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ABSTRACT 

In the absence of signals from global navigation satellite systems (GNSS), visual-inertial navigation systems 

(VINS) are usually utilized in urban air mobility (UAM) applications which require reliable navigation in complex 
urban areas. This paper focuses on improving vision-based alternatives to GNSS navigation solutions with 

position uncertainty correction for safe and uninterrupted flights. The novel contribution introduces multiple 
machine-learning aided hybrid visual-inertial odometry (multi-ML hybrid VIO) that utilizes gated recurrent unit 

(GRU) based error compensators to enhance positioning within complex environments by reducing the impacts 
of various sources of uncertainty. Unlike state-of-the-art systems that lack evidence of demonstrating performance 
enhancement with position uncertainty correction within VIO architectures, the proposed framework 

simultaneously reduces position uncertainty and improves accuracy. Furthermore, training and testing datasets are 
generated using MATLAB incorporating unreal engine simulation environment for UAVs to replicate complex 

scenarios including environmental conditions, illumination variations, weather effects and flight dynamics where 
traditional VIO systems tend to fail. The proposed hybrid VIO architecture has been validated under combinations 
of complex scenarios including various sources of uncertainty such as sensor noise, feature tracking error, 

environmental dynamics, weather effects and lighting conditions for extended flights. The comparison results 
have demonstrated reduction in horizontal positioning RMSE errors: 1.7m for VIO with VO error compensation 

2.18m for VIO with KF error compensation, 1.4m for multi-ML hybrid VIO. Furthermore, it demonstrates 
generalization ability over seen and unseen fault scenarios that indicates performance improvement of 89% in 3D 
position compared to VIO with VO error compensation, VIO with KF error compensation, and ESKF-based VIO. 

Additionally, experimental results demonstrate overall horizontal position uncertainty reduction by 79% for test 
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1 and 22% for test 2. Finally, this work represents a step forward in improving the safety and effectiveness of 
UAV navigation by providing vision-based alternative to GNSS solution for uninterrupted flights.  

1. INTRODUCTION 

Urban air mobility (UAM) represents a revolutionary approach to transportation within urban environments, 
leveraging the vertical dimension to reduce ground traffic congestion and enhance mobility. Central to the success 
of UAM in the deployment of unmanned ariel vehicles (UAVs) which requires sophisticated navigation systems 

to operate safely and efficiently in densely populated areas. Failure to correctly perform the navigation task could 
potentially lead to catastrophic accidents such as crashes and collisions. Given the limitations of GNSS-based 

navigation systems, current position, navigation, and timing (PNT) solutions are increasingly providing 
independent of GNSS techniques. 

 The vision-based navigation system for UAVs is widely used as an alternative to GNSS solutions while 

navigating in urban space. State-of-the-art visual-inertial navigation systems frequently experience performance 
degradation due to various environmental fault factors including illumination variation, motion variation, low 
texture, and limited field-of-view [1]. These complexities hinder accurate system modelling because of the 

inherent non-linearity, creating a need for more advanced techniques to enhance system performance. 
Additionally, these fault factors impact the overall system performance by introducing uncertainty in data 

association. For instance, matching visual features across frames under lighting variation, or featureless 
environments introduces ambiguity and uncertainty. Sources like sensor noise, feature tracking errors, data 
association errors, and feature location errors contribute to aleatoric uncertainty. On the other hand, calibration 

errors, imperfect models, and model assumptions introduce epistemic uncertainty. Unlike epistemic uncertainty, 
aleatoric uncertainty cannot be fully eliminated but can be statistically characterised by proposing advanced fusion 

algorithms. 

In classical filter-based VIO navigation systems, VIO feature trackers are frequently found to be brittle under 
challenging scenarios and rapid motion, particularly due to the effects of motion blur. Researchers working on 

classical methods typically focus on modelling feature tracking errors and aim to improve positioning performance 
[2]. However, the utilization of such error models is limited to specific scenarios and lacks evidence of effectively 
mitigating visual errors to ensure safe navigation under complex urban environments [3]. One of the drawbacks 

of filter-based VIO fusion using the variants of Kalman filters (KF) is that the linear assumption model and 
gaussian noise may not hold under dynamic conditions leading to divergence in the state estimation [4], [5], [6].  

Advancement in VIO systems using data-driven approaches has been explored due to their ability to learn 

model complexity that can establish the relationship between sensor measurements and vehicle ego-motion. 
Despite their success, data-driven VIO methods lack robustness when facing challenges such as UAV operation 

in low-texture environments, non-ideal image conditions (e.g. blur, distortions, extreme lighting, overexposures) 
or a significant presence of dynamic objects in the scene (Almalioglu et al., 2022; Li & Waslander, 2020). 

Additionally, data-driven approaches are influenced by several factors such as, the need for large training datasets 
for CNN architectures, performance degradation in scenarios that deviate from training data, and inefficient 

uncertainty estimation associated with position estimation. Achieving accurate positioning with confidence while 
reducing uncertainty in such architectures remains an open challenge.  

Some studies proposed data-driven VIO algorithms with uncertainty awareness yet lack evidence on validating 
their approach under visually degraded scenarios (e.g. texture-less environments, rapid motion, low-light) 

resulting in loss of feature tracking or divergence after 100 frames iterations [9], [10], [11]. A recent comparative 
analysis of techniques including CNN-LSTM-based VO,  [12] claims robustness in predicting accurate ego-

motion under rainy weather conditions yet face challenges in replicating more realistic fault conditions e.g. 
raindrops, and reflection. These conditions introduce fault factors like feature detection inability, loss of feature 
track, inconsistent tracking and resultant frequent failures or divergence in tracking. Other approaches such as 

Bayesian techniques [10], [13] and RCNN with mixture density network [11], also extract predictive position but 
lack evidence under the possible source of visual uncertainty such as lighting variation, motion variation, no-

texture environments, and repetitive fault conditions. Thus, the predictive accurate position while reducing 
uncertainty for filter-based VIO and data-driven VIO systems under such scenarios remains challenging due to 

the performance degradation from unaddressed uncertainty sources.  



The KF-inspired NN-aided architectures [14], [15] have gained attention to enhance performance under 
complex visual scenarios by adapting Neural Networks (NN) models (e.g. Bi-LSTM, LSTM) to mitigate sensor 

noise, model imperfections, corrupted measurements, and model assumptions. For instance, during limited 
visibility conditions e.g. foggy weather error compensation of KF measurements used in [15] suffers from 

performance degradation as inherent nonlinearity affects the model assumptions. Besides, authors have explored 
hybrid architecture [16] for reducing model uncertainty by predicting K-gain using gated recurrent unit (GRU) to 
correct the state estimation and covariance model of EKF. However, these approaches are constrained to linear 

systems, limiting their effectiveness in more complex scenarios. Therefore, overall performance relies on both 
model’s capabilities and the characteristics of the navigation environment. Attention should be given to mitigate 

data and measurement errors. Hypothesis analysis suggests combining two error compensation approaches within 
hybrid architectures to mitigate sensor and model measurement errors in the VIO system, aiming to improve 

overall performance under diverse scenarios. In this study, error state Kalman filter (ESKF) is employed within 
the hybrid architecture for its ability to linearize only the error states that improves stability and robustness 
particularly in highly nonlinear systems. This makes ESKF more effective compared to other variants of KF such 

as Unscented Kalman filters (UKF), which relies on sigma points to approximate distribution, potentially 
introducing instability. As a result, ESKF is considered more reliable choice for handling nonlinear dynamics.  

Therefore, to address the limitations of state-of-the-art systems providing performance enhancement while 

reducing uncertainty under complex scenarios, this paper proposes a novel approach that combines multiple error 
compensators within VIO systems.  To the best of the authors' knowledge, this is the first attempt to combine 
multiple ML-based error correction techniques within the VINS system. The proposed hybrid fusion approach 

integrates a combination of error compensation techniques: one GRU compensate for VO measurement errors by 
updating the ESKF filter, while another GRU compensate for model measurement errors to correct model 

inaccuracies. In this research, GRU is utilized due to its efficiency in processing time-varying sequences, offering 
advantages over other NNs like LSTM, and Bi-LSTM. In addition, the formulation is extended by exploring 

position uncertainty mitigation on the proposed approach using MATLAB incorporated with unreal engine 
simulated photorealistic datasets replicating possible uncertainty sources (e.g. feature tracking errors, data 
association errors, sensor noise, feature location errors) present in urban environments for extended flights. The 

contributions of this work are highlighted as follows:  

1) A combination of GRU-based multiple error compensation and ESKF for the hybrid VIO framework 
forming error compensation by multi-ML hybrid VIO which was not proposed in other literature known 

to the authors. The algorithm aims to reduce position uncertainty by leveraging sensor error compensator 
and measurement model error compensator that simultaneously correct model and data uncertainty under 

complex urban environments. 
2) Systematic evaluation of the proposed uncertainty reduction mechanism under the possible source of 

uncertainty such as feature tracking errors, feature location errors, data association errors and sensor 

noise.  
3) Evaluation of performance under ‘out of distribution’ problems for the proposed novel hybrid VIO 

framework aiming to estimate its ability to adapt and perform effectively in unseen scenarios. 

2. PROPOSED NOVEL HYBRID VIO FRAMEWORK 

This section presents a high-level overview of the proposed novel framework of multi-ML hybrid VIO. In this 
architecture, monocular camera-generated images are used to estimate VO position using feature-based VO 

algorithm [2]. Using the GRU-based error compensation method, VO errors arising from possible sources of data 
uncertainty within the navigation environment are corrected by predicted increments before fusion. Corrected VO 
positions are then fed into the ESKF filter with IMU-estimated raw linear acceleration and angular velocity for 

fusion to estimate the position of VIO. Lastly, another GRU is utilized to compensate for ESKF measurement 
errors arising due to the uncertainty present in the measurement model. The predicted measurement position 

increment will improve hybrid VIO positioning performance by reducing model and data uncertainty 
simultaneously. Figure 1 presents a high-level diagram of the proposed novel hybrid VIO framework. This paper 
investigates and explores the performance of the proposed novel hybrid VIO framework by utilizing the position 

uncertainty compensation mechanism. However, estimating confidence interval to evaluate integrity for 
mentioned uncertainty sources is out of the scope of the paper. This study focuses on reducing the effects of 

various sources of uncertainty simultaneously improving performance while navigating under complex 
environment.  



Figure 1: Proposed combined hybrid architecture for VIO position uncertainty reduction. 

2.1 ML Module Input and Output Parameters 

It is crucial to select input and output parameters for all the ML modules since these parameters directly 

determine the training efficiency and navigation accuracy. In this work, the selected two ML-based error 
compensators have different input and output parameters based on their usage within the architecture. The first 
kind of model is applied to compensate for sensor errors associated with observation noise within data due to 

several fault factors present in navigation environments. Since visual errors are prominent within VINS systems, 

VO sensor error compensation mechanisms are conducted by predicting increments of VO using GRU. The ∆𝑃𝑉𝑂   

model predicts position error between VO measurements and ground truth with the input parameters IMU linear 

acceleration in body frame within NED coordinate, 𝛼𝑁 , 𝛼𝐸 , 𝛼𝐷 and IMU angular velocity in the body frame within 

NED coordinate, 𝜔𝑁 , 𝜔𝐸 , 𝜔𝐷. Having the advantage of the utilizing canonical relationship between inertial frame 

and UAV dynamics, the model can effectively learn implicitly to track the vehicle’s movement by observing the 
sequences of IMU linear acceleration and angular velocity. Additionally, VO estimated position and orientation 

are also other input parameters for the GRU-based VO error compensator. By analysing of dependencies between 
the estimated position and the actual position, the GRU can learn typical error patterns. Finally, the predicted 

increments are compensated using the following equation,  

𝑃𝑉𝑂/𝐺𝑅𝑈 = 𝑃𝑉𝑂 − ∆𝑃𝑉𝑂 (1) 

Another kind of ML model is applied to compensate for measurement model errors associated with the 
imperfection of the model due to manual tuning and nonlinearity presence within data. The model measurement 

errors are compensated by predicting KF measurement increments using GRU. The ∆𝑃𝑉𝐼𝑂 model predicts position 

error between ESKF measured position and ground truth with the input parameters ESKF estimated position and 

innovation i.e. the difference between the predicted observations and observed value in the NED frame. The GRU-
based model error compensator can effectively learn from the information about the state-evaluation process and 
uncertainty of state estimate. Finally, the predicted model increments are compensated using the following 

equation after fusion- 

𝑃𝑉𝐼𝑂/𝐺𝑅𝑈 = 𝑃𝑉𝐼𝑂 − ∆𝑃𝑉𝐼𝑂 (2) 

2.2 Machine Learning Model: GRU 

The multi-ML hybrid VIO uses the features discussed in the previous section to reduce position uncertainty 

associated with incorrect sensor data and imperfect measurement model. GRU is designed to handle sequential 
data and can maintain a memory of past states, making it well-suited for learning the temporal dependencies in 

vehicle movements. The structure and operation of cells in GRU are different from other recurrent neural networks 
(RNNs). It is a variant of LSTM that merges the input gates and forgetting gates along with merging the memory 
state and hidden state. GRU has much fewer parameters than LSTM, and the training speed is faster. The hidden 

layers unit in the network introduces a gaining unit and its structure is adopted from the literature (Geragersian et 
al., 2022). The calculation process is as follows- 

𝑧𝑡 = 𝜎 (𝑊𝑧 . [ℎ𝑡−1, 𝑥𝑡]) 

𝑟𝑡 = 𝜎(𝑊𝑟 . [ℎ𝑡−1, 𝑥𝑡]) 

ℎ 𝑡 = tanh (𝑊. [𝑟𝑡
∗ℎ𝑡−1, 𝑥𝑡]) 

ℎ𝑡 = (1 − 𝑧𝑡)∗ℎ𝑡−1 + 𝑧∗ℎ 𝑡 



The greater the value of the update gate, the more information is brought in from the previous moment. The 
smaller the value of the reset gate, the less information from the previous moment is written. 

2.3 Multi-ML-aided Hybrid VIO 

The proposed novel architecture is designed with a combination of multiple GRU-aided error compensators 
and ESKF to estimate improved positioning performance under dynamic conditions. Two error compensators are 
utilized for different purposes within the architecture. The ESKF formulation is based on our previous work. In 

this formulation, the UAV state 𝑥 is defined as- 

𝑥 = [𝑝 𝑣 𝑞  𝛼𝑏 𝜔𝑏]𝑇 (3) 

Where, 𝑝 = [𝑝𝑁 , 𝑝𝐸 , 𝑝𝐷]- represents the position in the platform; 𝑣 = [𝑣𝑁 , 𝑣𝐸 , 𝑣𝐷]- platform’s velocity; 𝑞 =

[𝑞𝑁, 𝑞𝐸 , 𝑞𝐷]- represents orientation in the form of quaternion; 𝛼𝑏 = [𝛼𝑏𝑁
, 𝛼𝑏𝐸

, 𝛼𝑏𝐷
]- represents accelerometer 

drift and 𝜔𝑏 = [𝜔𝑏𝑁
, 𝜔𝑏𝐸

, 𝜔𝑏𝐷
]- gyroscope drift accordingly.  

The main concept of the ESKF fusion strategy consists of the separation of the state vector into two parts: nominal 
state 𝑥, and error state 𝛿𝑥. 

𝑥𝑘 = 𝑥 + 𝛿𝑥 (4) 

Notably, the frame of references used to develop navigation equations for state estimation of ESKF follows the 
north-east-down (NED) frame format. 

The raw IMU linear acceleration and angular velocity are used within the prediction step to propagate corrected 
state estimate and state covariance.   

𝛿𝑥̂ = 𝐹𝑥(𝑥, 𝑢𝑚). 𝛿𝑥 

𝑃 = 𝐹𝑥𝑃𝑘−1𝐹𝑥
𝑇 + 𝐹𝑖𝑄𝑖𝐹𝑖

𝑇 (5) 

The transition Matrix 𝐹𝑥 for the error state as follows-  

𝐹𝑥 =
𝜕𝑓

𝜕𝛿𝑥
|
𝑥

=
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(6) 

Where,  𝐹𝑥 and 𝐹𝑖 represent the Jacobians of 𝑓() with respect to the error and perturbation vectors; 𝐶_𝑛𝑖 
represents the rotation matrix of altitude 𝑞.  

Featured-based VO is preferred for the research due to its simplicity and reliability, contrasting with data-driven 
VO which requires more computational resources and extensive training data. Once the GRU compensated 
corrected VO position becomes available, the observation is incorporated to continuously update the filter. The 
process involves calibrating accelerometer and gyroscope drifts. The observation is expressed as follows-  

𝑦𝑘 = ℎ(𝑥𝑡) + 𝑣 
Where, 𝑦𝑘-represents measurement vector, ℎ()- represents system state and 𝑣-represents which Gaussian noise 

with Covariance 𝑅. 
The measurement update equations are derived as 

𝐾 = 𝑃 𝑘−1𝐻
𝑇(𝐻𝑃 𝑘−1𝐻

𝑇 + 𝑅)
−1

 

𝛿𝑥̂ = 𝐾(𝑦𝑘 − ℎ(𝑥̂𝑡)) (7) 

𝑃 = (𝐼 − 𝐾𝐻)𝑃 𝑘−1 

Finally, ESKF measurement position is corrected using equation (2) and estimate improved multi-ML hybrid 

VIO position.  

3. EXPERIMENTAL SETUP AND DATA GENERATION 

This section outlines the experimental setup to evaluate the performance of the proposed multi-ML hybrid VIO. 
The experimental setup is described first which is used to generate training and testing datasets to conduct 

numerical analysis and performance evaluation in the presence of multiple sources of uncertainty under complex 
environments. The experimental setup used in this research has been implemented in MATLAB incorporating the 



unreal engine to simulate data collection proposes for UAVs. The simulated datasets involve diverse challenging 
conditions including illumination variation, rapid motion, altitude variation, no-texture, and weather effects for 

shorter and extended flights. The experimental architecture is adopted from one of our previous works which was 
used to implement fault-tolerant federated multi-sensor GNSS/VO/IMU navigation system. The choice of 

monocular camera is beneficial for the UAM application due to its advantage of being less expensive, simpler to 
implement and lightweight to fit into a UAV with a specification of 1109 (pixels) focal length, 640x360 (pixels) 
optical centre and 720x1280 (pixels) image size, operating in 10 Hz sample rate. The simulated IMU data has 

specification of ICM 20649 model operating 100 Hz sample rate used in our previous work. During the post-
processing step, linear interpolation has been carried out to synchronise timestamps between both sensors. For 

urban operation scenarios surrounded by buildings, the visual data of tall buildings are simulated using ‘US city’ 
scene available in the ‘simulation 3D scene configuration’ block within Navigation Toolbox and UAV toolbox in 

MATLAB.  This paper investigated only navigation environment of a bright sunny day with 40% floating clouds. 
However, training datasets are collected by replicating weather effects and lighting conditions. The setting is 
adopted based on MathWorks user interface described on the website. The flight trajectories are designed and 

controlled through QgroundControl software connected through MAVLink connectivity.  

3.1 Training Datasets 

The training dataset includes 12 trajectories combing fault conditions that can trigger multiple sources of data 
and model uncertainty within the navigation system involving imperfect modelling, sensor noise, data association 
errors, feature tracking errors and feature location errors. Within these trajectories, a set of various weather 

conditions are presented including fog, rain, sunny, cloud and various lighting conditions like dusk, sunrise, 
afternoon, and evening.  This diversity allows the model to learn and adapt to different fault conditions, improving 

overall performance and generalization ability in the presence of multiple fault conditions. The testing dataset is 
designed with a combination of seen and unseen fault scenarios. Examples of training and testing datasets are 
presented in Figure 2. 

 

Figure 2: Examples of simulated environmental conditions: (a) limited field of view during 80% fog, (b) 
texture-less wall during 70% cloud, (c) illumination changes during 30% rain and (d) shadows and texture-less 
wall during partly sunny used in testing and training datasets. 

3.2 Training and Testing Process 

The GRU modules are trained with the mentioned 12 trajectories using the input and output data structure 
described in section 2.1. Notably, this research has utilized similar GRU architectures for two different purposes 
within the hybrid VIO architecture. To balance the training efficiency and prediction accuracy, the GRU model 

comprised two GRU layer containing 256 and 36 cells respectively with the sequence length input. A fully 
connected layer is used to provide the output from the ML model. The batch size used is 128, the dropout rate is 

set at 0.5, the activation function is ‘tanh’ and recurrent activation function is ‘sigmoid’. The ADAMAX optimizer 
is employed during the training to optimize the ML model weights and minimize the discrepancies between the 

predicted and actual errors. Furthermore, the loss function is calculated using mean squared error (MSE).  



During the testing phase, ML models operate in the prediction phase, remaining active throughout the 
experiment. During this phase, the train GRU-based VO error compensator predicts VO position error based on 

the given navigation frame linear acceleration, angular velocity, VO position and VO current orientation. For 
evaluation purposes, the updated position error prediction is deducted from the actual VO position estimated from 

the feature-based VO algorithm. Lastly. The trained GRU-based KF measurement error compensator predicts KF 
estimated position error based on KF predicted position and observation differences from the measurement model 
in the current navigation frame. The updated position is estimated by deducting predicted position error from KF 

estimated position to improve overall hybrid VIO positioning performance.  

4. PERFORMANCE EVALUATION   

To evaluate the performance and adaptability of the proposed novel hybrid VIO framework, two experiments 
are carried out using two different testing datasets with a variation of fault conditions, shown on Figure 3.  

 

Figure 3: 3D view of test trajectories used for experiments (a) trajectory 1 for test 1, (b) trajectory 2 for test 2. 

These trajectories are generated using MATLAB incorporated unreal engine simulator with a ‘US city’ scenario 
which replicate urban environments with various fault condition including illumination variation, motion 

variation, altitude variation, less-texture, and flight dynamics. These fault conditions contribute to various sources 
of uncertainty that are aimed to be reduced by employing the proposed novel multi-ML hybrid VIO framework 

and evaluate the model adaptability under such scenarios. Comparative analysis is conducted to evaluate the 
efficiency of proposed multi-ML hybrid VIO benchmarking with four references including three VIO architectures 

such as GRU-based VO error compensator aided ESKF-hybrid VIO (VIO with VO error compensation), GRU-
based KF error compensator aided ESKF-hybrid VIO (VIO with KF error compensation), ESKF-based VIO and 
feature-based VO (VO). 

4.1 Test 1 

The purpose of this experiment is to evaluate performance and resilience abilities of the proposed algorithm in 

managing combined fault conditions and mitigation of arisen source of uncertainty associated with trajectory 1. 
During the experiment distance of 701m is covered over a duration of 5 min. This experiment is conducted under 

sunny weather with combined fault conditions including turn with feature-less walls, turn with sky-view, shadow 
of objects, illumination variation, take-off with altitude variation.  

Figure 4 illustrates absolute position error comparison based on the proposed multi-ML hybrid VIO, VIO with 

VO error compensation, VIO with KF error compensation, ESKF-based VIO and VO under sunny day. 
Throughout the flight, shadows on surface and shadows on buildings are the common constant fault conditions 
that has been observed to be mitigated by the proposed algorithm compared to other reference systems.  During 

landing phrase after 2200s, the errors in N, E, D position are observed higher. It is worth noting that the 
performance degradation arises due to combined fault conditions including UAV turn with sky view and shadows 

of buildings. These condition lead to illumination variation and less-texture fault factors, resulting in feature 
extracting error, feature location error and feature tracking error. A source of aleatoric or data uncertainty, such as 



feature extraction errors due to limited features available when UAV is turning or landing with a sky-facing view, 
can result in performance degradation in the D coordinate. This issue is mitigated with a reduction of 96% in the 

multi-ML hybrid VIO, 94.2% in VIO with VO error compensation, and 93.8% in VIO with KF error 
compensation. The position error highlights how erroneous data generated by various fault conditions presence in 

the navigation environments effects performance of VIO architectures. This degradation cannot be mitigated by 
compensating either sensor or model measurements alone due to multiple sources of uncertainty impacting both. 
For instance, the VIO with KF error compensation method showed less improvement compared to VIO with the 

VO error compensator. This suggests that if data sources are corrupted, it negatively impact model performance. 
Additionally, without sufficient knowledge about the unmodeled dynamics in KF, the KF error compensation ML 

model is less effective learning the fault patterns, resulting in poor performance compared to VO error 
compensation technique.  Thus, integrating multiple error compensators to simultaneously correct sensor and 

model measurements reduces the position uncertainty and improves performance to ensure safe navigation.  

 

 Figure 4: Position error in presence of combined fault conditions for trajectory 1 

Figure 5 illustrates the probability distribution of horizontal errors to provide insight into the ability of 
improving performance while reducing the effects of possible source of uncertainty by the proposed hybrid 
framework. The distributions VO and ESKF-based VIO reference systems showed a very broad error distribution, 
indicating significant position uncertainty. However, the hybrid architectures including VIO with VO error 
compensation, VIO with KF error compenstaion and Multi-ML hybrid VIO showed significant reduction in 
horizontal position uncertainty with most error concentrated below 8 m. The sharp peak in error distribution of 
multi-ML hybrid VIO implies that most errors within smaller range compared to other two methods. Thus, the 
proposed hybrid algorithm is the most effective at reducting position uncertainty by mitigating the effects of data 
and model uncertainty simultaneously.  



 

Figure 5: Histogram of horizontal position error for trajectory 1. 

Table 1 summarises the performance of the proposed framework compared to the reference algorithms 
concerning RMSE and 95th percentile for trajectory 1. It is observed that multi-ML hybrid VIO outperforms 

compared to the fusion reference systems. Horizontal RMSE is improved by 90% for multi-ML hybrid VIO, 88% 
for VIO with VO error compensation, 85% for VIO with KF error compensation, 23% for ESKF-based VIO. 
Additionally, the VIO with KF error compensation algorithm demonstrates less effectivity than the VIO with VO 

error compensation methods due to inadequate information of unmodeled dynamics created by corrupted VO data. 
However, incorporating VO error compensation and KF error compensation mechanisms within hybrid VIO 

architecture effectively improves performance and reduces Horizontal position error by 87% (95th percentile). The 
system demonstrates the capability of correcting erroneous measurements e.g. corrupted sensor data, imperfect 

models, and enhancing performance, reducing D coordinate position error (RMSE) to 1.0 m.  

Figure 6 illustrates the behaviour of 3D trajectories obtained from the proposed framework with reference VIO 

architectures. These trajectories are observed under a combination of aleatoric and epistemic uncertainty. 
Importantly, the entire trajectory is designed with known and observed fault conditions, identical to those used in 

the training datasets, and occurring at the same location. Notably, our proposed multi-ML hybrid VIO follows 
closely to the ground trajectory with only minor drifting during landing, resulting 91% improvement in overall 
positioning compared to VO. Two noticeable deviations in the trajectory caused by feature tracking errors and 

feature extraction error in less-texture environments while landing due to high mismatched characterization of 

TABLE I  

POSITIONING PERFORMANCE FOR TRAJECTORY 1 FOR TEST 1. 

Techniques RMSE (m) 95th Percentile (m)  
N E D 3D Horizontal 3D Improvement Horizontal Improvement 

VO 12.10 7.02 23.69 27.56 14.07 43.47 - 24.80 - 

ESKF-based 
VIO 

8.02 2.26  11.72 24.19 10.8 39.02 10% 20.45 17% 

VIO with VO 
error 
compensation 

0.95 0.78  1.22 2.00 1.75 4.71 89% 4.16 83% 

VIO with KF 
error 
compensation 

0.99 0.91 1.28 2.13 2.18 5.85 86% 5.04 79% 

Multi-ML 
Hybrid VIO 
(proposed) 

1.1 0.50 1.0 1.67 1.40 3.75 91% 3.18 87% 

 



underlying dynamics. Despite these, the system effectively overcomes these errors, allowing the trajectory to 
eventually align with the ground truth.  

 

Figure 6: 3D trajectory comparison of the proposed novel multi-ML hybrid VIO framework with four reference 

systems. 

4.2 Test 2 

The objective of this experiment is to evaluate generalization ability of the proposed multi-ML hybrid VIO 
framework in managing combined fault conditions with seen and unseen scenarios including unseen fault 

conditions. The testing datasets includes diverse scenarios, including UAV takes off from different street in the 
city environments with variation of unknown fault conditions i.e. diagonal rotation during landing and altitude 
variation while takes-off.  The experiment is conducted under sunny weather condition covering distance of 738 

m within 4 min.  

Figure 7 and Figure 8 illustrate the comparison of position errors and histogram of horizontal errors using 
proposed multi-ML hybrid VIO, VIO with VO error compensation, VIO with KF error compensation, ESKF-

based VIO and VO for trajectory 2 under sunny weather conditions. Performance deviations are noticeable during 
landing phrases due to the navigation environment variability and presence of unknow fault conditions. However, 

the hybrid architectures effectively take off from unseen location, showcasing its adaptability. 

 Notably, performance deviation in the N position is observed throughout the flight which is caused by 
prominent fault conditions such altitude variation and texture-less environment during flight that led to feature 

tracking errors. The VIO with KF error compensation improved the performance compared to traditional ESKF-
based VIO and VO. Since ESKF-based VIO experienced increase in error due to the inability of traditional Kalman 
filter to fully compensate unmodeled dynamics where uncertainty and noise degrade performance, reflecting in 

the wider error distribution of Figure 8. In contrast, VIO with VO error compensation mechanism performs well 
by compensating VO errors before fusion that allows correction for compounded errors in sensor data. Thus, in 

turn, helps the KF measurement model avoid dealing with high dynamics present in the sensor data, resulting in 
more accurate performance that skewed the horizontal error distribution. Additionally, the hybrid approaches have 
demonstrated error reduction by concentrating peak of the horizontal error distribution up to 5m which provide 

an insight into the adaptability of the hybrid models to unseen location and faults.  

Nevertheless, there are higher degradation after 200 s in N & E direction due to diagonally landing among all 
the reference systems including proposed framework. These erroneous behaviours arise from the uncertainty 

sources such as corrupted sensor measurements, feature tracking errors, which lead to mismatched 
characterization of underlying dynamics of sensor measurements and predictions. Since, VIO with KF error 

compensation depends entirely on the ESKF output, the error distribution tail leads up to 15m with most of the 
errors skewed to 4m. The integrated multi-ML hybrid VIO framework demonstrated improvement of 71% and 



47% towards N & E coordinates compared to sensor source VO system. It is observed in Figure 8 that the error 
distribution of the multi-ML hybrid VIO algorithm shows most significant reduction in horizontal position 

uncertainty, with most errors concentrated suggesting that it is the most effective at minimizing errors compared 
to other hybrid approach. Additionally, source of aleatoric or data uncertainty e.g. feature tracking error due to 

diagonally rotation and altitude variation leading to performance degradation during the landing phase has been 
mitigated with a reduction of 95% or multi-ML hybrid VIO, 93% for VIO with VO error compensation, 90% for 
VIO with KF error compensation in D position. Finally, it should be mentioned that throughout the flight shadows 

on the surface and shadows on buildings are the common constant fault conditions which has been effectively 
mitigated by proposed algorithm. Thus, integrating multiple error compensators to simultaneously correct sensor 

and model measurements reduces the position uncertainty and improves adaptable ability to ‘out of distribution’ 
problem, ensuring safe navigation.  

 
Figure 7: Position eírror for ‘out of the distribution’ experiment using trajectory 2 

 
Figure 8: Histogram of horizontal position error for trajectory 2 

Table 2 summarises the performance of the proposed framework compared to the reference algorithms 

concerning RMSE and 95th percentile for trajectory 2. It is observed that multi-ML hybrid VIO outperforms 

compared to the fusion reference systems. Horizontal RMSE is improved by 89% for multi-ML hybrid VIO, 84% 



for VIO with VO error compensation, 85% for VIO with KF error compensation, 13% for ESKF-based VIO. As 
mentioned previously, test 2 trajectory is designed with high flight dynamics and combined seen and unseen 

scenarios compared to test 1. The erroneous data sources are coming from sensors which have impact on the 
model predicting capability. Due to outliers presents in VO arising from feature extraction and tracking 

incapability during motion variance, altitude variation, rotation and inefficient features, ESKF model suffered to 
perform linearization under such complex dynamics which can be observed from 95th percentile estimation.  
However, our proposed sensor and model compensation mechanism successfully mitigate the inherent 

nonlinearity (position uncertainty) introduced in the ESKF-based VIO fusion model with improvement of 22% in 
horizontal axis (95th percentile).   The hybrid models have demonstrated adaptability in predicting the unknown 

patterns of faults arising from different sources of uncertainty and showed improvement of 2.81m in horizonal 
axis. Since, significant degradation observed in ESKF-based VIO, the hybrid approach VIO with KF error 

compensator has provided limited improvement. Finally, applying our multi-ML hybrid VIO is able to correct 
such erroneous measurements and reduce overall uncertainty.  

 

Figure 9: 3D trajectories of proposed multi-ML hybrid VIO for trajectory 2 when tested on a scenario different 
from training datasets. 

Figure 9 illustrates the behaviour of the 3D trajectory obtained from comparing the proposed framework with 
other reference systems. It is observed that the proposed multi-ML hybrid VIO is able to recover from the 

derivation caused by altitude variation during fight take-off from different street and able to generalize effectively 
across seen and unseen scenarios. However, deviation in performance observed during landing and leading to 

drifting due to the fault factors that was not included in the training dataset as discussed above. These behaviours 
cause up to 17.15 m drifting in traditional ESKF-based VIO which is reduced to 1.01 m using the proposed 

framework that shows model adaptability in unseen scenarios and faults.  

TABLE II 

POSITIONING PERFORMANCE FOR TRAJECTORY 2 FOR TEST 2. 

Techniques RMSE (m) 95th Percentile (m) 
N E V 3D Horizontal 3D Improvement Horizontal Improvement 

VO 4.04 5.13 18.11 27.56 6.53 33.20 - 11.36 - 

ESKF-based 
VIO 

3.7 4.83  16.00 24.19 6.15 29.63 40% 9.01 21% 

VIO with VO 
error 
compensation 

1.37 3.43  1.25 3.9 3.70 11.85 64% 11.32 0.4% 

VIO with KF 
error 
compensation 

1.76 3.46 1.96 4.31 4.16 11.34 66% 12.12 - 

Multi-ML 
Hybrid VIO 
(proposed) 

1.19 2.74 1.01 3.13 2.81 9.33 72% 8.88 22% 

 



4.3 Comparison to Literature  

In order to show an empirical comparison to the closest related methods in the literature, the paper selects 
EUROC dataset, specially MH05_difficult for benchmarking to evaluate the performance of proposed novel 

multi-ML hybrid VIO framework. EUROC dataset was collected with MAV flying in indoor environments 
levering complex scenarios i.e. darkness, illumination variation, rapid motion, and blur. The EUROC datasets 

MH01-MH04 series are used to train the model.  

Table 3 shows the comparative results for MH_05 sequence in EUROC dataset. It is observed that the proposed 
framework constantly outperforms existing methods in terms of pose estimation accuracy. Difficulties arise from 

harsh motion dynamics, increased degree of freedoms and image blur. However, flight dynamics and images 
within the dataset was consistent following a pattern throughout the flight. Notably, the comparative analysis only 
included hybrid VIO architectures in SOTA. Our proposed method has effectively mitigated erroneous 

measurements arises from various sources of uncertainty and showed improvement in 54cm and 33cm for 3D and 
horizontal positioning respectively (95th percentile). SOTA architectures suffered from performance degradation 

above 1m in 3D position due to insufficiency in adapting the dynamics presents in the data while using all the 
series of EUROC datasets for training their models. For instance, presence of rapid motion and motion blur in the 

flight lead to feature tracking errors and feature location errors in VO. Integrating multiple error compensation 
within hybrid VIO architecture effectively mitigates the effects of such errors and improve position approximately 
0.48 m in 3D position.  

 
Figure 8: The 3D position error estimated using MH05_difficult seq. from EUROC dataset with multiple 

sources of aleatoric uncertainty.  

Figure 8 presents the 3D position error of the proposed multi-ML hybrid VIO for processing MH05_difficult 

dataset. The VIO with KF compensation algorithm has demonstrated least improvement among all the hybrid 
architectures as the correction mechanism relies on ESKF measurements. The ESKF-based VIO reference has 

experienced performance degradation due to nonlinear dynamics of MAV (rapid motion) and environmental 
factors (blur and darkness). However, KF error compensation mechanism has managed to mitigate the 

TABLE III 

COMPARISON WITH SOTA METHODS THAT USED MH05_DIFFICULT SEQUENCE FROM EUROC DATASET.  

Techniques RMSE (m) 95th Percentile (m) 
N E V 3D Horizontal  3D  

End-to-End VIO [7] - - - 1.96 - - 

Self-Supervised VIO [9] - -  - 1.02 - - 

VIO with VO error 
compensation 

0.24 0.33  0.25 0.66 
0.46 0.73 

VIO with KF error 
compensation 

0.34 0.46 0.16 0.78 
0.54 0.83 

Multi-ML Hybrid VIO 
(proposed) 

0.20 0.22 0.18 0.48 
0.33 0.54 

 



nonlinearities e.g. non-gaussian noise, high-frequency vibrations, MAV dynamics and navigation environment 
complexity, reducing the error up to 83cm (95th percentile). In contrast, VIO with VO error compensation has 

performed better by compensating error before fusion, allowing the ESKF model to linearise only corrected sensor 
data. Integrating combination of VO and KF compensations mechanism significantly mitigate the data and model 

uncertainty arising from such fault sources and improved overall performance.  The key finding is that the position 
error in RMSE is reduced up to 78% compared to hybrid SOTA methods i.e. end-to-end VIO.  

5. CONCLUSION 

This study demonstrated a proposed multi-ML hybrid VIO fusion framework using sensor data from IMU and 

camera to significantly reduce position uncertainty and improve performance. The framework incorporates GRU-
based error compensation models that are trained to account for both epistemic and aleatoric uncertainty. To prove 
the benefits of the proposed approach, a series of experiments are conducted to evaluate the system performance 

under visual sources of uncertainty such as feature extraction error, feature tracking error, data association error, 
mismatch in dynamic and imperfect modelling. The testing and training datasets include realistic failure modes 

and fault factors presents in urban environments. The experimental results indicate that the proposed framework 
captures the increased position uncertainty in instances where sensor data is corrupted, or the model is imperfect. 

For example, test 2 demonstrates the frameworks’ ability to handle uncertainty arising from the limited visuality 
of features, reflection, shadow, and flight dynamics. Despite more complex flight dynamics and noisy sensor in 
test 2, position uncertainty is reduced by 64% for VIO with VO error compensation, 66% for VIO with KF error 

compensation and 72% for multi-ML hybrid VIO (95th percentile). VIO with VO error compensation and VIO 
with KF error compensation perform well in both tests, but its effectiveness is varying based on navigation 

scenarios and flight dynamics. In less complex environment, the improvement is significant, with 81% and 80% 
reduction of position uncertainty respectively. However, performance degradation is observed in navigation under 
unseen fault conditions e.g. test 2.  Nevertheless, the presence of outliers due to limited visibility and rapid angular 

motions introduce uncertainty in both data and model, which has been effectively minimized error distribution, 
with a peak between 0-4 m in horizonal axis. Importantly, while the framework can compensate for introduced 

errors, it may not repair or predict lost features, which remains a limitation in scenarios where critical features are 
completely missing. Test 1 exhibits better overall performance compared to test 2, as it involves less complicated 
scenarios and faults most closely aligned with those present in training data. Among the hybrid architectures VIO 

with VO error compensation outperforms VIO with KF error compensation. This is because the KF error 
prediction relies on ESKF model, which struggles to adapt to the complex dynamics and unable to linearise error 

states, leading to performance degradation. In contrast, compensating VO measurements before fusion provides 
more accurate input data for ESKF, allowing it to focus on linearising less complex noise and inaccuracies 

remaining in the data. Finally, the proposed multi-ML hybrid VIO demonstrates superior adaptability and 
performance in urban environments with various fault factors, effectively reducing aleatoric uncertainty within 
seen and unseen scenarios. It improves overall performance by 87% in test 1 and 54% in test 2 when compared to 

traditional ESKF-based VIO. In summary, the combined performance and uncertainty gain estimates reveal the 
proposed framework is capable of reducing position uncertainty under possible realistic complex urban 

environments, ensuring safe and uninterrupted flights for UAM application. To further enhance performance, 
incorporating another sensor may help reducing vertical drift. Future work will be focusing on predicting 
uncertainty from model-based error compensation module using Monto Carlo sampling, providing an additional 

level of confidence to ensure operational safety.  
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