assessing their impact on
estimator stability and convergence behaviour under nominal and mildly degraded conditions.

Configuration 3: The third configuration corresponds to a GNSS-denied operational mode. In this
case, the navigation solution is propagated through inertial mechanisation using the IMU, while drift
is mitigated through corrections derived from visual measurements. This configuration is intended to
assess estimator stability, error growth behaviour and overall performance in the absence of external
GNSS updates.

For performance assessment, these three configurations are compared with the ground truth generated by
the simulator. This reference was chosen because it represents the exact intended flight plan, free from
sensor noise, environmental disturbances, or modelling uncertainties.

The experimental campaigns were conducted using a set of predefined trajectories. All configurations
were evaluated over the same trajectory profiles in order to ensure a consistent and fair performance
comparison. This approach guarantees that any observed differences in the navigation solution are
attributable to the configuration itself rather than to variations in the flight path.

The selected trajectories were defined at three different operational altitudes, namely 1000 m, 1500 m
and 3000 m. In addition, different geometric patterns were considered, including a linear path, a circular
trajectory and a figure-eight manoeuvre. These trajectory shapes were chosen to introduce variations in
dynamics, heading changes and curvature, allowing evaluation of the estimator behaviour under diverse
motion conditions.

The total trajectory lengths ranged approximately between 5 000 m and 6 500 m, corresponding to
the longest simulated cases. Although minor variations in path length exist, these differences do not
compromise the comparability of the results, since all configurations were evaluated over the same
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trajectory profile within each individual experiment. Furthermore, the selected trajectory lengths are
representative of medium-range UAS operations and are sufficient to capture both transient estimator
behaviour and long-term error accumulation effects.

All simulations were conducted over Spanish territory, covering different types of terrain. The selected
areas include regions with dense vegetation as well as more arid or sparsely textured zones.

4.4 Metrics
To correctly evaluate the behaviour of the system two different metrics were selected for the study.

The primary metric used to evaluate navigation performance is the positional RMSE. This metric quanti-
fies the average deviation of the estimated position with respect to the reference trajectory over the entire
experiment. The RMSE provides a global and statistically meaningful measure of accuracy, penalising
large deviations more strongly than small ones. For this reason, it serves as a baseline indicator when
comparing the performance of the different navigation configurations.

However, while the RMSE captures the overall positioning accuracy, it does not provide information
about the temporal evolution of the error. In particular, it does not characterise how the estimation error
grows in time during periods of degraded aiding or reduced observability. For this reason, an additional
metric based on drift per unit time is introduced. This metric evaluates the rate at which the positional
error increases, typically expressed in metres per second, and is especially relevant in scenarios with
limited or intermittent GNSS availability.

The inclusion of the drift metric complements the RMSE by providing insight into the stability and
robustness of the estimator. While the RMSE reflects accumulated accuracy over the trajectory, the drift
rate characterises the dynamic behaviour of the navigation solution and its sensitivity to error propagation.

5 Results and Discussion
Tab. 1 shows the overall results of the positioning error for the three sensor configurations test. All three
configurations contain the IMU, as explained in Section 4.3

Table 1 Positional RMSE per Sensors Configuration

Sensors Configuration RMSE [m]
Configuration 1: Nominal GNSS + IMU 15.11
Configuration 2: GNSS + IMU and CAMERA 16.30
Configuration 3: IMU + CAMERA 32.09

The obtained results indicate that the visual-aided navigation configuration does not reach the absolute
positioning performance of the traditional GNSS/IMU architecture. This outcome was anticipated, given
that GNSS provides highly accurate absolute positioning measurements and constitutes a mature and
well-established technology. In contrast, visual navigation relies on indirect environmental features
whose quality depends on texture richness, illumination conditions and scene geometry.

A direct comparison with other state-of-the-art visual navigation solutions is not straightforward. Per-
formance metrics reported in the literature are often obtained under different experimental conditions,
including variations in UAS speed, trajectory length, altitude, sensor characteristics and terrain type.
Since these factors strongly influence the behaviour of visual navigation algorithms, a fair comparison
would require harmonised testing conditions.

Despite these limitations, the results demonstrate that the visual configuration maintains stable and
consistent performance over trajectories exceeding 5 000 m, which corresponds to the minimum path
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length evaluated in this work, as described in Section 4.3. Even for trajectories involving significant
curvature variations, such as circular and figure-eight patterns, the visual-aided solution remains within
the same order of magnitude as the classical GNSS/IMU baseline.

An additional aspect of interest is the influence of operational altitude on navigation performance.
Changes in height affect image resolution, ground sampling distance and feature density, all of which
directly impact visual estimation accuracy. This analysis is presented in Fig. ?? and summarised in
Table 2.

Table 2 Height Effect on the Positional RMSE

Sensors configuration 1000m altitude [m] 1500m altitude [m] 3000m altitude [m]
Configuration 1: Nomi-
nal GNSS + IMU

14.08 15.11 17.67

Configuration 2: GNSS +
IMU and CAMERA

13.37 18.09 16.35

Configuration 3: IMU +
CAMERA

23.23 28.43 44.39

Fig. 3 Positional Error Distribution per Height

The results indicate that visual navigation performance degrades as operational altitude increases. At
higher flight levels, the effective ground sampling distance becomes larger, reducing the spatial resolution
of the observed terrain. As a consequence, the number of distinctive and repeatable features available for
matching decreases. In addition, higher altitudes tend to reduce texture richness and increase ambiguity
in feature association, leading to a greater probability of mismatches and outliers. This behaviour
is illustrated in Fig. ??, where the dispersion of the positional error increases for the configurations
incorporating visual navigation at higher altitudes.

For analysing all the obtained results is also interesting to study the drift evaluation for sensor configuration
as shown in Table 3.
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Table 3 Drift evaluation per sensor configuration

Sensors configuration Drift over time [m/s] 𝑅2

Configuration 1: Nominal GNSS + IMU -0.009 0.7%
Configuration 2: GNSS + IMU and
CAMERA

-0.014 1.2%

Configuration 3: IMU + CAMERA -0.067 0.3%

It can be observed that accumulated drift is not the sole contributor to the error values reported in Table 1.
The relatively low drift rates, together with the limited linear correlation coefficients, indicate that the
positioning error does not grow purely in a linear manner over time. Instead, a significant portion of
the total error is associated with sporadic deviations, suggesting the presence of outliers that introduce
abrupt perturbations in the navigation solution.

These sporadic deviations are especially significant in the visual-aided configurations, where measure-
ment reliability strongly depends on feature quality and scene texture. In regions characterised by low
texture richness or limited visual contrast, the probability of incorrect feature associations increases.
Such mismatches introduce transient but potentially large estimation errors that manifest as outliers in
the navigation solution. Consequently, overall navigation performance could be enhanced by integrating
more robust statistical consistency mechanisms within the EKF framework.

6 Conclusion
This work has presented and experimentally assessed a visual-aided navigation architecture for small UAS
operating in degraded or denied GNSS environments. The relevance of the proposed approach lies in
its ability to extend navigation robustness beyond the limits of conventional GNSS/IMU solutions, while
avoiding the operational constraints of many state-of-the-art vision-based methods that depend on online
map generation or repeated trajectories. By combining inertial sensing, GNSS, visual odometry, and map
correlation within a unified EKF framework, the architecture enables first-pass navigation capabilities
over previously unvisited areas, provided that georeferenced prior information is available.

Compared with alternative methodologies, the proposed solution does not aim to outperform nominal
GNSS in absolute positioning under favourable signal conditions, which remains the reference in terms
of mature and highly accurate navigation performance. Instead, its contribution is to provide a resilient
complementary navigation capability when GNSS becomes unreliable or unavailable. In this respect,
the results show that the visual-aided solution remains stable over representative UAS trajectories and
preserves bounded performance even in GNSS-denied conditions, whereas standalone inertial navigation
would be expected to exhibit unbounded drift growth. Moreover, in contrast to SLAM-based approaches,
the proposed architecture does not require online map construction, making it better suited to wide-area,
higher-altitude, and first-deployment mission profiles.

The results also indicate that the current performance limitation is not dominated by progressive drift
alone, but by sporadic outliers associated with degraded visual conditions, feature ambiguity, and reduced
scene texture. This finding is important because it shifts the focus of future improvement from simply
refining low-level odometry accuracy towards strengthening the statistical robustness of the fusion process.
In particular, the main path forward is the development of more robust measurement validation, outlier
rejection, and consistency-monitoring mechanisms within the EKF framework.

The next stage of this work will therefore focus on improving robustness to visual outliers, extending the
validation campaign to more diverse terrains and sensing conditions, and progressing from the present
Hardware-in-the-Loop environment to full flight-test evaluation on the target aerial platform. These
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steps are required to consolidate the proposed architecture as a practical resilient PNT solution for future
operational UAS missions.
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