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Abstract
This paper presents a seamless indoor-outdoor localization approach for autonomous mobile robots by integrating multiple
technologies: Ultra-Wideband (UWB) for high-precision indoor positioning, Global Positioning System (GPS) for outdoor
global navigation, odometry for detailed granularity, and an Inertial Measurement Unit (IMU) for responsive motion tracking.
The method employs loosely coupled Extended Kalman Filters (EKFs) to fuse these data sources, dynamically adjusting
based on signal quality to ensure continuous and reliable localization in transition areas. Through extensive validation in
simulation environments, the proposed system demonstrates the ability to mitigate the challenges posed by incomplete
localization coverage in indoor-outdoor transition zones. The results show significant improvement in localization accuracy,
enabling safer and more efficient robot navigation across diverse environments. Quantitative comparisons with recent studies
demonstrate that our method achieves localization performance similar to tightly-coupled approaches, yet with significantly
lower computational complexity, simpler implementation, greater flexibility in sensor integration, and enhanced robustness
to individual sensor failures.

Keywords Localization · Sensor fusion · Indoor-outdoor · Sensor handover · Kalman filter

1 Introduction

Modern robotic systems such as ground robots, autonomous
vehicles and drones, has accelerated across various domains,
including industrial automation, healthcare, education and
domestic applications. As these systems grow more sophis-
ticated, ensuring reliable and precise localization becomes
essential to safety, efficiency, and robust navigation [1].
Despite significant advances in sensor and computing tech-
nologies, localization remains a multifaceted challenge due
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to varying environmental conditions and the specific require-
ments of each application.

In the last decade, numerous localization techniques have
been developed for both indoor and outdoor environments.
In outdoor scenarios, Global Navigation Satellite System
(GNSS) is widely considered one of the most reliable
technologies for global positioning. However, it faces signifi-
cant limitations in urban canyons, where Non-Line-Of-Sight
(NLOS) conditions and multipath propagation degrade per-
formance [2]. These challenges are even more severe in
complex indoor environments, whereGNSS signals are often
obstructed or entirely unavailable. To meet the pressing
demands for indoor localization, various specialized tech-
niques such as Received Signal Strength Indicator (RSSI),
UWB and Simultaneous Localization andMapping (SLAM)
have been developed. Although each approach has shown
promise, they also exhibit inherent drawbacks. For instance,
RSSI-based systems offer a simple and cost-effective solu-
tion by estimating the distance between a transmitter and
receiver based on signal strength and using a nonlinear
model. However, they strugglewith reduced accuracy and are
highly susceptible to noise, particularly in complex indoor
environments due to the multipath fading problem [3]. On
the other hand, UWB technology provides high-precision
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indoor positioning by leveraging wide bandwidth and effec-
tive multipath interference mitigation. Nevertheless, it incurs
high costs and limited range, especially in NLOS environ-
ments [4]. Lastly, SLAM techniques, primarily based on the
use of stereo camera or LiDAR sensors, enable the robot to
map unknown environments while simultaneously determin-
ing its own position but they suffer from error accumulation
and significant computational demands [5].

As a result, reliance on any single method fails to ensure
the performance one would expect from autonomous sys-
tems, especially across diverse environments [6, 7]. Indeed,
these standard approaches make the achievement of a seam-
less Indoor-Outdoor (IO) localization particularly difficult
in applications such as warehouse automation or smart
homes, which require continuous and smooth operations of
autonomous robots across both IO settings [8, 9]. In tran-
sitional zones, where no single localization method attains
its ideal accuracy, the development of robust, integrated
localization strategies is crucial to maintain both safety and
operational efficiency of autonomous systems. When par-
tial signal loss occurs, robots should be able to dynamically
adjust localization sources according to the environmental
changes, thereby preserving localization accuracy and relia-
bility.

To tackle this problem, we introduce the concept of local-
ization handover, which refers to the seamless transition
between distinct localization signals or methods—such as
those optimized for indoor and outdoor settings—to guaran-
tee uninterrupted and accurate positioning for mobile robots.
By dynamically evaluating signal quality, environmental
context, and accuracy requirements, localization handover
helps prevent disruptions and maintain robust navigation.
Realizing this concept involves twomain challenges: (i) miti-
gating abrupt signal transitions that can result in inaccuracies,
and (ii) identifying optimal switching conditions to balance
reliability and computational efficiency.

A promising avenue to address these challenges lies in
sensor fusion. By merging signals from multiple localiza-
tion systems—including GNSS, UWB, and other sensor
modalities—transitional zones can be bridged more effec-
tively [10, 11]. Fusing multiple signals helps mitigate each
system’s weaknesses: for instance, leveraging GNSS for
global reference in open spaces, UWB for accurate ranging
indoors, and relative sensors like odometry and IMUfor high-
frequency data. Various fusion algorithms, such as EKF [12],
Unscented Kalman Filter (UKF) [13], and Particle Filtering
(PF) [14], can be employed to combine these signals. Among
these, the EKF often provides a favorable balance between
accuracy, robustness, and computational demands, making it
well-suited for embedded mobile robotic platforms [15].

Building on these insights, this work introduces a novel
approach to the localization handover problem for mobile
robots navigating mixed IO environments. In particular, we

adopt an EKF-based loosely coupled sensor fusion frame-
work that synthesizes signals from UWB, GPS, odometry,
and IMU, thereby ensuring consistent and accurate localiza-
tion indoors, outdoors, and during transitions. Our method
dynamically adjusts fusion rates to reflect varying signal
qualities in real-time, thus enhancing positioning reliability.
By effectively integrating multiple localization technologies
and enabling adaptive behavior in transitional regions, the
proposed framework delivers a robust solution that meets
the needs of autonomous systems in increasingly complex
and dynamic environments. The remainder of this paper is
organized as follows: Section 2 reviews existing research
on localization technologies and seamless IO localization,
examining various approaches and their limitations. Section
3 provides a detailed description of the technical framework
underlying our proposed approach. Section 4 presents the
simulation validation conducted to assess the effectiveness
of our method. Finally, Section 5 offers concluding remarks
and discusses potential avenues for future work.

2 RelatedWork

2.1 Sensor Fusion for Enhanced Localization

Several studies have focused on the integration of various
localization systems using different types of sensor fusion
techniques to achieve precise localization.An in-depth exam-
ination [16] presents the use of an EKF alongside map
matching to significantly enhance navigation and tracking
accuracy in low-cost land vehicles in outdoor areas. This
approach effectivelymitigates someof the limitations of stan-
dalone GPS or Inertial Navigation System (INS) systems by
using their complementary strengths. Another study [17] uti-
lizes anUKF tomerge data from accelerometers, gyroscopes,
and encoders for precise mobile robot localization. This
method effectively combines two dead reckoning techniques,
reducing errors associated with single-method approaches.
However, cumulative positioning errors over time limit its
suitability for long-term localization. Further research [18]
and [19] demonstrates the use of PF to fuse data fromGNSS,
inertial sensors (such as MEMS-IMU) and other sensors in
applications of augmented reality and RPAS navigation in
outdoor areas. These methods significantly improve track-
ing and navigation accuracy and stability, although with
increased computational demands. Similarly, it is confirmed
in [15] that for mobile robot localization, PF surpasses EKF
in state estimation accuracy for nonlinear, non-Gaussian sys-
tems, though at a higher computational cost. To improve
indoor positioning, a federated derivative Cubature Kalman
Filter (CKF) [20] was developed, combining IMU and UWB
data. This approach optimizes computational efficiency and
accuracy while using Singular Value Decomposition (SVD)
to improve convergence stability.
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Previous studies adopted sensor fusion techniques to
enhance localization accuracy in individual scenarios. In
contrast, our proposed method targets seamless localization
between indoor and outdoor areas. The achievement of seam-
less integration depends on the effective integration of indoor
localization technologies with outdoor systems like GNSS.
Several studies have explored how different indoor position-
ing technologies can be harmoniously integratedwithGNSS,
paving the way for a smooth and seamless navigation expe-
rience in diverse environments (see Table 1 for a summary
of existing methods).

2.2 Localization Handover in IO environments

In [21], a system integrating INS, GNSS, and LiDAR was
developed to facilitate seamless navigation. The proposed

approach employs GNSS/INS for outdoor localization and
INS/LiDAR for indoor navigation, with modality switching
determined by evaluating the Horizontal Dilution of Preci-
sion (HDOP) value to assess GPS signal quality. Another
approach presented in [22] integrates GNSS/INS for outdoor
and Wi-Fi/INS for indoor navigation, using an EKF for data
fusion, with the transition between navigation modes guided
by GNSS signal quality metrics like Signal-to-Noise Ratio
(SNR) or Carrier-to-Noise Density (C/N0). Further work
in [23] combines GNSS and INS for outdoor navigation and
pairs INS with Locata, a terrestrial ranging technology for
indoor positioning, using a Federated Kalman Filter (FKF)
to fuse data from these systems. Furthermore, [24] proposed
a prototype for seamless IO infrastructure-free positioning
of pedestrians and vehicles, which uses GNSS-aided foot-
mounted IMU for outdoor localization, while relying on

Table 1 Summary of existing methods for seamless indoor-outdoor localization

Ref Year Platform Indoor Outdoor Handover Approach

[36] 2008 Customized1 WSN GNSS Signal quality assessment

[35] 2009 Smartphone Wi-Fi GNSS Loosely coupled (EKF); SNR-
based switching

[37] 2013 Smartphone Wi-Fi/MARG GNSS Loosely coupled (EKF)

[22] 2014 Customized2 Wi-Fi/INS GNSS/INS EKF-based integration; SNR
switching

[38] 2016 Smartphone Wi-Fi GNSS Context-based handover

[23] 2017 Customized3 Locata/INS GNSS/INS FKF-based integration

[2] 2017 Mobile Robot Terrestrial ranging/INS GNSS/INS Loosely coupled (FKF)

[34] 2018 Smartphone INS/MARG GNSS Loosely coupled (PF)

[39] 2019 Vehicle Visual odometry/Camera GNSS/INS Integrated w/ visual odometry

[24] 2019 Wearable Device IMU GNSS Loosely coupled, triggers on GNSS
accuracy indicators

[31] 2019 Mobile Robot UWB GNSS Loosely coupled, weighted fusion
algorithm

[21] 2020 Mobile Robot INS/LiDAR GNSS/INS Handover via HDOP

[40] 2021 Autonomous Vehicle LiDAR GNSS Loosely coupled, HDOP-based
transitions

[29] 2021 Mobile Robot UWB GNSS/INS Tightly coupled (EKF), uses
PPP/RTK

[41] 2023 Mobile Robot UWB GNSS Tightly coupled (Federated Filter)

[30] 2023 UGV UWB GNSS/INS Tightly coupled, two-step weight-
ing model

[28] 2023 UGV UWB/INS GNSS/INS Hybrid (ES-KF), dynamic fusion in
transition

[32] 2023 Vehicle UWB GNSS Loosely coupledw/Ceres optimiza-
tion

1 A custom semi-physical simulation platform
2 A custom hardware-based low-cost pedestrian navigation system
3 A custom hardware-based GNSS/INS/Locata integrated navigation system

123



   82 Page 4 of 19 Journal of Intelligent & Robotic Systems           (2025) 111:82 

IMU data for indoor localization. A loosely coupled sys-
tem facilitates seamless localization by utilizing a horizontal
position accuracy indicator from the GNSS receiver to detect
transitions and enable handover. However, LiDAR provides
accurate 3D mapping and object recognition capabilities,
but is constrained by its high cost, sensitivity to environ-
mental factors such as dust and smoke, and the need for
significant computational resources [25].WLAN technology
has drawbacks such as susceptibility to signal interference,
multipath propagation in which signals bounce off surfaces
causing errors, variability in signal strength due to envi-
ronmental changes or device density, and poor positioning
accuracy [26]. Pseudolite technology, like Locata, faces chal-
lenges such as interference and multipath effects [27]. The
high deployment and maintenance costs are also their signif-
icant drawbacks.

In response to these challenges, UWB has become a pop-
ular choice for indoor localization due to its high accuracy,
robustness against multipath interference, and fine time res-
olution. In [28], a system using UWB, GNSS, INS, and an
(ES-KF) was developed for seamless IO positioning. This
method employs tightly coupled UWB and INS for indoor
positioning and loosely coupled GNSS and INS for outdoor
positioning. In transitional areas, it dynamically fuses pre-
processed UWB ranging measurement with GNSS position
information. Similarly, the study presented in [29] intro-
duces a tightly integrated system combining GNSS, INS,
and UWB. To further increase accuracy, it uses Precise Point
Positioning (PPP) and Real Time Kinematic (RTK) with INS
for outdoor positioning. In transitional areas, it incorporates
carrier phase measurements as GPS distance measurements
alongside UWB ranging measurements to refine position-
ing, even when signals are partially blocked. In [30], a
tightly coupledPPP/INS/UWBpositioning systemwas intro-
duced. In contrast to previous studies, this approach relies
solely on UWB for indoor localization, supplemented by an
alternative processing step. It dynamically determines the
environment based on the geometric distribution of UWB
anchors and employs a two-step weighting model to enhance
UWB localization accuracy. Another framework, presented
in [31], employs an adaptive approach to fuse data fromGPS,
UWB, and Magnetic, Angular Rate, and Gravity (MARG).
This system also relies on UWB for indoor localization and
uses a weighted fusion algorithm to integrate positioning
data from different sources in transitional zones. Lastly, [32]
integrated GPS with UWB using the Ceres [33] optimiza-
tion framework, a nonlinear least-squares solver, to achieve
seamless and accurate localization in transitional zones.

While these studies have shown promising results for IO
localization by integrating various sensors and employing

different fusion techniques, methods like ES-KF [28] and
the nonlinear optimization algorithm in Ceres [32] demand
high computational loads and are resource-intensive. In
addition, tightly coupled approaches [28–30], which jointly
processing raw data from multiple sensors, make overall
performance highly sensitive to individual measurements—
errors or failures in a single sensor can significantly affect
the entire system. For instance, the approach in [29] applies
a unified EKF to jointly process raw GNSS pseudorange,
single-anchor UWB range measurements, and IMU data. By
coupling all these raw observations at the same estimation
level, it can achieve higher accuracy when each sensor is
functioning properly. However, if the single-anchor UWB
measurement degrades or becomes unreliable (e.g., blocked
line-of-sight or heavy multipath), the filter’s overall per-
formance deteriorates because it depends heavily on that
one range reading for indoor positioning. Furthermore, this
architecture complicates expansion or modification: adding
multiple UWB anchors or switching to a different ranging
technology typically requires substantial reconfiguration of
the core filter. Consequently, the lack of modularity and
scalability makes it challenging to adapt to new sensors
or dynamic conditions, as altering one component often
necessitates an extensive recalibration or redesign of the
entire system.Weighted fusion algorithms [31] relying solely
on certain quantifiable metrics of the current signal for
weight assignment lack dynamic state prediction and feed-
back mechanisms, making them unable to effectively handle
nonlinear system errors or adapt to dynamic environmen-
tal changes. The lack of historical data utilization prevents
effective state smoothing, which may lead to abrupt jumps
in positioning results. Moreover, methods [30–32] relying
solely on UWB for indoor positioning may face robust-
ness issues in challenging environments. Li et al. [30] is
highly dependent on pre-planned area recognition and pre-
cise anchor placement, limiting their adaptability in dynamic
or unknown environments. Furthermore, other loosely cou-
pled methods [31, 32] lack predictive mechanisms and do
not incorporate historical information for smoothing tran-
sitions. Meanwhile, approaches such as [24, 34, 35] focus
narrowly on signal-quality-based switchingwithout integrat-
ing motion models or hierarchical estimation structures.

Our approach addresses these limitations by leveraging
theEKF in a loosely coupledmanner to dynamically fuse data
from GPS, UWB, IMU, and odometry based on signal qual-
ity. By incorporating two relative localization data sources
(IMU, Odometry) as the foundation for fusion, our method
enhances robustness against individual sensor failures and
reduces computational load by avoiding the joint processing
of raw sensor data. The loosely coupled architecture provides
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modularity and scalability, allowing for easy adaptation to
new sensors or changing conditions without necessitating
extensive system redesign.Additionally, EKFoffers dynamic
state prediction, enabling our method to handle nonlinear
errors and adapt to changing environments. By utilizing his-
torical data, we achieve smooth positioning results without
abrupt jumps. This provides a more efficient, robust, and
adaptable system for seamless IO localization, effectively
overcoming the shortcomings of existing methods and fill-
ing the gaps in current research.

3 Methodology

In this section, we begin by presenting the technical back-
ground, which includes the kinematics model of the differen-
tial drive robot—an essential component for formulating the
system dynamics within the EKF—and a detailed descrip-
tion of the sensor configuration used for localization. We
then proceed to elaborate our localization handover strategy,
including fusion approach across indoor and outdoor envi-
ronments and the algorithmicworkflow. The latter part of this
section is devoted to the implementation details, explaining
how both the local and global EKFs operate individually and

collectively to ensure seamless and robust localization across
varying environmental conditions.

3.1 Technical Background

3.1.1 Differential Drive Robot Kinematics

Here, we consider a differential drive robot moving on a pla-
nar surface. The robot’s motion is described by its wheel
velocities, with two wheels positioned on either side of the
robot. To describe its kinematics, we define three refer-
ence frames: (i) inertial frame (XI ,YI , ZI ), (ii) odometry
frame (XO ,YO , ZO), and (iii) body frame (XB,YB, ZB), as
shown in Fig. 1. The inertial frame serves as the global ref-
erence system, providing a coordinate framework essential
for absolute positioning and orientation, particularly when
integrating data from global sensors such as GPS and UWB.
It is typically aligned with the East-North-Up (ENU) coordi-
nate system, where the XI axis points east, the YI axis points
north, and the ZI axis points upward. The odometry frame is
defined on the basis of the robot’s initial position and orienta-
tion at the start of motion. It remains fixed with respect to the
inertial frame and serves as an intermediate frame to accumu-
late the relative motion estimated from odometry and IMU

Fig. 1 Free body kinematics for differential drive robot
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measurements. The body frame is fixed to the robot itself,
aligning with its physical structure, and is used to express
sensor measurements and control commands relative to the
robot’s Center Of Mass (COM) and moves with the robot.
Its XB axis points forward along the robot’s heading, the YB

axis points to the left side of the robot, and the ZB axis points
upward, perpendicular to the plane of motion. To facilitate
the conversion between these frames, we define the follow-
ing Transformation Matrices (TFs), each represented as a
4×4 homogeneous TFwithin the group of Special Euclidean
transformations, denoted as SE(3):

• TFO→I ∈ SE(3): This TF represents the transformation
from the odometry frame to the inertial frame. It includes
both a rotation component R ∈ SO(3) and a translation
vector t ∈ R

3, which align the global coordinate system
to the robot’s initial reference frame.

• TFB→O ∈ SE(3): This matrix represents the transfor-
mation from the body frame to the odometry frame. It
tracks the robot’s movement relative to its initial posi-
tion and orientation using data from odometry and IMU
sensors.

• TFB→I ∈ SE(3): This matrix represents the transforma-
tion from the body frame to the inertial frame, effectively
combining the transformations TFO→I and TFB→O to
provide a direct relationship between the global refer-
ence frame and the current pose of the robot.

Let p = [x, y, z]� ∈ R
3 denote the position of the robot’s

COM in the inertial frame. Assuming a planar motion, let
v = [ẋB, ẏB , 0]� ∈ R

3 represent the linear velocity of the
body frame relative to the odometry frame, with żB = 0. The
angular velocity, defined as ω = [0, 0, ψ̇]� ∈ R

3, captures
the yaw rate ψ̇ , whereψ specifies the orientation of the body
frame relative to the odometry frame. The inertial velocities
ẋ and ẏ are thus derived from the local body-frame velocities
ẋB and ẏB as follows:

[
ẋ
ẏ

]
=

[
cosψ − sinψ

sinψ cosψ

] [
ẋB
ẏB

]
. (1)

3.1.2 Sensor Configuration

The proposed localization system utilizes data from various
sensors as input for two EKFs. These consist of the Local
EKF for relative localization and theGlobal EKF for absolute
localization, with sensors integrated into this framework as
follows:

GPS provides absolute positionmeasurementswhen oper-
ating in outdoor environments. The GPS receiver outputs
raw data in the form of Latitude, Longitude, and Altitude

(LLA) coordinates in the world geodetic system. To integrate
thesemeasurements into our localization framework,we con-
verted the LLA coordinates to the inertial coordinate frame
using the Navsat node. The Navsat node [42] transforms the
geodetic coordinates into local Cartesian coordinates rela-
tive to a defined reference point, resulting in position data
p = [x, y, z]� in the inertial frame. This conversion is
essential for aligning the GPS data with other sensor mea-
surements within the same coordinate system. Additionally,
the GPS receiver provides the HDOP, which indicates the
quality of the satellite geometry and affects the measure-
ment covariance. These absolute position measurements in
the inertial frame are crucial for global localization and are
used to update the robot’s position in the global EKF.

UWB offers absolute position measurements in indoor
environments whereGPS signals are not available or degraded.
The UWB system comprises anchors placed at known
positions and a mobile tag on the robot, providing range
measurements used to compute the robot’s position through
trilateration. The output is the robot’s position p = [x, y, z]�
in the inertial frame. These measurements serve as the main
source of absolute indoor positioning and are integrated into
the global EKF.

IMU supplies high-frequency measurements of angular
velocities ω = [φ̇, θ̇ , ψ̇]� and linear accelerations a =
[ẍB, ÿB , z̈B]� in the robot’s odometry frame. By integrat-
ing these measurements, the IMU provides estimates of the
robot’s orientation angles θ = [φ, θ, ψ]� and contributes to
the estimation of the robot’s linear velocities v = [ẋ, ẏ, ż]�
and relative position changes. The IMU data are essential for
estimating the dynamic motions and orientation of the robot,
and are utilized in both the local and global EKFs.

Odometry utilizeswheel encoders tomeasure the rotations
of the left and right wheels, providing raw angular velocity
data ωleft and ωright, yielding

ẋB = r

2
(ωleft + ωright), (2)

ψ̇ = r

W
(ωright − ωleft), (3)

where r is the radius of the wheels. These velocities are cru-
cial for estimating the robot’s motion and are used directly in
the local EKF for continuous state estimation. By integrat-
ing these velocities over time, odometry provides estimates
of the robot’s relative position changes, which are essential
for short-term, relative localization, especially when abso-
lute positioning data are unavailable. Using the differential
drive kinematic model, these measurements are converted
into the robot’s linear velocities in the odometry frame ẋB ,
and its angular velocity ψ̇ . Specifically, linear velocities are
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calculated based on the average of the left and right wheel
speeds, while the angular velocity is derived from the dif-
ference between the wheel speeds divided by the wheelbase
width W .

These sensors collectively provide the necessary data for
the EKFs to estimate the robot’s state, including position,
velocity, and orientation. Table 2 summarizes the mea-
surements from each sensor. For detailed principles and
equations of the EKFs used in our methodology, please refer
to Appendix A.

3.2 Localization Handover

In this section, we present our proposed fusion strategy for
seamless IO localization, leveraging both Local and Global
EKF. This hierarchical approach is based on a two-layer
structure, where local state estimation runs continuously,
and global corrections are applied asynchronously when
available—reflecting a modular and loosely coupled design.
In contrast to tightly coupled approaches, which directly
fuse raw sensor measurements (e.g., GNSS pseudoranges,
IMU accelerations, UWB ranges) within a single large-scale
estimator, our method processes each sensor stream indepen-
dently and fuses the resulting intermediate state estimates at a
higher level. Tightly coupled architectures, although poten-
tially offering slightly higher theoretical accuracy, require
detailed sensor models and maintain high-dimensional state
vectors. This leads to substantial computational burden due
to the frequent manipulation of large covariance matrices,
matrix inversions, and other intensive numerical operations
at every update step. In comparison, our approach decom-
poses the estimation process into smaller, modular units,
reducing the dimensionality of each sub-task and simpli-
fying matrix computations. Moreover, by decoupling the
global update from the fast-rate local estimation, it avoids
unnecessary system-wide recalculations—significantly low-
ering overall computational complexity. This structure not
only improves real-time efficiency on resource-constrained
platforms but also enhances robustness by isolating sensor
faults and provides greater flexibility for incorporating new

Table 2 Sensor measurements used for EKF

Sensor Reference Frame Measured Data

GPS Inertial frame x, y, z

UWB Inertial frame x, y, z

IMU Odometry frame φ̇B , θ̇B , ψ̇B , ẍB , ÿB , z̈B

Odometry Odometry frame ẋB , ψ̇B

or alternative sensors without reconfiguring the core estima-
tion framework. This design ensures continuous and reliable
localization across varying environmental conditions, includ-
ing outdoor, indoor, and transitional areas.

3.2.1 Fusion Strategy across IO Environments

Our fusion strategy is designed to dynamically integrate
sensor data based on the operational environment, ensuring
robust localization across outdoor, indoor, and transitional
zones. Central to this strategy are two EKFs, which work
in tandem to balance high-frequency updates with periodic
global corrections.

Outdoor Navigation
In outdoor environments, UWB signals are generally unre-
liable, resulting in high noise covariance. Consequently,
localization relies primarily on GPS, IMU, and odometry
data. The Global EKF prioritizes GPS measurements due to
their absolute positioning capability, while the Local EKF
maintains accurate relative positioning through IMU and
odometry inputs.

Indoor Navigation
Indoors, GPS signals are significantly degraded, leading
to high noise covariance. The system therefore depends on
UWB for absolute localization, which is fused with IMU
and odometry data. The Global EKF assigns higher weights
to UWB measurements, leveraging their robustness to mul-
tipath effects and indoor interference, while the Local EKF
continues to provide precise relative positioning.

Handover Navigation
During transitions between IO environments, both GPS and
UWB data are intermittently available. The fusion strategy
ensures robustness by dynamically adjusting the fusion ratio
based on the current noise covariance of each sensor. The
Global EKF integrates whichever absolute positioning data
is available (GPS or UWB), while the Local EKF main-
tains relative localization. This dual-input approachmitigates
potential errors from any single sensor source, ensuring con-
tinuous and accurate positioning.

3.2.2 AlgorithmWorkflow

Figure 2 illustrates the algorithm workflow, clarifying the
integration of sensor data fromGPS, UWB, IMU, and odom-
etry. The localization algorithm operates within the inertial
frame, the odometry frame, and the body frame. Three
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Fig. 2 Workflow for integration of Local and Global EKFs

transformation matrices (TFs) facilitate coherent integration
of sensor data across these frames: odometry frame to iner-
tial frame (TFO→I), body frame to inertial frame (TFB→I),
and body frame to odometry frame (TFB→O), as previously
defined in Section 3.1.1.

Sensor Data Acquisition
The algorithm begins by acquiring inputs from GPS, UWB,
odometry, and IMU sensors. GPS and UWB provide abso-
lute localization directly in the inertial frame throughTFB→I.
Conversely, odometry and IMU supply relative localization
data initially in the odometry frame, captured via TFB→O.
These relative data are subsequently transformed into the
inertial frame using the transformation matrix TFO→I, ini-
tially set as an identity matrix when the odometry and inertial
frames coincide at initialization. This ensures coherent rep-
resentation of all sensor data within a unified coordinate
system, facilitating seamless fusion with absolute position-
ing measurements.

Local EKF Processing
The Local EKF provides high-frequency, short-term relative
positioning by integrating IMUandodometrymeasurements.
In the prediction step, it predicts the local state estimate based
on previous states. Subsequently, the update step corrects
this predicted state with IMU and odometry measurements,
updating TFB→O accordingly. When the Global EKF does
not produce output (e.g., due to unavailability of GPS or
UWB signals), the Local EKF uses TFO→I to transform
the relative localization results from the odometry frame to
the inertial frame, thereby obtaining global localization esti-
mates.

Global EKF Processing
The Global EKF updates less frequently, specifically when
newGPSorUWBdata become available. It beginswith a pre-
diction step, estimating the global state from previous global
state estimates. In the subsequent update step, it corrects
this global state estimate using available absolute measure-
ments (GPS or UWB) and relative measurements (IMU and
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Algorithm 1 Localization Algorithm Using Local and
Global EKFs
1: Initialization:
2: Initialize state estimates and covariance matrices for both EKFs.
3: Initialize TFB→O, TFB→I, TFO→I
4: while Robot is operational do
5: Acquire GPS, UWB, IMU, odometry data.
6:
7: Local EKF Processing:
8: Prediction Step:
9: Predict the local state estimate using the previous local state

ˆxL,k .
10: Update Step:
11: Correct the local state xL,k and update TFB→O with IMU and

odometry measurements.
12: Coordinate Transformation:
13: Compute the global position estimate:
14: TFB→I ← TFO→ITFB→O.
15:
16: if New GPS or UWB data are available then
17: Global EKF Processing:
18: Prediction Step:
19: Predict the global state estimate using the previous global

state ˆxG,k .
20: Update Step:
21: Correct the global state xG,k and update TFI→B with

GPS/UWB.
22: Transformation Update:
23: Update the transformation between inertial and odometry

frames:
24: TFO→I ← TFB→ITF

−1
B→O.

25:
26: end if
27:
28: Output and Application:
29: Provide the current global position estimate (TFB→I) for navi-

gation tasks.
30: end while

odometry) that are first transformed into the inertial frame
via TFO→I:

TFB→I = TFO→ITFB→O, (4)

This corrected global estimate then updates TFB→I.

Transformation Update for Error Correction
When GPS or UWB data become available, the transforma-
tion TFO→I is recalibrated using:

TFO→I = TFB→ITF
−1
B→O, (5)

This hierarchical fusion strategy effectivelymitigates drift
in relative localization without inducing abrupt shifts in the
global coordinate system, thereby ensuring smooth and reli-
able state estimation across varying operational conditions.
The localization procedure is summarized in the pseudocode
of Algorithm 1.

3.2.3 Local EKF for Relative Localization

After outlining the overarching workflow of our localization
algorithm, we now delve into the specific roles and imple-
mentations of the two essential components: the Local EKF
for relative localization and the Global EKF for absolute
localization. Understanding how these filters operate individ-
ually and in tandem is crucial for appreciating the robustness
and accuracy of our hierarchical fusion strategy across vary-
ing environmental conditions.

The local EKF provides high-frequency, short-term local-
ization by integrating measurements from the IMU and
odometry sensors. It corrects for small errors and drifts
between global updates.

State Vector
The state vector for the local EKF is:

xL = [
xB, yB, zB, ẋB, ẏB, ˙zB, φB, θB, ψB

]� ∈ R
9, (6)

where (xB, yB , zB) are the robot’s coordinates, (ẋB, ẏB , ˙zB)

are the robot’s linear velocities, and (φB , θB, ψB) are the roll,
pitch, and yaw angles representing the robot’s orientation, all
expressed in the odometry frame.

SystemModel
Using the kinematic equations, the state transition function
in discrete time is

xL,k+1 = xL,k + fL(xL,k)�t + ηL,k, (7)

where �t = tk+1 − tk is the time step and ηL,k is the
process noise with covariance matrix QL,k . The function
fL : R9 × R

m → R
9 is the nonlinear state transition model

that captures the robot’s motion dynamics, mapping the cur-
rent state to the predicted state. In our implementation, fL is
defined as

fL(xL,k) = [
ẋB,k cos(ψB,k), ẋB,k sin(ψB,k), 0, ẍB,k, ÿB,k, z̈B,k, φ̇B,k, θ̇B,k, ψ̇B,k

]�
, (8)

so that the state transition function updates the position and
orientation according to the robot’s kinematics.

MeasurementModel
The measurement vector is

zL,k = [
ẋmB,k ẍmB,k ÿmB,k z̈mB,k φ̇m

B,k θ̇mB,k ψ̇m
B,k

]� + νL,k, (9)

where ẋmB,k is the linear velocity along the robot’s forward
direction, obtained from odometry; ẍmB,k , ÿ

m
B,k , z̈

m
B,k are linear
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accelerations from the IMU accelerometer; φ̇m
B,k and θ̇mB,k are

angular velocities around the roll and pitch axes, measured
by the IMU gyroscope; ψ̇m

B,k is the angular velocity around
the vertical axis derived from odometry and IMU—at time
step k, νL,k is the measurement noise with covariance matrix
RL,k .

EKF Implementation
The local EKF operates according to a standard EKF frame-
work, comprising two main steps:

Prediction Step

x̂L,k|k−1 = x̂L,k−1 + fL(x̂L,k−1)�t, (10)

PL,k|k−1 = FL,k−1PL,k−1F�
L,k−1 + QL,k−1. (11)

Update Step

KL,k = PL,k|k−1H�
L,k

(
HL,kPL,k|k−1H�

L,k + RL,k

)−1
,

(12)

x̂L,k = x̂L,k|k−1 + KL,k
(
zL,k − hL(x̂L,k|k−1)

)
, (13)

PL,k = (
I − KL,kHL,k

)
PL,k|k−1. (14)

For detailed definitions of F, P,K,H, I refer to Appendix A.

3.2.4 Global EKF for Absolute Localization

The global EKF corrects the accumulated errors in the local
EKF by integrating the absolute positionmeasurements from
GPS and UWB.

State Vector
The global EKF uses the same state vector as the local EKF,

xG = [
x y z ẋ ẏ ż φ θ ψ

]� ∈ R
9. (15)

SystemModel
The system model is similar to the local EKF:

xG,k+1 = xG,k + fG(xG,k)�t + ηG,k, (16)

where ηG,k is the process noise with covariance QG,k .

MeasurementModel
The measurement vector for the global EKF includes abso-
lute position measurements from GPS and UWB, as well as
the state estimate from the Local EKF transformed into the
inertial frame:

zG,k =

⎡
⎢⎢⎣

xmk
ymk
zmk

TFO→I zL,k

⎤
⎥⎥⎦ + νG,k . (17)

where: xk, yk, zk are the absolute position measurements
obtained from GPS and UWB sensors at time step k.
TFO→IzL,k represents the state vector from the Local EKF
(zL,k) transformed into the inertial frame using the TFO→I.
νG,k is the measurement noise, assumed to be zero-mean
Gaussian with covariance matrix RG,k .

The covariance forGPSmeasurements is computed using:

σ 2
GPS = (HDOP × σbase)

2, (18)

whereσbase is the base standard deviation of theGPS receiver.

EKF Implementation
The global EKF uses the prediction and update steps as per
the local EKF algorithm. However, it updates less frequently
than the local EKF, i.e., only when new GPS or UWB data
are available.

4 Results and Discussion

4.1 Simulation Environment

We defined an simulation scenario divided into indoor, out-
door, and transitional areas based on signal quality to validate
our localization algorithm. As shown in Fig. 3(a), in the out-
door area A, the GPS signal coverage is complete, with a
signal quality of 100%. Area B serves as a transitional zone
where the signal gradually transitions fromoutdoor to indoor.
Finally, area C is an indoor environment relying entirely on
UWB for positioning. In our experiments, the robot starts its
mission indoors and follows a predetermined reference path
toward the outdoor environment, covering all areas to assess
system performance under various signal conditions.

ROS2 Humble [43] was utilized to construct a simulation
environment in Gazebo [44] as shown in Fig. 3(b), enabling
us to test the algorithm performance in a controlled yet real-
istic setting. The TurtleBot3Waffle robot [45] was employed
for this purpose, with the “robot localization” package [46]
supporting our experimental setup. In the simulation, we
modeled the degradation of GPS and UWB signals by intro-
ducing varying levels of random noise, simulating the impact
of different environments on localization accuracy. As the
robot moves from outdoor to indoor environments, the GPS
signal quality deteriorates, leading to increased noise. Con-
versely, UWB signal noise increaseswhen transitioning from
indoor to outdoor environments, reflecting an inverse rela-
tionship with GPS in terms of environmental impact on
signal clarity. This setup allowed us to thoroughly assess
the algorithm’s robustness under varying conditions. In the
simulation, we introduced gaussian white noise character-
ized by different variances to degrade the GPS and UWB
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Fig. 3 Simulation setting. (a) The conceptual experimental environment. (b) The Gazebo simulation environment

signals under various environmental conditions. To better
reflect realistic transitional behaviors, abrupt signal loss was
avoided. Instead, signal degradation was modeled progres-
sively by interpolating the noise variance based on the robot’s
position within the transition regions (e.g., doorways, cor-
ridor entries). The variance increases proportionally as the
robot approaches the indoor (for GPS) or outdoor (for UWB)
area, ensuring smooth transitions between sensor confidence
levels and avoiding unrealistic signal drop-offs. Prior stud-
ies show that high-precision GNSS (e.g., GPS with PPP or
RTK) can achieve accuracies of roughly 0.1–0.3 meters in

open-sky environments, yet degrades to sub-meter or worse
in urban canyons due to multipath effects and signal block-
age [29]. Similarly, UWB accuracy is often below 0.2 m
under ideal line-of-sight conditions, but can exceed 0.5–1 m
in environments with significant multipath interference [47].
To capture this realistic range of performance, we selected
three standard deviations—0.3, 0.6, and 0.9m—for bothGPS
and UWB. These values represent mild, moderate, and more
severe noise levels, respectively, enabling us to systemat-
ically evaluate our algorithm’s robustness across different

Table 3 Noise levels for
different areas (Unit: meters)

Area GPS 1 UWB 1 GPS 2 UWB 2 GPS 3 UWB 3

Outdoor (A) N/A N (0, 0.32) N/A N (0, 0.52) N/A N (0, 0.72)

Transitional (B) 0 ∼ N (0, 0.32) 0 ∼ N (0, 0.52) 0 ∼ N (0, 0.72)

Indoor (C) N (0, 0.32) N/A N (0, 0.52) N/A N (0, 0.72) N/A

N (μ, σ 2) indicates Gaussian noise with mean μ and variance σ 2. 0 ∼ N (0, σ 2) indicates a transition from
no noise to Gaussian noise with mean 0 and variance σ 2
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Fig. 4 Comparison of UWB,GPS, andGlobal-Fused localization result for path OwithN (0, 0.32), showing alignment with the reference trajectory

sensor-accuracy scenarios. Table 3 summarizes the specific
noise configurations applied in each region.

In addition, two routes were designed to verify the seam-
less handover between different areas while maintaining
localization accuracy. The first route is shaped like the circu-
lar track of a classic stadium, as shown in Fig. 4, which we
simply refer to as the shape “O”. The second route goes back
and forth between IO areas, as shown in Fig. 5, which we
simplify as shaped as a “S”. Both routes start from an indoor
setting, pass through the gray handover area to the outdoors,
and finally return to the indoors. This approach verifies that
the algorithm can maintain high handover accuracy during
transitions from indoor to outdoor and vice versa.

4.2 Simulation Results

The coordinate comparison of the localization signals is pre-
sented in Figs. 4 and 5. These figures depict the positioning
data along path O and path S, demonstrating a comparison
between different localization techniques under a noise con-
ditionwith a standard deviation of 0.3. Themain components
of the plot includeUWB localization positions,GPS localiza-
tion positions, and the global-fused localization positions, all
compared against the reference path. The UWB signal shows
significant scatter in outdoor regions, indicating lower accu-
racy where the coverage is limited, while it is more reliable
indoors due to anchor placement. Conversely, the GPS signal

Fig. 5 Comparison of UWB, GPS, and Global-Fused localization result for path S withN (0, 0.32), showing alignment with the reference trajectory
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Fig. 6 Mean Absolute Error
(MAE) of path O with
N (0, 0.32). (a) Mean Absolute
Error (MAE) variation over
time. (b) Cumulative MAE over
time

performs better outdoors but is less accurate indoors, where
satellite signals are obstructed. The global fused trajectory
closely follows the reference path, effectively blendingUWB
and GPS strengths: it relies more on UWB for indoor posi-
tioning and GPS for outdoor positioning. In the handover
area, where neither GPS nor UWB is fully available, the
fusion algorithm faces increased error compared to purely
indoor or outdoor regions. Despite this, the error in the fused
solution is still smaller than that of either individual signal,

demonstrating that the fusion method continues to offer a
more accurate estimate even under challenging conditions.

Figures 6 and 7 present the MAE analysis for path O and
path S, comparing UWB, GPS, and global-fused localization
methods over time under N (0, 0.32). Figures 6(a) and 7(a)
shows the real-time MAE, where UWB and GPS have sig-
nificant errors and fluctuations, particularly due to their
respective limitations in outdoor and indoor environments.
The global-fused method shows consistently lower errors,

Fig. 7 Mean Absolute Error
(MAE) of path S with
N (0, 0.32). (a) MAE variation
over time. (b) Cumulative MAE
over time
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demonstrating better accuracy by leveraging the strengths of
both signals. In particular, when the red and blue regions
alternate, it indicates a handover between the two signals.
During these handover periods, the MAE of the global-fused
method shows a noticeable increase, reflecting the challenges
in maintaining accuracy when neither signal is fully reliable.
Figures 6(b) and 7(b) illustrate the cumulative MAE, where
the global fused approach accumulates the least error over
time, outperforming both UWB and GPS.

Figures 8 and 9 present theMonte Carlo simulation results
for the O and S path under varying noise levels. Each noise
level was evaluated using 20 different random seeds, with
the resulting trajectories demonstrating consistent behav-
ior between trials, which emphasizes the reliability and
robustness of the algorithm under different noise conditions.
MSE tends to increase as the noise level increases, indicat-
ing the challenges in maintaining localization accuracy in
environments characterized by greater uncertainty. The two
notable peaks of MSE in path O observed at approximately
8s, 30s and the four notable peaks in path S observed at

approximately 8s, 38s, 70s, and 105s coincide with periods
of signal handover, due to the inherent difficulty in accurately
estimating position when neither signal is fully reliable.

The overall mean and standard deviation of the MSE for
each noise level and path are summarized in Table 4. It is evi-
dent that as the noise level increases, the overall mean MSE
also tends to increase, reflecting the challenges in maintain-
ing the accuracy of the localization under greater uncertainty.
Despite this trend, the global-fused approach continues to
demonstrate resilience by maintaining a relatively low stan-
dard deviation, indicating consistent performance across
multiple trials.

Additionally, to further quantitatively assess the perfor-
mance of the proposed method, we compare our approach
with existing tightly-coupled GNSS/INS/UWB integration
methods from previous studies. Li et al. [30] reported their
results using RootMean Square Error (RMSE) separately for
east (0.339 m) and north (0.291 m) directions. To facilitate a
direct comparison with our reported MSE, we calculated the
two-dimensional horizontal MSE (ignoring vertical errors)

Fig. 8 Monte Carlo
simulation results for path O
under different noise levels. (a)
N (0, 0.32), (b) N (0, 0.52), and
(c) N (0, 0.72), showing the
variation in global-fused Mean
Squared Error (MSE) over time,
with mean MSE and standard
deviation
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Fig. 9 Monte Carlo
simulation results for path S
under different noise levels. (a)
N (0, 0.32), (b) N (0, 0.52), and
(c) N (0, 0.72), showing the
variation in global-fused MSE
over time, with mean MSE and
standard deviation

by summing the squares of each directional RMSE:

MSE = RMSE2
east+RMSE2

north = 0.3392+0.2912 ≈ 0.200m2 (19)

Similarly, [29] provided their positioning accuracy in
terms of Distance Root Mean Square (DRMS), with a
reported value of approximately 0.0525 m. We converted
DRMS to the equivalent MSE by squaring the DRMS value:

MSE = (DRMS)2 = 0.05252 ≈ 0.00276m2 (20)

In comparison, our loosely-coupled integration method
achieves comparable performance, with an MSE in the order
of 0.01 m2. Although direct numerical comparisons must be

cautiously interpreted due to differences in sensors, exper-
imental conditions, and integration methods, our approach
clearly demonstrates competitive performance along with
significant practical advantages, including reduced imple-
mentation complexity, lower computational load, and greater
flexibility in sensor selection and maintenance.

5 Conclusions

This paper fundamentally addresses the challenge of main-
taining seamless localization across diverse IO environ-
ments by proposing a hierarchical, loosely coupled EKF
framework. Unlike purely single-sensor or tightly coupled

Table 4 Overall mean and
standard deviation (Std) of MSE
for paths O and S under
different noise levels

Noise Level 0.3 0.5 0.7
Path Mean MSE Std MSE Mean MSE Std MSE Mean MSE Std MSE

O 0.009445 0.004923 0.009565 0.004935 0.010315 0.004756

S 0.007318 0.005232 0.007436 0.005103 0.009989 0.006449
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solutions, ourmethoddynamically fusesUWB,GPS, odome-
try, and IMUmeasurements based on real-time signal quality,
thereby offering robust, efficient, and adaptive localization.
Through simulated scenarios, including transitions between
IO areas, we have demonstrated that this hybrid approach
consistently outperforms individual sensor sources by main-
taining lower MSE under varying noise levels.

Beyond achieving high localization accuracy, the pro-
posed system also finds a favorable balance between com-
putational complexity and robustness, making it particularly
suitable for resource-constrained applications such as low-
cost mobile robots. However, several limitations warrant
further study. First, the framework relies on pre-defined noise
models; in real-world deployments, sensor noise characteris-
tics may deviate considerably from simulated assumptions,
leading to potential performance degradation. Second, the
system has not yet undergone extensive real-world testing,
so it remains to be seen how factors like multipath effects,
dynamic crowds, or unpredictable environmental condi-
tions might impact the final localization results. Finally, the
EKF operation strongly depends on sensor-supplied covari-
ance information, which, if inaccurately tuned, could hinder
performance—especially in dynamic handover regions or
high-noise scenarios.

Looking ahead, a key research direction is the dynamic
estimation and refinement of sensor covariance matrices
through techniques such as reinforcement learning or statisti-
cal modeling. This would enable adaptive noise adjustments
and reduce reliance on pre-defined distributions. Addition-
ally, integrating alternative localization technologies, such as
LiDAR in feature-rich environments or vision-based meth-
ods in texture-dense scenes, could address situations where
GPS or UWB signals are unavailable or heavily degraded.
Another potential direction involves developing hybrid cou-
pling frameworks that combine the advantages of both loose
and tight coupling, alongside data-driven weighting mech-
anisms based on real-time quality metrics. Finally, compre-
hensive real-world validation in highly dynamic or cluttered
spaces—like crowded urban centers, uneven terrains, and
industrial warehouses—would help identify practical chal-
lenges and guide future refinements. These efforts would
help enhance the reliability, scalability, and adaptability of
autonomous robots navigating diverse IO environments.

Appendix A Extended Kalman Filter
Principles

This appendix provides the EKF fundamentals used in
our seamless indoor-outdoor localization framework and
explains how each component corresponds to our applica-
tion. The EKF is a recursive state estimation algorithm for
nonlinear systems, which linearizes the nonlinear state and

measurement models around the current estimate to apply
the standard Kalman filter equations.

State EstimationModel

The system state vector xk ∈ R
n evolves according to the

nonlinear discrete-time dynamic model as follows:

xk+1 = f(xk) + ηk, (A1)

where f : R
n × R

l → R
n is the state transition function,

and ηk ∈ R
n is the process noise, assumed to be Gaussian

with zero mean and covariance Qk ∈ R
n×n . In our system,

xk typically includes

xk = [
x, y, z, ẋ, ẏ, ż, φ, θ, ψ

]�
. (A2)

representing the robot’s position (x, y, z), velocity (ẋ, ẏ, ż),
and orientation (φ, θ, ψ). Depending on the application
requirements, certain state components can be omitted (e.g.,
for planar motion only).

Measurement Model

The measurement vector zk ∈ R
m is related to the state

through the nonlinear measurement model as follows:

zk = h(xk) + νk, (A3)

where h : Rn → R
m maps the state space to the measure-

ment space, and νk ∈ R
m is the measurement noise, assumed

to be zero-mean Gaussian with covariance Rk ∈ R
m×m . In

our case, h(xk) typically includes absolute position obser-
vations from GPS or UWB, as well as relative observations
from the odometry and IMU. Noise covariances (Rk) may
dynamically change based on satellite geometry, multipath
severity, and other environmental factors.

EKF Algorithm

TheEKFalgorithmconsists of a prediction step and anupdate
step.

Prediction Step

The predicted state estimate x̂k|k−1 ∈ R
n and predicted esti-

mate covariance Pk|k−1 ∈ R
n×n are computed as:

x̂k|k−1 = f(x̂k−1|k−1), (A4)

Pk|k−1 = Fk−1Pk−1|k−1F�
k−1 + Qk−1, (A5)
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where Fk−1 ∈ R
n×n is the Jacobian of the state transition

function f with respect to x, evaluated at x̂k−1|k−1:

Fk−1 = ∂f
∂x

∣∣∣∣
x̂k−1|k−1

. (A6)

Update Step

The Kalman gain Kk ∈ R
n×m , updated state estimate x̂k|k ∈

R
n , and updated estimate covariance Pk|k ∈ R

n×n are com-
puted as:

Kk = Pk|k−1H�
k

(
HkPk|k−1H�

k + Rk

)−1
, (A7)

x̂k|k = x̂k|k−1 + Kk
(
zk − h(x̂k|k−1)

)
, (A8)

Pk|k = (In − KkHk)Pk|k−1, (A9)

whereHk ∈ R
m×n is the Jacobian of the measurement func-

tion h with respect to x, evaluated at x̂k|k−1:

Hk = ∂h
∂x

∣∣∣∣
x̂k|k−1

, (A10)

and In is the n × n identity matrix.

Additional Explanations of theMatrices

• Fk−1 (State Transition Jacobian): This matrix is derived
by linearizing the robot’s motion model (i.e., fL ) with
respect to the state vector. It quantifies how small changes
in the state affect the predicted state, reflecting the sen-
sitivity of the motion dynamics.

• Pk|k−1 and Pk|k (State Covariance Matrices): These
matrices represent the uncertainty in the state estimates
before and after the measurement update, respectively.
They capture the effects of process noise and measure-
ment noise in our system.

• Kk (Kalman Gain): Specifies how much weight the sen-
sor measurements (e.g., odometry and IMU data) carry
in correcting the predicted state. A larger Kalman gain
indicates higher confidence in measurement data for that
update.

• Hk (Measurement Jacobian): This matrix is obtained by
linearizing the measurement function hL with respect to
the state vector. Itmaps the uncertainties in the state space
to the measurement space, reflecting how sensitive the
sensor outputs (such as acceleration and angular veloci-
ties) are to changes in the state.

• In (Identity Matrix): The identity matrix that ensures
dimensionally correct covariance updates.
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