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Enhancing UAV Autonomy and Path Optimization Through SBAS
and Visual-Inertial Odometry

Mejora de la autonomia de UAYV y optimizacion de trayectorias
mediante odometria visual-inercial integrada con SBAS

Vengatesan Arumugam?, and Vasudevan Alagumalai?

ABSTRACT

Unmanned Aerial Vehicles (UAVs) have become indispensable in fields such as disaster response, precision agriculture, environmental
monitoring, and surveillance. Their ability fo navigate complex and dynamic environments makes them essential for autonomous op-
erations. However, ensuring accurate and reliable state estimation remains a significant challenge, particularly in GPS-denied environ-
ments, where traditional navigation systems suffer from drift, localization errors, and trajectory inconsistencies. Addressing these limita-
fions is crucial for improving UAV autonomy and operational efficiency. This study aims fo enhance UAV autonomy and trajectory
optimization by integrating a Satellite-Based Augmentation System (SBAS) with monocular visual-inertial odometry (VIO) within a factor
graph optimization framework. The proposed methodology fuses visual and inertial sensor data, incorporating state constraints and
prior knowledge to improve localization accuracy, reduce driff, and manage uncertainty. Experimental evaluations were conducted
under different path optimization conditions to assess system performance. Results show that Path 1 achieved the highest optimization
score of 0.481, Path 2 showed moderate optimization at 0.130, while Paths 3, 4, and 5 exhibited minimal improvements, with scores of
-6.176, -0.041, and -0.113, respectively. These findings confirm the effectiveness of the proposed approach in optimizing UAV frajec-
fories and enhancing real-time navigation accuracy. The study concludes that integrating SBAS with VIO significantly enhances UAV
state estimation, offering a promising solution for autonomous aerial operations in both indoor and outdoor environments. This ap-
proach provides a robust and scalable framework for improving UAV navigation in critical applications, ensuring greater reliability
under GPS-denied conditions.
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RESUMEN

Los vehiculos aéreos no tripulados (UAV) se han vuelto indispensables en campos como la respuesta a desastres, la agricultura de
precisién, la monitorizacion ambiental y la vigilancia. Su capacidad para navegar en entornos complejos y dindmicos los hace esen-
ciales para las operaciones auténomas. Sin embargo, garantizar una estimacién de estado precisa y fiable sigue siendo un reto
importante, especialmente en entornos sin GPS, donde los sistemas de navegacién tradicionales sufren desviaciones, errores de lo-
calizacién e inconsistencias de trayectoria. Abordar estas limitaciones es crucial para mejorar la autonomia y la eficiencia operativa
de los UAV. Este estudio tiene como objetivo mejorar la autonomia de los UAV y la optimizacion de trayectorias mediante la integra-
cién de un Sistema de Aumentacién Basado en Satélites (SBAS) con odometria visual-inercial monocular (VIO) dentro de un marco
de optimizacién de grafos de factores. La metodologia propuesta fusiona datos de sensores visuales e inerciales, incorporando res-
tricciones de estado y conocimiento previo para mejorar la precisién de la localizacién, reducir las desviaciones y gestionar la incer-
fidumbre. Se realizaron evaluaciones experimentales bajo diferentes condiciones de optimizacién de trayectorias para evaluar el
rendimiento del sistema. Los resultados indican que la Ruta 1 logrd la puntuacion de optimizacién mds alta, con 0,481; la Ruta 2 mostrd
una optimizacién moderada con 0,130; mientras que las Rutas 3, 4 y 5 exhibieron mejoras minimas, con valores de -6,176, -0,041 y
-0,113, respectivamente. Estos hallazgos confirman la eficacia del enfoque propuesto en la optimizacién de trayectorias de UAV y la
mejora de la precision de la navegacion en tiempo real. El estudio concluye que la integracidn de SBAS con VIO mejora significati-
vamente la estimacion del estado de los UAV, ofreciendo una solucién prometedora para operaciones aéreas auténomas en entor-
nos interiores y exteriores. Este enfoque proporciona un marco robusto y escalable para mejorar la navegacién de UAV en aplicacio-
nes criticas, garantizando una mayor fiabilidad en condiciones de denegacién de GPS.

Palabras clave: vehiculos aéreos no tripulados (UAV), odometria visual-inercial (VIO), sistema de aumentacion basado en satélites
(SBAS), optimizacién mediante grafo de factores, precision de localizacién, navegacion en entornos sin GPS
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Introduction

In recent years, unmanned aerial vehicles (UAVs) have become
increasingly prominent across a wide range of applications, includ-
ing search and rescue, agriculture, environmental monitoring, and
infrastructure inspection. Their ability to access remote areas and
collect real-time data has proven invaluable, particularly during
emergencies [1], [2]. The global UAV market is expected to grow
from 5.42 million units in 2024 to 7.51 million by 2029, reaching
USD 48.5 billion at a compound annual growth rate (CAGR) of
9.9%. With the rapid adoption of UAVs, accurate and reliable nav-
igation has become critical, especially in GPS-challenged and GPS-
denied environments. In this context, visual-inertial odometry
(VIO) offers reliable pose estimation by fusing visual and inertial
data, while complementary technologies such as GPS and light de-
tection and ranging (LIDAR) further enhance localization perfor-
mance [3].

Positioning techniques are broadly classified as indoor or outdoor
according to the sensing technologies employed. Indoor systems
commonly use Wi-Fi, Bluetooth, and infrared sensors, whereas
outdoor systems primarily rely on GPS and visual-inertial ap-
proaches. Recent advancements such as satellite-based augmenta-
tion systems (SBAS) enhance outdoor positioning accuracy by ap-
plying global error corrections, thereby supporting applications
like autonomous navigation and precision agriculture [4]. Con-
versely, in indoor environments where GPS signals are ineffective,
alternative technologies such as VIO, LiDAR, and ultra-wideband
(UWB) systems are required to achieve accurate localization,
which is essential for navigating cluttered spaces with a high risk
of collision [5].

Simultaneous localization and mapping (SLAM) algorithms remain
a predominant technique for UAV positioning, as they enable real-
time mapping and position estimation based on environmental fea-
tures [6]. However, in feature-sparse environments, conventional
SLAM methods are prone to drift accumulation and reduced ac-
curacy. To address these limitations, researchers are exploring ad-
vanced techniques including feature enhancement, sensor fusion,
and deep learning-based optimization to improve SLAM robust-
ness [7], [8]. Signal-based processing technologies such as Blue-
tooth, Wi-Fi, GNSS, and UWB complement localization efforts
but present limitations, including susceptibility to interference [9].
Approaches leveraging global coordinate systems help mitigate cu-
mulative errors, ensuring reliable localization for autonomous nav-
igation and mapping. Additionally, advanced filtering methods such
as Kalman and particle filters enhance estimation accuracy and ro-
bustness of localization, particularly in complex environments

[10].

This study classifies UAV positioning techniques into indoor and
outdoor categories and proposes a framework to improve UAV
positioning accuracy and reliability. Recent advances in monocular
VIO have enhanced UAV localization and odometry performance.
For instance, online standardization of camera—ground symmetry
parameters has been reported to have achieved ground VIO er-
rors of 1.196% and 0.256 on Urban 22 Highway, and 1.934% and
0.251 on Urban 25 Highway [ I]. A georeferenced map-aided VIO
system was developed in [12], attaining positional errors below 4
m at 100 m altitude and under 9 m at 300 m in GPS-denied envi-
ronments.

An event-driven VIO method that processes only relevant sensor
events, thereby enhancing computational efficiency, drone stabil-
ity, and accuracy during flight was introduced in [13]. In [14], a
monocular camera-based depth estimation approach (Mono-

Hydra) was adopted, achieving a depth prediction accuracy within
20 cm. A robust monocular odometry algorithm was designed in
[15] to assess real-time scale deviation likelihood, ensuring reliable
performance under challenging conditions. The study demon-
strated the feasibility of GNSS-free, vision-based localization, high-
lighting its accuracy in GPS-denied environments and the potential
benefits of integrating LIDAR for improved path planning. Graph
and geodesic-based loss functions were introduced in [16] to en-
hance visual odometry performance and optimize pose estimation
in complex scenarios. The limitations of VIO algorithms were ad-
dressed by developing the S-MSCKF algorithm, which improved
robustness and accuracy under variable conditions.

Researchers in [17] focused on enhancing line detection speeds,
which are critical for maintaining real-time tracking in dynamic en-
vironments. Meanwhile, [18] addressed rotational drift issues, en-
suring consistent orientation tracking for better navigation accu-
racy. Super odometry was proposed in [|9], offering resilient state
estimation in difficult terrains while contributing to the team ex-
plorer's success in optimizing path accuracy. In [20], BEV-SLAM
was proposed, incorporating occlusion reasoning to improve en-
vironmental mapping and spatial representation. A landing site de-
tection system that significantly enhanced temporal efficiency for
autonomous aerial vehicles is presented in [21]. Event Boost is
introduced in [22], combining event-image fusion to improve lo-
calization accuracy by 24.33% with minimal latency. Finally, sub-
stantial reductions in computational load (53.7%) and latency
(49.4%) were achieved through optimized processing techniques,
boosting performance in resource-constrained environments. Fac-
tors such as the susceptibility of vision and VIO systems to envi-
ronmental disturbances — including precipitation, airborne parti-
cles, and illumination variability — lead to reduced image contrast,
motion blur, feature mismatch, and sensor noise, ultimately de-
grading localization and navigation performance. This discussion
further justifies the necessity of robust state-based augmentation
strategies, as adopted in [23].

According to the literature reviewed above, and based on the
identified research gap, the following research hypothesis and ob-
jectives have been formulated. Although recent developments in
UAV positioning have improved accuracy using techniques such as
VIO and SBAS, challenges persist in GPS-denied environments due
to drift, localization errors, and insufficient adaptation to complex
conditions. This research gap motivates the investigation into in-
tegrating SBAS with monocular visual-inertial odometry to en-
hance UAV navigation reliability. It is hypothesized that the pro-
posed SBAS-VIO framework will significantly reduce drift and im-
prove localization accuracy in both indoor and outdoor settings
by incorporating state constraints and prior knowledge within a
factor graph optimization structure. To test this hypothesis, the
objectives are: (1) design and implement a novel SBAS-VIO inte-
gration scheme, (2) quantitatively evaluate its performance across
different environmental scenarios, and (3) compare its effective-
ness against conventional navigation methods.

Materials and methods

Fig. | shows the physical setup configuration of a quadcopter
drone from multiple angles, emphasizing its structure. The drone
features a standard quadcopter frame with four propellers, ensur-
ing stability and control during flight. At the top of the drone, a
white box houses essential sensors, likely including a camera and
an inertial measurement unit (IMU), which collect critical environ-
mental and motion data for navigation. Power is supplied by the
orange and blue batteries visible in the figure, which power both
the flight systems and onboard electronics.
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Figure |. Physical setup of the UAVs

Source: Authors
Proposed methodology

The input system provides an overview of the IMU arrangement,
as illustrated in Fig. 2. The process begins with sensor inputs,
where a monocular camera captures visual data and the IMU rec-
ords acceleration and angular velocity. Visual features are ex-
tracted using ORB or SIFT, while the IMU data is pre-integrated
over short intervals. These features are then matched across
frames to estimate the UAV’s relative pose. The synchronization
of monocular and IMU data ensures accurate state estimation.

The factor graph system integrates camera and IMU data to refine
state estimation after alignment. It consists of various node types
representing system components at specific timestamps. Camera
pose nodes define the estimated location and orientation using
structure-from-motion, linking visual and inertial data through
camera projection and the IMU factor. Environmental features are
represented as 3D landmark nodes, which are refined using ob-
served image points. IMU velocity nodes estimate camera motion,
while IMU bias nodes account for sensor inaccuracies and are op-
timized over time.

The final system is structured around a factor graph framework
that defines overall workflow. The camera captures image se-
quences, detects and tracks key points across frames, and aligns
them with IMU data to form camera—IMU factors within the graph.
This representation encodes constraints among states such as
poses and 3D landmarks. As new visual and inertial data become
available, the optimization process continuously refines state esti-
mates, improving the accuracy and robustness of the system.

Input system

The drone body defines the base frame (X, Y, Z). The camera
(red) captures visual data with its Z-axis oriented outward, the X-
axis to the right, and the Y-axis downward. The IMU (transparent
cube) measures acceleration and angular velocity. Transfor-
mations between the camera, IMU, and base frame ensure accu-
rate sensor fusion for pose estimation. Camera poses are
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estimated for each frame to triangulate 3D points, and the align-
ment is refined by integrating visual and inertial constraints within
the factor graph.

Perception and sensing system

Monocular visual-inertial odometry (VIO) is a key method for ac-
curate UAV localization and mapping. It estimates the UAV’s pose
and motion by fusing inertial data from an IMU with visual data
from a single camera. These sensor relationships are efficiently
modeled using a factor graph framework, which enables enabling
optimized and reliable trajectory estimation [24].

Problem definition: The challenge lies in fusing heterogeneous sen-
sor data for UAV state estimation. Visual measurements from a
monocular camera, obtained through feature tracking, provide rel-
ative motion information between consecutive frames, while the
IMU supplies angular velocity and linear acceleration data. Given
these noisy observations, the objective is to estimate the UAV’s
pose (rotation R and translation T) and velocity v at each time step.

State representation: The state of the UAV at each time step t is
represented in (I) [25]:

Xt = [Rt' T, Vt] (N

where Rt is a rotation matrix representing orientation, Tt is the
translation vector, and Vt is the velocity vector. Additionally, IMU
biases for accelerometer and gyroscope ba: and bg are estimated
as part of the augmented state [26], as shown in (2):

X = [Rtth: Vi, bag, bgt] (2)
Decision system

The system as a whole is represented by the factor graph's nodes,
which correspond to states at various time steps, and edges, which
encode measurement-based constraints between states. Each
node in the graph represents the UAV's state at a given time t.

Inertial factor: These factors are derived from IMU measurements
of linear acceleration a and angular velocity w. They describe how
the system state evolves according to the dynamics model, typi-
cally based on Newton's laws, as expressed in (3):

Xey1 = f(Xp ag, wp, AL) (3)

Visual factors: These arise from observations of visual landmarks
(features) within the camera's field of view. The monocular camera
provides 2D projections of 3D landmarks, and the corresponding
measurement equation is based on the perspective projection
model given in (4):
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Fig. 2. Schematic representation of the proposed system.

Source: Authors.

Zy = h[(Re, Ty, Py) + 1yl 4)

where Zt is denoted by pixel measurement, Pi is the 3D position
of a landmark in the environment, and nt is the measurement
noise.

IMU preintegration factor: These models show how IMU meas-
urements are integrated over time, accounting for noise and biases
to constrain successive poses [27]. The preintegration residual is
expressed in (5):

Riyy = Preintegrate [a;, wy, At) — f(X)]  (5)
This factor links two consecutive states X; and X; 4

Visual reprojection factor: These link the system state to the ob-
served features, as expressed in (6):

Ryision =2t — h [Rt;Tt' Pi] (6)

The reprojection error compares the actual visual measurement
Zt with the predicted 2D location of landmark Pi

Optimization objective: The factor graph formulation leads to an
optimization problem in which the goal is to minimize the residuals
(errors) from both the inertial and visual factors [28]. The cost
function is expressed in (7):

Minimize ¥t || Riyy (Xe, XewDI1? + Ze [ Ryision (Xe) ||2(7)
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Pose estimation and trajectory: This non-linear optimization prob-
lem is solved using methods such as Levenberg-Marquardt algo-
rithms, yielding the best estimate for the UAV’s trajectory and
other states.

The final output of this factory graph-based VIO system is a set of
optimized poses and velocities Xt, representing the UAV’s trajec-
tory over time. This trajectory can be used for real-time UAV
control and navigation.

Visual-inertial odometry (or) SLAM algorithm

Proposed algorithm |

Step I: Initialize VIO parameters
Step 2: Create a structure to stores status information
Step 3: Set the initial scene median depth
Depth = 4;
View ID = 0;
Removed Frame ID = [];
All Camera Tracks = cell (1,5000);
Configure the factor graph to optimize the tightly cou-
pled back-end:
Max Frames= 10000;
Max Landmarks=100000;
Generate node identifiers:
Ids = helper Generate Node ID (fg. Max Frames x Max Land-
marks);
Step 4: Create the point tracker to track salient feature points
across multiple frames:

Tracker = vision. Point Tracker (...MaxBidirectionalError =

params. KLT_ BiErr, ..NumberPyramidlLevels = params.
KLT_Levels, ...Block Size=params. KLT_Block);

4 B



Use the helper class helperFeaturePointManager to maintain
key point tracks. Fp Manager = helperFeaturePointManager
(Data. Intrinsics, params, MaxFrames, MaxLandmarks);
Step 5: Set up the key point detector.
FpManager. DetectorFunction = @(l) helper Detect
Key Points (I); Create an image view set to maintain
frame poses.
Step 6: Specify the first and last frames to process from the data
set.
Step 7: Process the first frame. % IMU data is available starting
from frame number 40 in the data set, startFrame Idx = 40;
Step 8: Percentage index of the last frame to process in this
example.
Step 9: For a reasonable % example execution time, process
frames up to sframe 1000 of the data set. End Frame Idx =
1000;
Step 10: Define the set of frame IDs:
AllFrame IDs = startFrame |dx: endFrame ldx.

Output system

Figs. 3(a) and (b) illustrate a 3D visualization or an indoor struc-
ture resembling a subway station. The images show clear, parallax
between keyframes. The red-cyan coloring suggests that the visu-
alization is presented as an anaglyph image, commonly used for 3D
rendering. When viewed with red—cyan 3D glasses, the overlap-
ping areas allow for the perception of depth.

Algorithm 2

Step I: Initialize the current frame index and start reading im-
ages.CurrentFrame Idx = startFrameldx while ~status.isMaplIn-
itialized & currentFrame ldx < endFrame ldx

Step 2: Read the image data captured by the camera for the
current frame. | = data. images {current Frame Idx};
Step 3: Assign a unique view ID to each camera frame.
view ID = view ID + [;

Step 4: Equalize, and undistort the images

| = helper Process Image (I, params, data. intrinsics);
Step 5: If status is the first frame, detect new key points, and
initialize the tracker
Step 6: For subsequent frames, perform feature tracking.

Current Points = create NewFeaturePoints (fpManager, |);
updateSlidingWindow (fpManager, |, currPoints, true (size
(currPoints, 1),1), view ID): initialize (tracker, currPoints, I);
first | = I; viewSet = addView (viewSet, view ID, rigidform 3d);
Step 7: Update the status flag.

Status is First Frame = false;

Additional benchmarking comparisons were conducted using well-
established algorithms. ORB-SLAM3 is a widely used mainframe-
based SLAM system that supports multi-map and multi-camera
setups. OKVIS (open keyframe-based visual-inertial SLAM) is an
optimization-based VIO method known for its high accuracy and
robustness. D* (dynamic A¥) is an adaptive global path-planning
algorithm designed for dynamic and partially known environments

[28].

Enough parallax between keyframes (a)

Figure 3. Camera-IMU alignment environment used in the experiment: (a) feature-
tracking image; (b) visualization of observed landmarks on features such as the ceil-
ing, floor, and pillars.

Source: Authors.

Results and discussion
Input system

A systematic sensitivity analysis was conducted to quantify the im-
pact of calibration errors on localization performance. Local pa-
rameter sweeps combined with a Monte Carlo protocol (500
runs) were used to evaluate localization RMSE, drift ratio, and
computational time.

Fig. 4 shows that camera—IMU extrinsic rotation and focal-length
biases have the greatest impact on localization accuracy, whereas
other intrinsic parameters have smaller but non-negligible impacts.
Calibration uncertainty is incorporated into the factor graph opti-
mizer through covariance inflation and Jacobian-based propagation
to reduce sensitivity. The resulting 3D point cloud is depth color-
coded and shows the estimated camera trajectory with an esti-
mated scale of 1.8529.
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| structure from motion

Estimated scale: 1.8529

Figure 4. Initial structure from motion.
Source: Authors.

The factor graph has been updated to include uncertainty-aware
edges and nodes, enabling the optimization process to explicitly
account for measurement confidence. An error propagation anal-
ysis was also incorporated to quantify how local estimation errors
accumulate across sequential graph nodes. Fig. 5(a) illustrates a 3D
plot of the UAV's estimated trajectory. The blue line represents
the algorithm's continuous estimation, while the red line highlights
the frames included in sliding window optimization. The yellow
marker indicates the UAV's most recent position, demonstrating
how the trajectory is updated incrementally using recent measure-
ments.

In Fig. 5(b), the estimated trajectory is displayed alongside land-
marks. The blue line traces the UAV's path, while red points con-
nect poses to form the factor graph. Purple dots denote 3D land-
marks identified by the UAV, showcasing the integration of envi-
ronmental features into trajectory estimation.

(a) Estimated trajectory

0~
4 .
2
/"‘f
- 2
3 5 <
-4 e . e 0
Estimated Trajectory 2P
— Sliding Window Frames v o a
Most Recent Frame — "'/(/6
4 ":’-,___“(/' -
6 8

(b)

Estimated trajectory and landmarks

Pose Node
Pose Edge
+ Landmark Node

Figure 5. Visualization of the trajectory estimation process for a UAV: (a) 3D esti-
mated trajectory; (b) estimated trajectory and landmarks.
Source: Authors.

Fig. 6(a) presents a top-down perspective of the trajectory and
landmarks. The blue line indicates the UAV's path, whereas the
purple dots represent landmarks, providing insight into their spa-
tial distribution and the UAV's mapping accuracy. Fig. 6(b) com-
pares the estimated trajectory with the ground truth. The green
line depicts the actual path, while the red line shows the estimated
trajectory.

(a) ) Estimated trajectory and landmarks
3
i .,,;}A-;I v 7 UAV path

— Landmarks

-10
1o -5 o] 5 10

(b)
0 |
Ground truth trajectory
[ ——————— Estimated trajectory
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\
-1 o~
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."‘I
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> i 10
o \“\ < =
> ,\\\ _‘/._/,- s
S e
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Figure 6. (a) Estimated trajectory for the top view; (b) ground truth
Trajectory.
Source: Authors
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Decision system

Fig. 7(a) showcases multiple spiral trajectories, with distinct colors
representing various paths (e.g., red for Path | and blue for ground
truth pose |). The visualization highlights discrepancies between
estimated and actual positions.

Fig. 7(b) shows additional layers of these spiral paths, suggesting
further iterations or an expanded field of view. The figure illus-
trates how paths evolve spatially, with increasing discrepancies be-
tween estimated and ground truth positions as the paths extend
outward. This trend likely reflects the accumulation of positional
errors over time.

(a) —#— PATH 1
—=®— Groundtruth pose 1|
—A— PATH 2
~—v—— Groundtruth pose 2|
—&— PATH3
~—<— Groundtruth pose 3|
—»— PATH 4
—=®— Groundtruth pose 4/
—*— PATH 5§

®) —=—PATH 1

—&— Groundtruth pose 1
—A— PATH 2
—v— Groundtruth pose 2
—&— PATH 3
~<4— Groundtruth pose 3
—»— PATH 4

Figure 7. Trajectory pathway for concentric spirals (a) datasets range from 1 to 100,
and (b) datasets range from 101 to 200.
Source: Authors.

Output system

The performance of the proposed system was evaluated using the
following metrics: localization error (m), defined as the average
and maximum positional deviation between the estimated robot
trajectory and the ground-truth path; drift ratio (%), defined as the
percentage drift accumulated per meter traveled, quantifying long-
term trajectory consistency; and computational time (ms), defined
as the average processing time per frame/iteration, indicating the
real-time capability of the proposed method. Tables | and 2 pre-
sent the final ground truth positions (X, Y) obtained from 10 path
planning optimization trials across two distinct scenarios. Each

path represents a distinct optimization method, and the tables re-
port the UAV's final positions at the end of each trial.

Table 1. Path planning optimization for the 10 experiments in trail 1.

Path | Path 2 Path 3 Path 4 Path 5
Final ground | Final ground Final ground Final ground Final ground
truth poses truth poses truth poses truth poses truth poses

X Y X Y X Y X Y X Y

-0.29 34 | -1.30 64 | -0.28 | 21 -0.45 24 | -0.66 | 29.25
-0.30 35 | -1.30 65 | 029 | 21 -0.45 24 | -0.84 | 2930
-0.30 35 | -1.30 66 | -029 | 21 -0.45 25 | -1.01 29.36

-0.31 36 | -1.30 66 | -030 | 22 -0.45 25 | -1.20 | 294l

-0.32 36 | -1.30 67 | -0.30 | 22 -0.45 26 | -1.37 | 29.48

-0.33 36 | -1.30 68 | -0.30 | 22 -0.45 26 | -1.56 29.53

-0.33 37 | -1.30 69 | -030 | 23 -0.45 26 | -1.73 | 29.6

-0.34 37 | -1.30 70 | -032 | 23 -0.45 27 | -1.90 | 29.66

-0.35 38 | -1.30 71 -032 | 23 -0.45 27 | -2.08 | 29.7

-0.36 38 | -1.30 72 | -033 | 24 -0.45 28 | -2.35 29.72

Table 2. Path planning optimization for the 10 experiments in trail 2.

Path | Path 2 Path 3 Path 4 Path 5
Final ground Final ground Final ground Final ground Final ground
truth poses truth poses truth poses truth poses truth poses

X Y X Y X Y X Y X Y

-0.08 2.35 -0.06 1.73 1.96 0.31 0.0l 0.32 0.03 0.4

-0.10 2.82 -0.09 231 7.16 0.62 0.02 0.65 0.16 0.9

-0.11 3.29 -0.11 289 | -0.01 0.94 0.04 0.96 0.24 1.4
-0.14 3.76 -0.14 3.47 | -0.01 1.25 0.05 129 0.21 1.9
-0.16 4.23 -0.16 | 4.06 | -0.02 1.57 0.06 1.60 0.18 2.5
-0.18 4.70 -0.11 479 | -0.02 1.88 0.07 1.93 0.15 3.0

-0.19 5.17 -0.07 | 553 -0.03 2.19 0.09 2.24 0.13 35

-0.21 5.64 -0.03 6.26 | -0.03 2.50 0.04 2.65 0.13 4.0

-0.22 6.11 0.02 7.03 -0.03 2.82 -0.01 3.07 0.13 4.6

-0.24 6.59 -004 | 7.73 -0.03 3.13 -0.06 3.48 0.13 5.1

Source: Authors.

Complete system discussion

For the complete system evaluation, both optimization and non-
optimization experiments were conducted. The overall perfor-
mance metrics of the system are summarized in Table 3. The re-
sults obtained from UAV localization based on SBAS were ana-
lyzed to evaluate the overall efficiency achieved under each opti-
mization configuration. The cumulative values of the first five ex-
perimental trials are presented in Table 4.

Cumulative Sum Results (First Five Values) in Table |

Path I: X:-0.29, -0.59, -0.89, -1.20, -1.52 and Y: 34, 69, 104, 140,
176. Path 2: X: -1.30, -2.60, -3.90, -5.20, -6.50, and Y: 64, 129, 195,
261, 328. Path 3: X: -0.28, -0.57, -0.86, -1.16, -1.46, and Y: 21, 42,
63, 85, 107. Path 4: X: -0.45, -0.90, -1.35, -1.80, -2.25, and Y: 24,
48, 73, 98, 124. Path 5: X: -0.66, -1.50, -2.51, -3.71, -5.08, and Y:
29.25, 58.55, 87.91, 117.32, 146.8

Table 2, (First Five Values)

Path |: X: -0.08, -0.18, -0.29, -0.43, -0.59, and Y: 2.35, 5.17, 8.46,
12.22, 16.45. Path 2: X: -0.06, -0.15, -0.26, -0.40, -0.56, and Y: 1.73,
4.04, 6.93, 10.40, 14.4. Path 3: X: 1.96,9.12, 9.11, 9.10, 9.08, and
Y:0.31,0.93, 1.87,3.12, 4.69. Path 4: X: 0.01, 0.03, 0.07, 0.12, 0.18,
and Y: 0.32, 0.97, 1.93, 3.22, 4.82. Path 5: X: 0.03, 0.19, 0.43, 0.64,
0.82,Y:04,1.3,27,46,7.1.
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Table 3. Overall comparison for the path optimized value.

Path X Reduction (Improved Stability) Y Increase (Optimized
Progression)
Path | From -1.52 to -0.59 (Optimized) From 176 to 16.45

(More precise path)
From 328 to 14.46
(Reduced inefficiency)
From 107 to 4.69
(Improved control)
From 124 to 4.82
(Smaller movement)
From 146.80 to 7.1
(Stable increase)

Path 2 From -6.50 to -0.56 (Optimized)

Path 3 From -1.46 to 9.08 (Less optimal)

Path 4 From -2.25 to 0.18 (More precise)

Path 5 From -5.08 to 0.82 (Efficient pathing)

Table 4. Path planning optimization efficiency.

Path X Reduction Y Increase | Total efficiency score
efficiency efficiency
Path | 0.388 0.093 0.481
Path 2 0.086 0.044 0.130
Path 3 -6.2 0.044 -6.176 (less optimal)
Path 4 -0.08 0.039 -0.04 1 (minimal improve
Path 5 -0.161 0.048 -0.113(balanced,
but not highly optimized)

Source: Authors.

The findings of this research are consistent with previous litera-
ture, confirming that the integration of SBAS with monocular VIO
within a factor graph optimization framework enhances UAV tra-
jectory optimization and state estimation. Path | achieved the
highest optimization score of 0.481, confirming the effectiveness
of the proposed method, while Path 2 showed moderate improve-
ment at 0.130. Compared to conventional approaches, SBAS sig-
nificantly improves localization accuracy and reduces drift, con-
sistent with findings reported in [4] and [I 1]. Unlike Kalman filter-
based techniques, the proposed framework mitigates sensor noise
and initialization errors, leading to more stable UAV navigation.
Furthermore, it outperforms event-driven and deep learning-
based odometry methods by integrating global state constraints
while maintaining computational efficiency.

Additionally, this study confirms that the SBAS-VIO approach sur-
passes GNSS-free localization methods [15] by reducing drift and
improving accuracy. Compared to the D* algorithm for UAV path
planning [29], the proposed method integrates real-time satellite
corrections, enhancing trajectory stability. While LIDAR-based ap-
proaches [19] offer robustness, the proposed monocular setup
provides a scalable, cost-effective alternative. The factor graph-
based optimization ensures computational efficiency while main-
taining high accuracy [30]. Future research should explore the in-
tegration of LIDAR sensors and deep learning models to improve
environmental perception. Large-scale real-world testing is essen-
tial to validate scalability across various operational conditions
[31]. This study provides a strong foundation for advancing UAV
autonomy in GPS-denied environments.

Conclusions

This research investigated the application of UAVs across various
domains, including defense and security, agriculture, medical ser-
vices, factory monitoring, and wildlife observation. A novel ap-
proach to SBAS for UAVs is introduced by integrating a factor
graph architecture with monocular VIO. A key contribution of this
study is the path planning optimization, which enhances real-time
performance, accuracy, and robustness in UAV pose estimation
and trajectory planning. The proposed methodology effectively en-
ables SBAS-based factor graph optimization for both indoor and
outdoor environmental monitoring. It integrates with fixed cam-
eras installed on floors, ceilings, and pillars to support UAV navi-
gation. Additionally, the approach utilizes a SLAM algorithm to

ensure accurate image capture and obstacle avoidance along dif-
ferent pathways. Optimization results indicate that Path | achieved
the highest optimization score (0.481), making it the most efficient.
Path 2 exhibited moderate optimization (0.130), while Path 3
showed the least optimization (—6.176). Path 4 (—0.041) and Path
5 (=0.113) demonstrated minimal improvements. Based on these
findings, Path | was determined to be the most optimized route.
The input system comprises UAV cameras, an IMU, and a base
coordinate system (X, Y, Z). The IMU measures acceleration and
angular velocity, providing essential inertial data for accurate posi-
tion and orientation determination. The perception and sensing
system processes sensor inputs, encompassing data collection,
graph optimization, and synchronization between the monocular
camera and IMU, ensuring precise state estimation. The decision
system updates the UAV's state by tracking feature points using
the UAV camera, which is linked to a pose node via a factor graph
camera model in SE(3) and XYZ object coordinates, improving
trajectory accuracy and mapping reliability. The output system
continuously refines optimization estimates using real-time data
from the camera and IMU, enhancing overall system performance
and adaptability. The complete system was implemented and eval-
uated based on SBAS-enabled factor graph environmental moni-
toring, with experimental results demonstrating that the proposed
approach optimizes UAV navigation, particularly in path selection.
The results confirm that SBAS-VIO enhances state estimation ac-
curacy, with Path | achieving the highest optimization score of
0.481. The factor graph structure optimizes trajectory planning by
incorporating global corrections and sensor constraints, ensuring
stable UAV navigation. Compared to traditional Kalman filter and
deep learning-based methods, the proposed approach reduces lo-
calization drift and computational complexity. The research hy-
pothesis that SBAS-VIO integration improves UAV navigation ac-
curacy in GPS-denied environments is accepted. Key benefits in-
clude improved localization accuracy, enhanced trajectory optimi-
zation, scalability, and reduced computational overhead. Identified
limitations include dependence on sensor calibration, challenges in
highly dynamic environments, and the absence of LiDAR integra-
tion. Future research should explore multi-sensor fusion, incorpo-
rating LIDAR and deep learning models, to enhance perception
and adaptability. Real-world testing is essential to validate robust-
ness in diverse operational scenarios. This study provides a strong
foundation for UAV navigation advancements, ensuring greater au-
tonomy in GPS-denied conditions.

List of Abbreviations

SBAS - Satellite-Based Augmentation Systems
UAVs - Unmanned aerial vehicles

VIO - Visual-Inertial Odometry

IMU - Inertial Measurement Unit

GPS - Global Positioning System

RTK GPS - Real-Time Kinematic Global Positioning
System

SLAM - Simultaneous Localization and Mapping
GNSS - Global Navigation Satellite System
UuwBs - Ultra-Wideband

ORB - Oriented FAST and Rotated BRIEF
FAST - Features from Accelerated Segment Test
BRIEF - Binary Robust Independent Elementary Features
SIFT - Scale-Invariant Feature Transform

SFM - Structure from Motion
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