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Abstract: For ultrawide-band (UWB) localization, this work suggests an adaptive distributed
Student's t extended Kalman filter (EKF) using Allan variance. First, we model the measurement
equation using the distance between the UWB base station (BS) and the target item, and the
state equation using the target's position and velocity in the east and north directions. Next, the
adaptive distributed filter uses a federation structure: By combining the distance between the
target object and the UWB base station, a local ¢ EKF is intended to estimate the position of the
target. The main filter computes the final result by combining the outputs of the local filter. The
t distribution is used to simulate noise for the local £ EKF in order to get around the issue that
noise in the Kalman method is expected to be white noise and challenging to adapt to real-world
application contexts. Allan variance is computed in the interim to help the local filter, which
enhances adaptability. Compared to the distributed EKF, the experimental results demonstrate
that the suggested technique significantly improves the accuracy of navigation.
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Introduction

With the continuous improvement of quality-of-life indicators, service demands have become
increasingly sophisticated, posing new requirements for service robots [1]. To operate effectively
in complex environments, reliable navigation and positioning capabilities are indispensable,
making them central topics in service robot research [2]. As a result, advanced navigation and
localization techniques have attracted growing attention from both academia and industry, since
progress in this area is expected to substantially improve the efficiency and robustness of service
robots across diverse application domains. Consequently, exploring innovative solutions to
address the challenges of navigation and positioning remains a critical research objective.

A wide range of navigation technologies and data fusion strategies have been proposed to ensure
stable and continuous localization for service robots. Among these, Global Navigation Satellite
Systems (GNSSs) are widely used in fields such as transportation, agriculture,
telecommunications, and emergency response. This widespread adoption has been driven by
advances in satellite infrastructure, increased availability of GNSS-enabled devices, and
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improved integration of GNSS data into software platforms. For example, a passive radar
approach based on GNSS employing a two-stage image processing framework was investigated
in [3] to track freighters illuminated by multiple satellites. The third-generation Beidou
Navigation Satellite System (BDS-3) uses an Extended Kalman Filter (EKF) to estimate orbital
and timing parameters through dual independent filters, allowing real-time operation [4]. In [5],
the contribution of the Tianjin University-1 satellite (TJU-1) to real-time navigation using GPS,
BDS-2, GLONASS, and BDS-3 was analyzed for the first time.

Although GNSS-based positioning performs well in outdoor environments, its accuracy
significantly degrades in enclosed or obstructed spaces due to signal attenuation and interference.
To mitigate these limitations, alternative localization approaches have been explored. Inertial-
assisted visible-light positioning was shown in [6] to maintain stable localization under weak
GNSS conditions. RFID-based navigation methods have also been proposed, where radio-
frequency fingerprints combined with Kalman filtering support localization [7], and portable
user-controlled devices allow distance and angle estimation to RFID-tagged targets [8]. In [9], a
phase-based UHF RFID localization technique was introduced using synthetic aperture
measurements, generating holographic representations of the tag position probability.
Furthermore, ultra-wideband (UWB) systems have demonstrated robust indoor localization
performance in challenging environments [10]. Methods for non-line-of-sight identification and
mitigation using deep learning models and Grampian angular fields were proposed in [11], while
a low-complexity static person localization approach integrating detection and tracking was
presented in [12]. However, many of these solutions rely on base stations, which increases
overall system cost.

Other indoor localization approaches, such as visual SLAM and LiDAR SLAM, are capable of
simultaneously constructing maps and estimating target positions. Nevertheless, their high
localization accuracy depends on dense point cloud data, resulting in substantial computational
burden and longer processing times. Moreover, insufficient feature information can severely
degrade positioning accuracy. Compared with these methods, UWB-based localization requires
only a limited number of base stations, offers lower deployment cost, and generally achieves
higher accuracy than alternatives such as RFID or Wi-Fi. Despite these advantages, no single
localization method is universally applicable across all environments.

Recent advances in sensor technologies and data processing have significantly enhanced data
fusion and filtering techniques, leading to improved localization precision [13]. The Kalman
filter and its variants remain among the most widely adopted tools in this context [14].
Representative examples include dual-rate Kalman filters integrating GPS carrier phase,
pseudorange, and inertial measurements [15]; federated Kalman filters for multi-GNSS time
transfer analysis [16]; and adaptive Kalman filters for GNSS/IMU/LiDAR fusion localization
[17]. While standard Kalman filters are suitable for linear systems, Extended Kalman Filters
(EKFs) are commonly applied to nonlinear dynamics, such as ANFIS-enhanced EKF methods
for autonomous underwater vehicle localization [18] and NARX-EKF frameworks for UAV
swarm positioning [19]. However, these filters typically assume Gaussian noise distributions,
which limits their effectiveness in real-world environments where noise is often non-Gaussian.
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To address this limitation, this paper proposes an adaptive distributed Student’s t Extended
Kalman Filter (EKF) framework incorporating Allan variance for UWB-based localization. The
proposed approach adopts a federated structure in which local filters employ a Student’s t EKF
to estimate distances between UWB base stations and the target while modeling measurement
noise using a Student’s t distribution. A central filter then fuses the outputs of the local filters to
obtain the final position estimate, with Allan variance supporting adaptive noise characterization.
Experimental results demonstrate that the proposed method achieves significantly higher
localization accuracy than conventional distributed EKF approaches.

The overall framework of this study is illustrated in Figure 1. The key findings and contributions
of this work can be summarized as follows.

UWB localisation scheme a
(Section 2.1) ' N N Adaptive
Distributed t EKF -y distributed t
(Section 3.2) e
Problem formulation | a -
(Section 2.2)
Allan variance
(Section 3.1)
Figure 1. The structure of this paper.
o A distributed ultra-wideband (UWB) localization strategy is developed for tracking

mobile targets based on a distributed filtering architecture. Within this framework, multiple local
filters estimate the target position using distance measurement data, and a central (main) filter
subsequently fuses these estimates to generate the final position output.

. An adaptive Allan variance computation approach is introduced, in which the Allan
variance is dynamically updated based on noise estimation results obtained from the previous
time step.

o By integrating the distributed UWB localization framework with the adaptive Allan
variance approach, an adaptive distributed Student’s t Extended Kalman Filter (EKF) is proposed.
In this method, the Student’s t distribution is used to model measurement noise, while the main
filter merges the local filter estimates to produce the final position result, with Allan variance
providing adaptive support to each local filter.

o Experimental evaluations, supported by comprehensive statistical analysis, confirm that
the proposed approach achieves significantly improved efficiency and localization accuracy
compared with conventional methods.

916


http://www.internationaljournal.co.in/index.php/jasass
http://www.internationaljournal.co.in/index.php/jasass

JOURNAL OF APPLIED
SCIENCLE AND SOCIAL
SCIENCE

Sis  cISSN 2229-3113 pISSN 2229-3205

Volume 15 Issue 12, December 2025
Impact factor: 2019: 4.679 2020: 5.015 2021: 5.436, 2022: 5.242, 2023:
6.995, 2024 7.75

Methodology
2.1 UWB Localization Framework

This subsection introduces the overall UWB-based localization framework employing an
adaptive distributed Student’s ¢ Extended Kalman Filter (EKF). The proposed architecture,
illustrated in Figure 2, follows a distributed filtering paradigm composed of N Allan variance-
assisted local Student’s # EKFs.

Each local filter independently estimates the position of the target object denoted as P,/ [1, V],
by fusing the corresponding range measurements 7; / [1, M, obtained from individual UWB

base stations. The local estimates are subsequently transmitted to a central fusion filter, which
integrates the outputs of all local filters to compute the final position estimate of the target.

The detailed design of the local Allan variance-assisted Student’s ¢ EKF and the data fusion
strategy adopted by the central filter are elaborated in the following subsections.

UWE RN 1 UWBRN2Z | ssssss UWE RN N
I, T, Ty,
Localt EKF 1 Localt EKFZ2Z | = csseee Local t EKF N
T T .
Allam Allan Allan
By variance L) variance By variance
compute compute compute
P P, P
o e T b
| Main filter
Adaptive distributed t EKF with Allan variance

b

P

Figure 2: The structure of the UWB localization system based on the adaptive distributed
Student’s f Extended Kalman Filter with Allan variance.

2.2 Mathematical Problem Formulation

Let the random variable S; follow a Student’s ¢ distribution, denoted as

SI'~ St(ﬂa 51,7)
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where U/ represents the mean vector, 0 is the scale matrix, and /7 denotes the degrees of freedom
(DOFs). According to the probability density function of the Student’s ¢ distribution is expressed
as:

n+ n+m
I'( > 2\ 2
o ( 1+ ) 1)
r(3) (mz/det@ \ 7

where m denotes the dimensionality of ;.

p(s)=

The state transition model for the #h local adaptive Student’s # EKF is given by:

S=As .+ wh 1 [LM )
where the state vector is defined as:
Slt: [Xi" Vf(,t’ y{" l/Ji/,t]T

and the state transition matrix A is given by:

1 At 0 O
o 1 0 O
A_001At
0 0 0 1

Here, (ka,. ¥ denotes the position of the target object estimated by the 7 th local filter at time ¢,
while (l/{x B '/{y,t}) represents the corresponding velocity components. The process noise term
follows a Student’s £ distribution,

wi~ S 0, @, ’7{1,1‘})

where @} is the scale matrix and ,7{11} denotes the DOFs.

The nonlinear measurement model associated with the th UWB base station is expressed as

= | G (Y v 7 (LM ®

where 74 represents the measured distance between the /th UWB base station and the target
object, (X’R, )/R) denotes the known position of the /th UWB base station, and the measurement
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noise satisfies
Vi SHO.R.1,)
with A} being the scale matrix and ’7{21} the corresponding DOFs.

2.3 Allan Variance-Based Adaptive Noise Estimation

Allan variance is a well-established time-series analysis technique that is widely used to
characterize stochastic noise components in measurement signals [6]. In this study, the
conventional Allan variance formulation is extended to enable adaptive noise estimation suitable
for time-varying UWB range measurements.

Starting from the classical definition, the Allan variance associated with the 7/th UWB range
measurement 7’ can be expressed as:

O%ZEE[(,(I)(I)_II_I)(O)Z] i [LM 4)

2 AL

where j denotes the index of the data group. When the time index is &, the corresponding noise
covariance estimate can be written as:

N-1

Rl=— (,m(a)_,ﬁ/)(o))z, i L] (%)

22— N
=1
For t= 2, the adaptive Allan variance update can be derived as:

. 1 ,
REA= XD Rt 5 X ey | 1M ©)

The bounded adaptive noise estimation rule is given as:

(1_/Yt—1)R;‘—1+X(t—1)RI/.ninv R§<R'/}7/n
th: (1_Xt—1)/?;‘—1+)((t—1)/'?lmax: R’Pleax (7)
1 N .
(1_)(1‘—1)"?'—1"'5)(1‘—1(4_’41‘—1) , Ol erwise

Distributed Student’s t Extended Kalman Filter Design
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Based on the state-space and measurement models defined in Equations (2) and (3), a distributed
Student’s 7 Extended Kalman Filter is developed for robust UWB localization.

First, the joint probability density function of the state vector S, and measurement noise V4
conditioned on the available observations is defined as:

0

P(ShVAR.)= St([s"] [<4O>] [ (#0) ]rzsf) @®)

t

The time update equations of the Student’s ¢ EKF follow the standard EKF prediction step:

A(I) _/4 St 1 (9)
PT=APLL AT, (10)

Subsequently, the measurement update is performed by incorporating the nonlinear measurement
model. The Jacobian matrix of the measurement function is defined as:

. ag( (n— )
Gv‘“_—asg

The updated degrees of freedom are computed as:
M= M1+ My (11)

where /,; denotes the dimensionality of the measurement vector. The posterior state estimate
and covariance matrix are then obtained as:

s GO0 AO G AY) (o (47)) o

,D"—L[p(l)— #-ar{ a0 R) ] (13)

=
(’73 t—1+m,/

2.5 Overall Adaptive Distributed Student’s t EKF Algorithm
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By integrating the adaptive Allan variance-based noise estimation with the distributed Student’s
t EKF, an overall adaptive filtering algorithm is constructed. As summarized in Algorithm 1,
each local Student’s ¢ EKF first estimates the target state by fusing the UWB range
measurements /4. The measurement noise covariance R} is then updated online using the adaptive
Allan variance formulation.

Finally, the local state estimates §} and covariance matrices P} are transmitted to the central
fusion filter, which combines all local estimates to produce the final global state estimate of the
target.

Algorithm 1. Adaptive Distributed Student’s t Extended Kalman Filter

Require: I{‘a éb Pb %9 R(I)

Ensure: §;, P;

1. Initialize §y and A,

2. fort=1to o do

3. forI=1toNdo

4. 81=8;

5. P=p,

6. s =48/,

7. PO"=AP,_ AT+ Q;
8. =1+ My

9 ét: AE/)—_l_P(/) G(/)T( G,P(/) G(/)T ) (,4 g( g(- ) )

i ('731— N—_ /) NT N— /)7' -1 n—
10. p,_(%t_ﬁm/ |~ GT( GG R) GiA |
11. Compute R} using Equation (7)
12. end for
-1 -1 -1
13, P=(PE) "+ (F) +.+ (P
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14, s=P [ (A 8t +(A) 8+ .+ (P 8]
15. end for

16. end

Results

This section presents experimental results obtained from real-world UWB-based localization
tests conducted on a mobile ground robot (UGV). The performance of the proposed adaptive
distributed Student’s t Extended Kalman Filter is evaluated and compared with several baseline
approaches.

3.1 Experimental Setup

In the experimental setup, four UWB base stations (BSs) were deployed at predefined and
known locations, while a UWB blind node (BN) was mounted on the mobile robot to collect
range measurements. The experimental environment is illustrated in Figure 3a. The test scenario
represents a harsh indoor environment due to the presence of metallic pillars and densely stacked
objects, which introduce severe multipath effects and non-line-of-sight interference.

The mobile robot platform used in the experiment is shown in Figure 3b. To comprehensively
evaluate localization performance, four methods were considered for comparison: the UWB
least-squares solution, the federated EKF, the distributed Student’s t EKF, and the proposed
adaptive distributed Student’s t EKF with Allan

variance.

(a) Experimental environment for UWB-based UGV localization.
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(b) Mobile ground robot used in the localization experiment.
Figure 3: Experimental setup for UWB-based UGV localization.
The filter parameters were initialized as follows:
5=1[—0.20,0,0.10,0]7, Po=I4xa
0.0002 0 0.0034 0

0 0.0676 0 0 _
o= 0.0034 0 0.0002 O R=0.0032
0 0 0 0.0676

3.2 Trajectory Comparison

Figure 4 compares the planned reference trajectory with the localization results produced by
different methods. The planned path is represented by a black dashed line, while the trajectories
estimated using the UWB least-squares method, federated EKF, distributed Student’s ¢ EKF, and
the proposed adaptive distributed Student’s £ EKF with Allan variance are depicted using distinct
colored lines. The locations of the UWB BSs are indicated by pink circles.

As observed in Figure 4, the trajectory estimated using raw UWB measurements exhibits
significant fluctuations, indicating the sensitivity of the least-squares approach to environmental
disturbances. Although the federated EKF reduces some of these fluctuations, noticeable
deviations from the reference path remain. In contrast, both the distributed Student’s t EKF and
the proposed adaptive method closely follow the planned trajectory. Among all approaches, the
adaptive distributed Student’s t EKF with Allan variance demonstrates the highest consistency
with the reference path.

923


http://www.internationaljournal.co.in/index.php/jasass
http://www.internationaljournal.co.in/index.php/jasass

JOURNAL OF APPLIED
SCIENCLE AND SOCIAL
SUCIENCIE
eISSN 2229-3113 pISSN 2229-3205

Volume 15 Issue 12, December 2025
Impact factor: 2019: 4.679 2020: 5.015 2021: 5.436, 2022: 5.242, 2023:
6.995, 2024 7.75

Distributed t EKF
Distributed t EKF with Allan variance

E 3

c

:g O UWBBS

o — — — Planned path
@ k-

=% uwB

e Federal EKF
=

[=]

=

.
T

_-i 1 1 1 1 1 1 1 1 o ]
-3.5 -3 -2.5 -2 -1.5 -1 -0.5 ] 0.5 1
East direction [m]

Figure 4. Comparison of the planned trajectory and localization results obtained using different
methods for UWB-based UGV localization.

Position Error Analysis
The absolute position errors in the east and north directions are presented in Figures 5a and 5b,

respectively. These results provide a detailed comparison of the localization accuracy achieved
by the different methods.
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(a) Absolute position error in the east.
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(b) Absolute position error in the north.

Figure 5: Absolute position errors in the east and north directions for different localization
methods.

In the east direction, the UWB least-squares solution exhibits pronounced jitter, particularly
during the time intervals 0-20, 60—65, and 100-150, reflecting the adverse impact of the harsh
environment. The federated EKF mitigates some of these errors but still shows residual
inaccuracies. The distributed Student’s ¢ EKF further improves localization accuracy by better
handling non-Gaussian noise characteristics.

A similar trend is observed in the north direction, where the proposed adaptive distributed
Student’s ¢ EKF with Allan variance consistently achieves the lowest error levels, outperforming
the UWB, federated EKF, and distributed Student’s ¢ EKF approaches.

Quantitative Performance Evaluation

To quantitatively assess localization accuracy, the root mean square errors (RMSEs) obtained
using different methods are summarized in Table 1. Compared with the UWB least-squares
solution, the proposed adaptive distributed Student’s t EKF reduces the RMSE from 0.182 m to
0.145 m in the east direction and from 0.205 m to 0.142 m in the north direction. Furthermore,
relative to the federated EKF, the proposed method achieves an average error reduction of
approximately 13.25%, demonstrating its effectiveness in improving localization accuracy under
challenging indoor conditions.

East RMSE | North RMSE | Mean RMSE
Method

(m) (m) (m)
UWRB (Least Squares) 0.182 0.205 0.194
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Federated EKF 0.167 0.181 0.174

Distributed Student’s t EKF 0.153 0.159 0.156

Proposed Adaptive Distributed Student’s t

EKF 0.145 0.142 0.144

Table 1. RMSE comparison of different localization methods for UWB-based UGV localization.
Discussion

The experimental results presented in the previous section demonstrate that the proposed
adaptive distributed Student’s t Extended Kalman Filter achieves superior localization
performance compared with conventional UWB-based methods. This improvement can be
attributed to several key design choices, including the use of a Student’s ¢ distribution for noise
modeling, the incorporation of Allan variance for adaptive noise estimation, and the adoption of
a distributed filtering architecture.

First, the effectiveness of the Student’s ¢ distribution in modeling measurement noise plays a
critical role in enhancing localization accuracy. Unlike Gaussian-based Kalman filtering
approaches, which assume white Gaussian noise, the Student’s £ distribution is more robust to
heavytailed and impulsive noise commonly observed in indoor UWB environments. In the
conducted UGV experiments, the presence of metallic structures and cluttered surroundings
introduced significant multipath effects and non-line-of-sight conditions. Under such
circumstances, the Student’s £ EKF was able to suppress the influence of outliers more
effectively than the federated EKF and the standard UWB least-squares solution, resulting in
reduced trajectory deviations and lower position errors.

Second, the integration of Allan variance provides an adaptive mechanism for real-time noise
characterization. Rather than relying on fixed measurement noise covariance matrices, the
proposed approach dynamically updates the noise statistics based on recent measurement
variations. This capability allows the filter to respond promptly to changes in environmental
conditions, such as sudden signal degradation or interference. The reduction in eastward and
northward position errors observed in the results confirms that Allan variance-assisted adaptation
significantly improves filter stability and consistency, particularly in harsh indoor scenarios.

Third, the distributed filtering framework contributes to improved robustness and scalability. By
allowing each local filter to process measurements independently and subsequently fusing their
estimates in a central filter, the system mitigates the impact of localized measurement
degradation from individual UWB base stations. This design is especially beneficial in indoor
environments where signal quality can vary significantly across different spatial locations. The
close alignment between the estimated trajectories produced by the distributed Student’s t EKF
and the reference path highlights the advantage of distributed data fusion over centralized or
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single-filter approaches.

From a practical perspective, the proposed method demonstrates clear advantages for real-world
UGYV localization applications. The experimental results indicate notable reductions in RMSE
compared with both the UWB least-squares method and the federated EKF, confirming the
suitability of the approach for indoor navigation tasks requiring high accuracy and robustness.
Moreover, the adaptive nature of the algorithm reduces the need for manual tuning of noise
parameters, which is often a limiting factor in deploying Kalman filter-based localization
systems.

Despite these advantages, several limitations should be acknowledged. The current
implementation assumes a fixed number of UWB base stations with known positions, and the
computational complexity increases with the number of local filters. While this overhead
remains acceptable for UGV platforms with moderate processing capabilities, further
optimization may be required for resource-constrained systems. Additionally, the experiments
were conducted in a single indoor environment; future studies should evaluate the performance
of the proposed method across a wider range of environments and motion profiles.

Overall, the discussion confirms that combining Student’s t-based filtering, Allan variancedriven
adaptation, and distributed sensor fusion provides a robust and effective solution for UWB-based
indoor localization. These findings highlight the potential of the proposed framework for
deployment in practical robotic navigation systems operating under complex and uncertain
environmental conditions.

Conclusion

This paper investigated UWB-based indoor localization using an adaptive distributed Student’s t
Extended Kalman Filter enhanced by Allan variance. A distributed filtering framework was
developed in which multiple local Student’s t EKFs independently estimate the range-based state
information between UWB base stations and a target object, while a central fusion filter
integrates these local estimates to produce a final position output. By explicitly modeling
measurement noise with a Student’s £ distribution and incorporating Allan variance for adaptive
noise estimation, the proposed approach effectively addresses the limitations of conventional
Gaussian-based filtering methods in complex indoor environments.

Experimental validation conducted on a mobile ground robot demonstrated that the proposed
adaptive distributed Student’s t EKF consistently outperforms traditional UWB least-squares
localization, the federated EKF, and the distributed Student’s £ EKF without adaptive noise
estimation. The observed improvements in trajectory accuracy and RMSE confirm the
robustness and effectiveness of combining heavy-tailed noise modeling, adaptive covariance
estimation, and distributed sensor fusion for UWB localization under harsh indoor conditions.

Beyond the presented experimental results, this study provides a flexible framework for handling
non-Gaussian, time-varying, and spatially heterogeneous noise characteristics commonly
encountered in real-world localization scenarios. The proposed methodology reduces the need
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for manual parameter tuning and enhances system adaptability, making it suitable for practical
robotic navigation applications.

Future work will focus on extending the proposed framework to more complex noise structures,
including colored and interrelated noise processes, as well as evaluating its performance across
diverse environments and motion profiles. In addition, further theoretical and experimental
investigations will be conducted to deepen the understanding of the underlying noise dynamics
and their impact on distributed state estimation. The findings from these ongoing studies will be
disseminated in future publications, contributing to the advancement of robust localization and
sensor fusion techniques in robotic systems.
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