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Abstract

Ultra-Wideband (UWB) technology is gaining attention for indoor positioning due to its high accuracy, low latency and resilience to
interference, making it ideal for environments where GNSS (Global Navigation Satellite System) signals are unavailable—such as
warehouses, hospitals, and underground facilities. However, UWB systems can suffer from reduced accuracy under Non-Line-of-
Sight (NLOS) conditions and dynamic deployments. This paper proposes a novel bias aware EKF (Extend Kalman Filter) model,
combined with Anchor Self-Localization method for localization in indoor environments, and enhancing the flexible deployment
of anchors. The proposed model demonstrates an overall improvement of 32% and 41% in positioning accuracy compared to
traditional methods across both indoor and outdoor environments respectively. The paper demonstrates that the proposed ASL
method performs at par with conventional pre-calibrated methods where anchors are to be localized manually. Together, the Bias-
Aware filtering and ASL approach enhance the scalability and reliability of UWB-based Indoor Positioning Systems (IPS) for

real-world applications.

1. Introduction

Accurate location tracking in indoor environments has become
increasingly vital for applications ranging from robotics and
augmented reality to healthcare and industrial automation. Tra-
ditional satellite-based systems like GNSS (Global Navigation
Satellite System) are rendered ineffective in enclosed or ob-
structed environments due to signal attenuation and multipath
effects. This has led to the development of Indoor Position-
ing Systems (IPS), where technologies such as Wi-Fi (Wireless
Fidelity), Bluetooth, and Infrared have been used, but with lim-
itations in terms of accuracy (Syazwani et al., 2022). Among
these, Ultra-Wideband (UWB) has emerged as a promising
solution, offering high temporal resolution and multipath res-
istance, thereby achieving sub-meter level positioning accur-
acy (Dabove et al., 2018). Its short pulse duration and wide
frequency spectrum make it ideal for Time of Arrival (ToA) or
Two-Way Ranging (TWR) based localization in cluttered in-
door spaces (Dabove et al., 2018).

In a typical UWB-based IPS, anchors are static reference nodes
placed at known locations, while tags are mobile or target
devices whose positions are to be estimated using distance
measurements from these anchors. Traditionally, anchor loc-
ations are established using precise surveying techniques such
as total station measurements or laser scanning (Dabove et
al., 2018). While accurate, this setup process can be time-
consuming, labor-intensive, and impractical in rapidly changing
or large-scale environments. Moreover, in many real-world de-
ployments such as emergency response setups, industrial floors
or collaborative robotics the exact anchor positions may be un-
known or subject to change. This introduces the need for an-
chor self-localization, where anchors estimate their own posi-
tions using inter-anchor distance measurements (Herbruggen et
al., 2023). Simultaneously, UWB ranging data is affected by
systematic biases, arising from clock offsets, hardware imper-
fections, or environmental variations. These biases often vary
slowly over time rather than being truly constant (Babjak and
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Gazovovd, 2023). To account for this behavior, bias modeling
and compensation become essential, particularly when using
filtering techniques such as the Extended Kalman Filter (EKF),
which can incorporate domain-aware dynamics into the estim-
ation process for improved performance.

This paper presents a novel UWB-based IPS framework that
tackles anchor self-localization and time-varying UWB meas-
urement biases. A key contribution is the integration of a bias
decay model into the EKF, where bias evolves with a time-
decaying exponential, reflecting realistic sensor behavior. By
augmenting the state vector with bias dynamics, the approach
improves self-localization accuracy, particularly in long-term
or mobile-anchor scenarios. The algorithm is validated by real-
world indoor and outdoor experiments, and a performance com-
parison of proposed adaptive bias-aware EKF, standard EKF
and Least Squares methods, especially under slowly varying
bias conditions is presented. A brief review of the literature
is presented in section 2. Sections 3 and 4 present the anchor
self localization and positioning framework using UWBs, re-
spectively. The details of the experiment, results and analysis is
presented in section 5. The conclusions of the paper and some
ideas for future work are given in section 6.

2. Related Work

Several studies have demonstrated the efficacy of UWB-based
indoor positioning systems attributed to their high temporal res-
olution and resilience to multipath effects. For instance, the au-
thors in (Batstone et al., 2017) proposed a robust localization
algorithm leveraging RANSAC and minimal solvers, which ef-
fectively filters outliers, achieving an average positioning ac-
curacy of approximately 15 c¢m through experiments. Sim-
ilarly, (Alarifi et al., 2016) reviewed UWB-based indoor po-
sitioning techniques and highlighted that systems employing
two-way ranging (TWR) can consistently attain sub-meter ac-
curacy under controlled conditions. The authors in (Trifun-
ovi¢ et al., 2024) implemented an EKF for tag position es-
timation in 2D and achieved an indoor accuracy of nearly 50
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cm RMSE. The authors in (Gabela et al., 2019) demonstrated
a UWB-based cooperative positioning system for pedestrians
in GNSS-denied environments achieved decimeter-level accur-
acy using both Peer-to-Infrastructure and Peer-to-Peer (P2P)
measurements, with P2P links significantly enhancing perform-
ance in sparse setups. Another study (Retscher et al., 2020)
demonstrated multi-platform cooperative positioning (CP) us-
ing UWB, Wi-Fi, LiDAR, and inertial sensors, achieving high
positioning accuracy and reliability, including 97% room-level
detection with Wi-Fi and decimeter-level accuracy with UWB.

Traditionally, UWB systems rely on manual surveying using
precise geodetic instruments to fix anchor positions. Although
this method ensures high accuracy, it is labor-intensive, time-
consuming, and impractical for large, frequently changing in-
door environments. To overcome this, recent research has ex-
plored anchor self-localization, where the system estimates an-
chor positions using mutual distance measurements or mobile
tag trajectories. The authors in (Vashistha et al., 2018) pro-
posed a differential time-difference-of-arrival (DTDOA) tech-
nique requiring only two anchors and demonstrated 20-30 cm
RMSE. However, this method assumes time synchronization,
which is difficult to maintain. Similarly, (Taner, 2020) presen-
ted a graph-based optimization framework for anchor self-
localization, which achieved accuracies below 25 c¢m but is
sensitive to initial estimates and noise. The authors in (Sarkka
et al., 2013) used Bayesian filtering for anchor and tag co-
localization, but did not model biases explicitly, allowing meas-
urement errors to propagate into both anchor and tag estimates.
These studies highlight that bias in UWB measurements, if not
modeled, can significantly degrade system performance—even
when self-localization techniques are applied effectively.

Bias in UWB-based range measurements can result from hard-
ware imperfections, antenna delays, or environmental factors,
and often changes gradually over time. Early work like (Dardari
et al., 2009) acknowledged this challenge but only treated the
bias as part of measurement noise. More recent studies (Yogesh
et al., 2024) have tried to consider bias as a fixed offset and per-
formed calibration before operation, making it unsuitable for
long-term dynamic scenarios. The authors in (Yi et al., 2021)
proposed a Kalman filter with adaptive noise tuning but did not
distinguish between noise and slowly varying bias, limiting its
ability to model real-world behavior. To the best of author’s
knowledge, limited work has been done in modeling the varying
nature of the bias in real time. The proposed bias-aware EKF
with exponential decay dynamics proposes to capture gradual
changes in measurement errors. This enhances robustness and
accuracy after self-localization, especially in long-duration or
mobile anchor deployments where traditional bias models fall
short.

3. Anchor Self Localization

UWRB is a radio technology that measures distance using Time
of Flight (ToF)—the time a signal takes to travel between
devices. In a UWB setup, fixed anchors serve as reference
points, while the mobile tag estimates its position by measur-
ing two way ToF-based distances to multiple anchors. The tag
stores these distances and transmits the data via a serial inter-
face. In UWB-based positioning system while the tag is used
for localization, accurate initialization of anchor coordinates is
essential in a defined coordinate frame. This section presents
a method for automatically estimating anchor positions without
conventional surveying.

The process begins with the establishment of a base network
using three anchors. The first anchor is fixed at the origin at
[0, 0, 0] and the second is positioned along the x-axis at [d12,
0, 0] where d; 2 is the measured distance averaged between the
first two anchors. The third anchor is placed on the zy-plane
using its measured distances diz and d23, from the first two
anchors. These three anchors define the reference coordinate
system. The positional ambiguity of the third anchor can be
easily resolved by defining the positive y axis. Each pair of
anchors performs n range measurements, and the average dis-
tance is used to account for random errors in distance observa-
tions. After establishing the base, additional anchors with un-

Algorithm 1: Self Localization of Anchor network

Input: D; (pairwise distance matrix), » (number of anchors)
Output: Anchor positions 4 = {ai, az, ..., an}

1: Initialize 4; = (0, 0, 0)

2: Initialize A2 = (diz, 0, 0)

3: Estimate 45 using nonlinear LS with distances dis, dzs
4: 4 = {AI, Az, AJ}

5: while size(4) <n do

6: for anchor a; not in 4 do

T Select all anchors a; €4

8 minimizeY (/ (x; — )2 + (v; — ¥)2 + (7, — 2)? +r;)
9: Define residuals: r; = d; — D;

10:  Compute covariance matrix from Jacobian

11: Add estimated a; to A

12: end for

13: end while

14: return 4

Figure 1. Proposed algorithm for self localization of anchors in
the UWB network.

known positions (x;, y;, 2;) are sequentially added to known
anchor network (z, y, z). For each anchor position estima-
tion, distances to known anchors are used to form a system of
equations. The new position is estimated by minimizing resid-
uals between measured and computed distances using nonlin-
ear least squares, The proposed algorithm for self-localization
is given in figure 1. This iterative procedure continues until
all anchor positions are estimated within the local coordinate
frame. The next section presents the complete methodology
for tag positioning using Least Squares, EKF and a novel bias
aware algorithm.

4. Positioning Model

In this study, anchors are assumed to lie on the same hori-
zontal plane, reducing the localization problem to 2D. The z-
coordinate is constant across anchors and tag, hence only (z,
y) are estimated for positioning. Once the anchor coordinates
are initialized in a coordinate system and the network is set up,
the next step is to estimate the position of the mobile tag. The
following section outlines the methodology for tag position es-
timation using various approaches, including Least Squares, a
standard Extended Kalman Filter (EKF) and the proposed Bias-
Aware EKF model. The impact of each method on positioning
accuracy is discussed in detail in section 5.
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4.1 Positioning using Least Squares

The Least Squares method estimates the tag’s position by min-
imizing the difference between measured and calculated dis-
tances to known anchors. The measurement model is nonlin-
ear. At least three non-collinear observations are required to
uniquely determine a tag’s 2D position; two range observations
can yield two symmetric solutions, the detailed approach for
LS solution is mentioned in (Welsch, 1979). Given measured
distances D; between tag and known anchor positions (z;, ¥:),
the tag’s position (x, y) is estimated by solving the system of
equations as given below:

Di=+/(zi—2)>+ (i —y)*> + v (1)

4.2 Positioning using EKF

The Extended Kalman Filter (EKF) is an adaptation of the
standard Kalman Filter, specifically designed to handle non-
linear systems like those encountered in UWB-based position-
ing. In such systems, the relationship between measured dis-
tances and tag coordinates is nonlinear, making linear filtering
approaches inadequate. EKF overcomes this by linearizing the
system around the current estimate using Jacobian matrices. It
recursively predicts the tag’s position and then updates it using
incoming range measurements, making it effective for real-time
tracking. The Following are the assumptions made in this EKF:

The state space models are given below (Simon, 2006).
State transition model:

Tk = Th—1 + Vo, Al + € 2)
Ye = Yk—1 + Vyp_1 At + €p (3)
Vzy, = Vzxp_4 + €y (4)

Vy), = Uy, _; T €v (5)

b =br—1+ € (6)

Here, xi and yy are the current positions of the tag, predicted
using the previous positions xx_1, yr—1, respective velocities
Uz, _,» Uy,_, and a time step A¢. The terms €, and €, repres-
ent process noise associated with position and velocity, respect-
ively. The velocity components vz, , and vy, , are updated
based on their previous values and process noise. The term by,
is the bias at the current step, assumed to change slowly over
time and affected by a small noise term ¢,. These equations
capture both motion and bias dynamics under the assumption
of slow-changing velocity and constant bias.

Measurement Model :

zi=/(x—2:)2+ (y — yi)2 + br + €r @)

Here z; is the observed distance between the tag and the "
anchor. The term (z;,y;) represents the known position of the
it" anchor, and () is the estimated position of the tag. The
term by denotes the bias at time step £ amd er is the measure-
ment noise, assumed to be Gaussian, with zero mean and known
measurement covariance Ry.

The state covariance matrix Pr_1jx—1 denotes the uncertainty
in the estimated state vector, including the tag’s position, ve-
locity, and bias. Larger values imply higher initial uncertainty

and Pj_1|,_1 is iteratively refined through the prediction and
correction phases. The matrix Py_1x—1 is given as,

o2 0 0 0 0

0 oo 0 0 O
Pioijper=|0 0 o3, 0 0O (®)

0 0 0 o O

0 0 0 0 of

The process noise covariance matrix  models the uncertainty
arising from unmodelled dynamics or assumptions in the mo-
tion model. It consists of variances associated with the state and
these values are selected based on the experimental observa-
tion of the system’s motion and are tuned to ensure smooth and
stable performance of the filter. The measurement noise covari-
ance matrix Ry captures the uncertainty in UWB range meas-
urements, with diagonal elements representing the variance of
distance observations from at least three anchors. These val-
ues are empirically derived from multiple sample observations.
Proper estimation of Ry, ensures balanced trust between model
prediction and sensor observations. The full EKF workflow is
summarized in figure 2.

Algorithm 2: EKF Based Position Estimation

Input:
Initial state estimate: X
Initial covariance: Po
Process noise covariance: O
Measurement noise covariance: R
Anchor coordinates: (x; y;) fori=1to M
UWB measurements: z; = [z1, 2z, ..., Zu]
Time step: At
Output:
Estimated tag position: (x, y) from X
Initialization:
Set initial £ and Po
For each time step k=1, 2, ...
1: Prediction Step:
ﬁd—ld—! =F- ﬁx——!k—;
Pilpr =F Pl - FT+ Q
2: Measurement Prediction:
For each anchori =1 to M:
=N = x)? + (7 — ) +beg
Form z = [z4, z3, ..., zu]
3: Compute Jacobian H; based on partial derivatives of Z
4: Update Step:
- Innovation: e =Zk -3k
- Innovation covariance: S; = Hy * Pl - HiT+ R
- Kalman Gain: Ky = Prlgs - HT- S
- State update: el = Zales + Ki -
- Covariance update: Pile = (1 - K3 - Hy) - Pifss
End For

Figure 2. Algorithm for EKF based position estimation.

4.3 Positioning with proposed Bias Aware EKF

In practical indoor environments, the bias affecting UWB range
measurements is not strictly constant. It may originate from
transient phenomena such as multipath reflections, clock drift,
or hardware delays, which typically vary in magnitude over
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time. The assumption of a constant bias in the standard EKF
model limits its adaptability and can lead to persistent localiza-
tion errors. To overcome this, we introduce a Bias Aware EKF
model where the bias is allowed to decay exponentially, im-
proving estimation performance in dynamically changing con-
ditions. The Bias Model is derived under the assumption that
the rate of change of bias is proportional to its current value,
expressed as:

db

dt
where A > 0 is the decay rate constant. Solving this first order
differential equation yields the analytical solution:

—\b ©))

b = boe M (10)

Discretizing over time with time step At gives the recursive
form suitable for EKF integration and is expressed as,

—AAt
bk = bk71€

+ e (1)
Here, ¢, ~ N(0,07) represents Gaussian process noise as-
sociated with bias uncertainty. This bias model is embedded
into the EKF state transition model, while the rest of the filter-
ing framework including the state vector, Jacobian computation
and measurement update remains consistent with the standard
EKF structure outlined previously in section 4.2. By modeling
the temporal decay of bias, the proposed approach dynamically
adjusts the influence of the bias term, enabling more accurate
and robust localization. Although the current bias model as-
sumes a common bias term b, for simplicity, in practice each
anchor may exhibit individual biases. Extending the model to
a vector form by, = [b1,k,b2,k; -, -, -bn,x] Would account for
anchor-dependent effects, but this work focuses on the domin-
ant temporal bias component observable across all ranges. This
methodology is inspired by the estimation of state varying with
time from (Decawave, 2025).

5. Experiments, Results and Analysis

To evaluate the performance of the proposed positioning al-
gorithm, experiments are conducted in both outdoor and indoor
environments as shown in figures 3 and 4, respectively. The
outdoor tests are performed in an open 20 x 20 m, while the
indoor experiments are carried out in a typical office environ-
ment. In the indoor setup, tests are specifically designed to in-
clude non-line-of-sight (NLOS) scenarios while the tag is in
motion. A total of 8 anchors are used in the outdoor setup and
9 anchors in the indoor setup. The ground truth data is obtained
by Total Station survey. The results are compared across three
methods: Least Squares (LS), Standard Extended Kalman Filter
(EKF) and the proposed Bias-Aware Extended Kalman Filter.
All positioning measurements are obtained using Decawave R
DWM1001 UWB sensors (Decawave, 2025), ranging data are
collected directly at the tag device through serial communica-
tion, with a sampling rate of approximately 10 Hz.

5.1 Performance Evaluation Metrics

To assess the accuracy of the positioning algorithms, three key
metrics are used: Deviation Error (A.), Root Mean Square Er-
ror (RMSE) and Horizontal Dilution of Precision (HDOP). De-
viation Error is calculated as the Euclidean distance between
the estimated position and the true position of the tag at each

Figure 3. Experiment setup in outdoor environment. Ground
truth is estimated by total station survey.

Figure 4. Experiment setup in indoor environment. Ground truth
is estimated by total station survey.

timestamp:

Atiz = \/(wirue - mfzst)z + (yérue - yést)2 (12)

RMSE (R.) provides a single-value summary of the overall po-
sitioning error across all observations:

13)

HDOP (H,) is a geometry-based metric that reflects the ef-
fect of anchor placement on the accuracy of the estimated ho-
rizontal position; lower HDOP values indicate better geometry
and more reliable positioning. It is derived from the variance-
covariance matrix of the position estimates as:

Hy= /02402 (14)

Where o2and 03 are the variances of the estimated x and y
coordinates, respectively. These are obtained from the diagonal
elements of the variance-covariance matrix, typically computed
during LS and EKF-based estimation.

5.2 Parameter selection and metrics in proposed model

In this study,  and R are empirically tuned based on initial test
runs conducted in both indoor and outdoor environments. The
values are selected such that the filter maintains stability while
accurately tracking the tag position under varying conditions,
including indoor NLOS scenarios.

The variance of UWB distance measurements varies across
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anchors, ranging from approximately 0.09 m? to 0.15 m? in
table 1. To ensure a balanced treatment of the measurement un-

Anchor ID | Variance (m?)
A(DA02) 0.118
B(54A9) 0.135
C(DDOE) 0.149
D(8D13) 0.122
E(C79A) 0.094
F(C1A6) 0.106
G(C1BB) 0.091
H(DAIC) 0.111

Table 1. Distance data statistics of UWB sensor.

certainty across all anchors, the measurement noise covariance
matrix R is chosen as a diagonal matrix with 0.1 m? on the di-
agonal. The process noise covariance matrix () is empirically
tuned to reflect the expected motion dynamics of the tag and to
balance responsiveness with stability in the proposed EKF.

5.3 Outdoor Experiments - LOS condition

The first phase focuses on the self-localization of anchors, the
anchor placement is mentioned. Each anchor estimates its po-
sition through the proposed localization explained in figure 1.
The results in table 2 show varying levels of accuracy across
anchors. The average localization error ranges from 0.072 m
to 0.224 m, the accuracy can be improved if the algorithm is
further tuned to select the appropriate anchor addition in the
system, rather than randomly adding it. =~ The second phase

Anchor ID | Error (m)
A(DA02) 0.161
B(54A9) 0.127
C(DDOE) 0.224
D(8D13) 0.154
E(C79A) 0.072
F(C1A6) 0.131
G(C1BB) 0.073
H(DAI1C) 0.081

2D Trilateration - True vs Estimated Tag Positions with Anchors
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Figure 6. Moving tag trajectory estimated in outdoor
environment using EKF.
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Figure 7. Moving tag trajectory estimated in outdoor
environment using proposed bias aware EKF.

results are compared, also for base anchor network established
using Total Station (TS) survey and Anchor Self-Localization
(ASL).

Table 2. Accuracy analysis of anchor self localization.

2D Trilateration - True vs Estimated Tag Positions with Anchors
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Figure 5. Moving tag trajectory estimated in outdoor
environment using LS.

focuses on tag positioning in the moving case, the results are
demonstrated in figures 5 - 7, where the Bias Aware EKF model
demonstrates the best performance in modeling localization er-
rors under outdoor LOS conditions. Slight deviations are ob-
served near the far-end of the path, corresponding to regions of
higher HDOP, where anchor geometry temporarily degrades.

The results are mentioned in table 3, which demonstrates posi-
tions estimated with LS, Standard EKF and Proposed EKEF, the

Parameter LS EKF Bias Aware
TS ASL TS ASL TS ASL
RMSE (m) 0.291 | 0.293 | 0.424 | 0.428 | 0.224 | 0.252
Max (m) 0.428 | 0.436 | 1.516 | 1.518 | 1.340 | 1.342
Min (m) 0.008 | 0.009 | 0.001 | 0.001 | 0.001 | 0.001
95% KDE (m) | 0.251 | 0.259 | 0.704 | 0.714 | 0.135 | 0.142

Table 3. Tag position analysis in outdoor environments using
ASL vs. when anchor position is determined using Total station.

It shows that Bias-Aware EKF achieves the lowest RMSE
(0.224 m for TS, 0.252 m for ASL) and the tightest 95% con-
fidence intervals, indicating high accuracy and consistent reli-
ability even when anchor positions are self-localized.

Deviation Error Comparison

—— Least Squares
—— EKF with Constant Bias
Proposed Bias-Aware EKF

Deviation Error (m)

HDOP Over Time

o 100 200 300 400 500 600
Timestep

Figure 8. Variation of deviation error, HDOP in all cases vs time.
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The deviation error plot in figure 8 further reinforces this ad-
vantage, showing that the Bias-Aware EKF maintains the low-
est and most stable error profile across all time steps, especially
under varying HDOP (in Standard EKF) conditions. Although
least squares and standard EKF methods show increased fluc-
tuations—particularly when HDOP values rise—the proposed
model remains robust, effectively compensating for geometry-
induced uncertainty and temporal drift.

5.4 Indoor Experiments - NLOS condition

The indoor experiment is conducted using 9 anchor positions
strategically placed within the test environment. Ground truth
data for the tag’s position is collected using a Total Station. The
setup is designed to evaluate performance under NLOS condi-
tions. The results of tag trajectory in indoor environments are
shown in figure 9 to figure 11. The results demonstrate the tag
trajectory obtained is much more smoother in case of EKF, as
compared to LS. In case of standard EKF, the path is deviated in
some NLOS cases and completely gone off-track as highlighted
in figure 10, which indicates that the standard bias model can-
not model this varying behavior of bias, i.e. as bias is increased
in the observations, the value of bias increases in the estim-
ated state but as soon as the input observations have low bias,
it cannot immediately decrease, leading to deviation in traject-
ory, whereas the proposed Bias-Aware EKF has exponentially
decaying bias, so when the bias values suddenly drops down,
the decay model accounts for it, maintaining correct trajectory
(ref figure 11). The bias decay parameter X in the proposed

Ground Truth vs Estimated Positions with Anchors on Room Map
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Figure 9. Moving tag trajectory estimated in indoor environment
using LS.

Bias-Aware EKF is selected by empirical tuning. As shown in
figure 12 RMSE decreases dramatically with increasing ), sta-
bilizing beyond A ~ 2. Based on this trend, a A value in the
range of 2-3 provides an optimal balance between response to
bias and localization accuracy.

As summarized in table 4, the proposed Bias-Aware EKF
achieved the best performance with an RMSE of 0.317 m,
compared to 0.419 m for LS and 0.472 m for EKF. Addi-
tionally, the 95% CI is narrower (0.495 m) than LS (0.770 m)
and EKF (0.682 m), indicating improved consistency. The er-
ror peaks correspond to regions with partial NLOS and poor
HDOP, where anchor geometry temporarily degrades. Even
under these conditions, the proposed Bias-Aware EKF main-
tains a smoother and more accurate trajectory compared to LS
and standard EKF. Figure 13 shows the deviation error and

Ground Truth vs Estimated Positions with Anchors on Room Map
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Figure 10. Moving tag trajectory estimated in indoor
environment using EKF.
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Figure 11. Moving tag trajectory estimated in indoor
environment using proposed bias aware EKF.

Effect of Bias Decay Rate on Localization Accuracy
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Figure 12. A plot of A vs RMSE for tuning bias decay.

Parameter LS EKF | Bias Aware
RMSE (m) | 0.419 | 0472 0317
Max (m) 1.304 | 2.147 1.102
Min (m) 0.005 | 0.015 0.001
95% KDE | 0.770 | 0.682 0.495

Table 4. Tag position analysis in indoor experiment.

HDOP (in Standard EKF) over time. The Bias-Aware EKF per-
forms more reliably, especially during intervals with high and
low HDOP, highlighting its robustness in dynamic NLOS con-
ditions.
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Figure 13. Variation of deviation error, HDOP in all cases vs
time; indoors.

6. Conclusions and Future Work

This paper presents a novel Bias-Aware EKF framework for
UWB-based Indoor Positioning Systems and evaluates its per-
formance against the standard EKF and Least Squares ap-
proaches. The proposed model demonstrated consistent im-
provements of 32% in RMSE under indoor NLOS and 41% un-
der outdoor LOS conditions, confirming its robustness in varied
environments.

An ASL algorithm is also introduced and validated under
LOS conditions, achieving comparable accuracy to systems
using pre-calibrated anchors—with only a 3 cm increase in
RMSE—highlighting its suitability for flexible and rapidly de-
ployable setups.

In future work, the ASL algorithm can be enhanced through
geometry-based anchor selection to reduce error propagation
and improve network stability. The future work aims to extend
the proposed framework to a 3D environment, thus enhancing
the applicability of the proposed system. Additionally, model-
ing individual anchor-specific biases and integrating real-time
adaptive noise tuning could make the Bias-Aware EKF more re-
silient in complex dynamic and multipath indoor environments.
Although the paper presented a performance comparison in in-
door and outdoor environments, the paper did not consider the
impact of environmental factors including humidity and tem-
perature which could potentially affect UWB signals. Further
research is recommended to understand and analyze the impact
of environmental factors on UWB signals and their effect on
the positioning accuracy. Lastly, the decay rate in the proposed
bias model is empirically selected in this paper, and no formal
tuning mechanism is presented to select the optimal decay rate.
Future work will perform a sensitivity analysis of the decay rate
and a formal tuning mechanism to estimate optimal decay rate
will be developed.
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