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Abstract—In complex indoor environments, ultrawideband
(UWB) technology can be used to achieve continuous abso-
lute positioning. However, its accuracy is often degraded by
non-line-of-sight (NLOS) signal interference. In this article,
we propose a robust UWB-odometer (ODO)-inertial naviga-
tion system, named MODR-UOINS, to meet the high-accuracy
positioning requirements for wheeled robots. Multisensor
observations are tightly fused using the multistate constraint
Kalman filter (MSCKF) framework, enabling efficient manage-
ment of historical states. The proposed method can also
mitigate accuracy degradation by fully using the short-term
accuracy of ODO/inertial navigation system (INS) odometry,
especially when the base stations are sparsely deployed.
Meanwhile, a robust multiepoch outlier detection and rejec-
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tion (MODR) algorithm based on random sample consensus (RANSAC) is introduced to detect and reject NLOS outliers
effectively. Specifically, the high-accuracy short-term relative poses derived from ODO/INS odometry are utilized to
evaluate the consistency of multiepoch UWB ranges. Experiment results demonstrate that the proposed MODR-UOINS
achieves a positioning accuracy of 0.1 m in the open LOS environment and 0.15 m in the complex indoor NLOS
environment. In addition, MODR-UOINS achieves an accuracy of about 0.17 m even when only two UWB base stations

are available, exhibiting superior robustness.
Index Terms— Multiepoch outlier detection and rejection

(MODR), multisensor fusion navigation, non-line-of-sight

(NLOS) mitigation, tightly coupled positioning, ultrawideband (UWB).

I. INTRODUCTION
LOBAL navigation satellite system (GNSS) is
widely utilized in outdoor positioning scenarios [1].
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However, satellite signals are often blocked in indoor
environments, making GNSS unavailable. Ultrawideband
(UWB) technology enables accurate indoor positioning by
calculating distances based on signal propagation time [2].
Nevertheless, UWB signals are susceptible to obstruction
and interference in complex indoor environments. Therefore,
a dense deployment of UWB base stations is required in
large indoor areas, such as underground parking garages
and airports, so as to ensure continuous and reliable
positioning. The microelectromechanical system (MEMS)
inertial measurement unit (IMU) can provide motion data
independently [3] and is widely used in practical scenarios
such as pedestrian navigation [4], medical diagnosis [5], and
sports training [6]. Thus, the inertial navigation system (INS)
constructed based on the IMU can provide short-term position
estimates during UWB signal outages, enhancing positioning
continuity and robustness. Hence, the integration of UWB
and MEMS IMU is widely used for indoor positioning,
particularly for wheeled robots, which are commonly used
in indoor positioning due to their simple structure and high
control precision. Despite these advantages, a low-cost MEMS
IMU is prone to accumulated errors, leading to degraded
positioning accuracy [7]. Therefore, relying solely on UWB
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and MEMS IMU for positioning is not enough in complex
indoor environments.

To solve the above problem, we equip wheeled robots with
wheel odometer (ODO) as auxiliary sensors, which offers
advantages such as autonomy and low cost compared to other
onboard sensors, and can effectively mitigate IMU drift [8],
[9], [10]. On this basis, this article proposes a robust tightly
coupled UWB-ODO-INS, named MODR-UOINS. By tightly
integrating UWB, ODO, and IMU, reliable positioning can
be maintained even when UWB base stations are sparsely
deployed. Meanwhile, the short-term high-accuracy relative
poses from ODO/INS odometry provide robust geometric
constraints to verify the consistency of multiepoch UWB
ranges. Hence, a multiepoch outlier detection and rejec-
tion (MODR) strategy for UWB ranges based on random
sample consensus (RANSAC) [11] is proposed, which does
not require absolute poses. It uses recursive relative poses
from ODO/INS odometry to estimate the base station posi-
tions following the model in Section V-A. Residuals of
the UWB ranges at each epoch are then calculated based
on the estimated positions. The consistency of the current
UWB range is evaluated by checking whether its resid-
ual is below a preset threshold, thereby enabling outlier
detection. Meanwhile, the multistate constraint Kalman filter
(MSCKF) can maintain constraints among historical states,
thereby enabling the implementation of the proposed MODR
method. Thus, MODR-UOINS is formulated based on the
MSCKEF. The main contributions of this article are given as
follows.

1) We propose a tightly coupled UWB-ODO-inertial nav-
igation method based on the MSCKF framework.
Furthermore, UWB scale factors and offsets are incorpo-
rated to estimate and calibrate hardware-induced ranging
errors online, enhancing positioning accuracy.

2) To mitigate UWB non-line-of-sight (NLOS) effects,
an MODR method is proposed, which does not rely
on absolute pose accuracy. Specifically, a RANSAC-
based method is employed to verify the consistency
of multiepoch UWB ranges by leveraging short-term
relative poses from ODO/INS odometry.

3) Comprehensive experiments were conducted in LOS and
NLOS environments. MODR-UOINS achieves about
0.15-m positioning accuracy in the complex indoor
NLOS environment, which is comparable to that in
the open LOS environment. Besides, MODR-UOINS
still achieves an accuracy of about 0.17 m when
using only two base stations, demonstrating superior
robustness.

[I. RELATED WORK

Current UWB/IMU fusion systems are typically classi-
fied into loosely coupled and tightly coupled architectures.
In loosely coupled systems, navigation outputs from UWB
are integrated with IMU data through relatively simple meth-
ods. Sharifuzzaman Sagar et al. [12] proposed a loosely
coupled UWB/IMU relative positioning system. In this sys-
tem, moving average and min-max removing preprocessing
filters were used to reduce noise effects on UWB ranges.

Zhong et al. [13] proposed a loosely coupled method based on
the extended Kalman filter (EKF), leveraging the complemen-
tary characteristics of UWB and IMU to enhance positioning
accuracy. Naheem and Kim [14] removed partial UWB ranging
outliers by analyzing the deviation between UWB-derived
and IMU-predicted positions. In [15], a two-stage Kalman
filter-based approach was proposed to estimate the attitude
and position of the robot. However, loosely coupled systems
require dense base station deployment to maintain positioning
stability and are less effective in mitigating NLOS effects on
UWRB ranging.

In tightly coupled systems, raw UWB measurements are
directly fused with IMU data, enabling the use of available
measurements even under partial signal loss and, thereby,
improving the robustness of the positioning system. Var-
ious methods have been explored, including those based
on the EKF [16], the unscented Kalman filter [17], the
backpropagation neural network [18], and machine learning
models [19]. However, the above methods do not explicitly
address UWB NLOS conditions or rely solely on simple
threshold-based detection [14]. This limits their effectiveness
in complex environments. To address this, many studies have
proposed outlier culling methods to mitigate UWB NLOS.
Chen and Li [20] used high-accuracy short-term IMU data
to compensate for UWB NLOS errors, while UWB mea-
surements corrected IMU drift. In [21], fuzzy comprehensive
evaluation and semidefinite programming were used to detect
and reject NLOS outliers. Furthermore, deep learning-based
methods have been explored. Zheng et al. [22] used convo-
lutional neural networks to analyze UWB data to identify
NLOS signals. Fontaine et al. [23] used autoencoders to
detect NLOS conditions. However, these methods rely only
on single-epoch UWB ranges for outlier detection, limiting
robustness in complex indoor NLOS environments.

Therefore, multiepoch outlier culling strategies have been
introduced into UWB-based fusion positioning schemes to
better suppress NLOS effects. Zhu et al. [24] identified and
suppressed NLOS by analyzing changes in UWB ranging mea-
surements at adjacent time steps, combined with short-term
pose constraints provided by IMU. In [25], a differential
distance sliding window scheme was designed to detect NLOS
in multiepoch UWB ranging measurements and reject the
resulting ranging outliers. However, these methods exclusively
fuse MEMS IMU and UWB data, and MEMS IMU has
significant errors, with its accuracy degrading during long-
term navigation [7].

To further enhance the robustness and accuracy of
UWB/IMU fusion systems in NLOS environments, multi-
sensor fusion navigation approaches have been explored.
Additional sensors, such as light detection and ranging
(LiDAR), have been integrated. Zhang et al. [26] proposed
a tightly coupled UWB/LiDAR/IMU framework, where a
multiepoch outlier rejection method was used to enhance
positioning accuracy. However, LiDAR is expensive, compu-
tationally demanding, and sensitive to dynamic occlusions.
Chen et al. [27] identified NLOS signals using laser
point cloud maps and applied a gray forecast model to
correct them based on multiepoch UWB ranges. The cor-
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Fig. 1. System overview of the proposed MODR-UOINS.

rected data were then fused via factor graph optimization.
However, factor graph optimization is computationally expen-
sive. In addition, the gray forecast model requires high-quality
historical data, which is often unavailable in real-world envi-
ronments.
[Il. SYSTEM OVERVIEW

The proposed system tightly integrates UWB, ODO, and
IMU measurements within an IMU-centric state estimation
framework, as shown in Fig. 1. First, the INS propagation
step is executed: the prior pose information is obtained through
IMU mechanization, and the state vector and covariance matrix
are propagated, respectively. Once ODO measurements are
received, they are used to construct a velocity measurement
model and update the current state. This mitigates IMU drift
and improves the short-term relative pose accuracy of the
ODO/INS odometry. When UWB ranges from one measure-
ment period are received, they are compensated using the
online estimated systematic ranging bias, and the corrected
ranges are treated as a new UWB frame. Then, the proposed
RANSAC-based MODR method is applied to process UWB
ranges within the window if the number of UWB frames
in the sliding window reaches the predefined threshold. The
good-quality UWB measurements are then used to update the
MSCKEF state, enabling pose correction, as well as compen-
sation for both IMU and UWB system errors. After the state
update, the corrected current IMU pose is augmented into the
MSCKEF state vector for the next state update. Finally, the
earliest UWB frame is marginalized once the number of UWB
frames exceeds the window length to bound the computational
complexity.

IV. TIGHTLY CouPLED UWB-ODO-INERTIAL
FusioN BASED ON MSCKF

By tightly coupling UWB, ODO, and IMU measurements,
reliable positioning can be achieved even under sparse UWB
base station deployment. Here, we employ the famous MSCKF
for multisensor fusion, as its sliding-window structure enables
efficient management of multiepoch measurements. In this
section, the MSCKEF state vector is first introduced, followed
by the procedures of state augmentation and marginalization.
Finally, the measurement models for UWB and ODO are
presented, respectively.

A. State Vector

The MSCKEF state vector is composed of three parts: the
IMU error states, the systematic UWB ranging error states,

and the UWB frame states, which are denoted as
Xmu, Xuws, and Xkruws, respectively. The complete state
vector is defined as

T T T T
X = [XIMU Xuws XKFUWB] ey
where each subvector is specifically defined as follows:
Xivu = [0  spP  SvY b, Sb |

Xuws = [854, 8b,1"
= [856,85urs - - - 85y 8B, 8bus, - - 8byy |

T
XKrFuw = [XKFUWB,I Xkruws,2, - - -, XKFUWB,N]

= [[sa5,. 51" o0 op2]" ..
(67,525, ]"] @

where b and w represent the IMU frame and the world frame,
respectively. 8¢y, 8 p;, and dv;’ are the attitude, position,
and velocity errors of the IMU, respectively. b, and &b,
represent the accelerometer bias errors and gyroscope bias
errors, respectively, which are modeled as first-order Gaussian
Markov processes to capture their slow variations over time.
ds,; and &b, are the scale factor error and offset error of the
ith UWB base station, respectively, which are mainly caused
by hardware factors such as clock frequency drift and antenna
delay. These errors are modeled as random constants and
introduced into the state vector to compensate for systematic
UWB ranging errors, and thus, the positioning accuracy can
be improved. r indicates the number of UWB base stations in
the system. 8¢fk and § p‘l;’k are the attitude error and position
error of the IMU at time #;, respectively, and N is the sliding
window length of MSCKF. By augmenting Xkrywp into the
state vector, these states are jointly estimated and updated
using the refined UWB ranging values.
The attitude error is defined as

R = RExp(8¢) ~ R (I + [66]%) 3)

where R and R are the true attitude and the estimated attitude,
respectively. Exp(-) represents the exponential map operation,
I is the identity matrix, and [-]« is the skew-symmetric matrix
operator [28]. The definition of position error, velocity error,
UWB scale factor error, and UWB offset error is given as
follows:

Sx =x —% €]

where dx, x and X represent the error, true, and estimated
state, respectively.

When IMU measurements are available, high-frequency
poses are produced through INS mechanization. INS mech-
anization refers to the equations for updating the attitude,
velocity, and position of the robot. The corresponding equa-
tions are given as follows:

=R}, Exp (wZAt)

Vo = Uy ~|—RZ’kf,l(’At + gl At
Ph,, = Pbk" + vy At 5)

w
Rbk+ 1
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where R“j(, vl'j;{ and p}fk are the attitude, velocity, and position
of the IMU at time, respectively. f i and “’Z represent the
acceleration and angular velocity of the IMU at time f. At is
the time interval. g}’ is the gravitational acceleration in the
w frame.

B. State Augmentation and Marginalization

When the high-frequency pose information from IMU
mechanization is obtained, the state vector and the covari-
ance matrix are propagated forward using the standard
error-state Kalman filter (ESKF) prediction equations [29].
Unlike the standard ESKF with a fixed state dimension,
the adopted MSCKF maintains a dynamically changing
state vector through augmentation and marginalization. This
sliding-window strategy helps achieve the proposed MODR
method, thereby enhancing the overall robustness.

Specifically, when a new UWB frame is received, the
IMU states are corrected. The corresponding IMU pose is
then augmented into the state vector, while the covariance
matrix is augmented. Assuming that the current state dimen-
sion is n, the augmented state dimension is m, and the Jacobian
matrix of the augmented state with respect to the current
state is J,;xn. The augmented state covariance matrix can be
written as

Pyxn Puxn (JT)nxm

. (6
menann(JT)nxm} ©

When the number of UWB frames exceeds the allowed
maximum, the marginalization is performed. The states asso-
ciated with the earliest frame and the corresponding rows and
columns of the covariance matrix are deleted.

P(n+m)><(n+m) = |:

menann

C. UWB Range Measurement Model

The UWB module, based on the DW1000 chip, employs
the double-sided two-way ranging (DS-TWR) method [30]
to estimate distance from time-of-arrival (TOA) measure-
ments [31]. The residual is obtained by calculating the
measured distance from the UWB base station with the
predicted range. For instance, the residual of the range mea-
surement d; x from the ith UWB base station at time f; is
defined as

Fik = Su; ||szﬁn - PZ},- ” + by, —dix

+by; —dix  (7)

s

_ w w b w
= Su; Hpbk +Rbkpant - pu,‘

where s,, and b,; are the scale factor and offset of the ith
UWB base station, respectively. p, is the position of the
UWB antenna in the w frame. p, and R} are the position
and attitude of the IMU in the w frame at time #, respectively.
pi’m is the position of the UWB antenna in the b frame (i.e., the
UWB lever arm). p, is the position of the ith UWB base
station in the w frame. The Jacobian matrix of the residual
can be written as

81’,’]( i| (8)

0 XKFUwB

ari,k

H— [ ar,”k
0 X1mu

0 Xyuws
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and the specific form of each term is given as follows:
3",‘ k
— =0
XU 1x15
or; k _ orix Ork
dXuws | ds, b,
orie _ | i —pil. i=i
ISy, 0, Jj#i
ore _ 1, j=i
by, |0, j#i
T T
Pan—Pu; b
Su; (w—)TRg)k (pant)
I’am—lh'f,- .
ari,k _ - T s J = k
9 XKFUWB, j SM'M
Pg,m_l’z%
L O6X17 j 7& k'
©))

The residual vector #UWB and the Jacobian matrix HVWB
are obtained by rowwise stacking of the residuals and
Jacobians from multiple epochs and are then used for the
state update.

D. ODO Velocity Measurement Model

In the ODO measurement model, the velocity residual is
defined as the difference between the ODO-measured robot
velocity and the estimated robot velocity

Fodo = RIR bogo — (vbw ~ RV [lod0 x wb]) (10)
where Rlb) is the direction cosine matrix (DCM) between the
b frame and the vehicle frame, voq, is the velocity measured
by the ODO, and v} is the velocity estimated by the IMU.
Iodo is the lever arm vector from the IMU to the ODO, @? is
the current angular velocity of the IMU, and x represents the
cross-product operator. The specific form of vyg, iS given as
follows:

0 0] (11)

where v, is the forward velocity measurement of the ODO,
with backward and lateral velocities modeled as zero, reflect-
ing the nonholonomic constraint (NHC) [9]. Based on this
ODO velocity measurement model, the robot motion is con-
tinuously constrained by forward velocity measurements and
NHC:s. As a result, the velocity and attitude errors of the IMU
are corrected, thereby effectively limiting MEMS IMU drift.

The Jacobian matrix of the ODO velocity residual with
respect to Xpvu is given as follows:

Vodo = [Ux

H= |:03x37 Isx3, Ry (lodo X wb)x ,03x3, R} (lodo)x] .
(12)

V. RANSAC-BAsSeD MODR ForR UWB RANGES

The ODO/INS odometry can achieve high-accuracy short-
term relative poses, which can be used to estimate the
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Fig. 2. Schematic of multiepoch UWB measurements.

positions of base stations. Based on the estimated positions,
the theoretical ranges for each UWB measurement can be
calculated, and the corresponding residuals can be obtained.
By examining whether these residuals are below a preset
threshold, the consistency of multiepoch UWB ranges can be
verified, thereby enabling RANSAC-based outlier rejection.
In this section, the estimation model of the UWB base station
is introduced first, and then, the MODR method based on
RANSAC is presented.

A. Estimation Model of UWB Base Station
The schematic of multiepoch UWB measurements is shown
in Fig. 2. The relative position of the base station can be
estimated by constructing a nonlinear objective function,
expressed as
2
i)

The Levenberg—Marquardt (LM) algorithm [32] is employed
to solve the equation. The detailed solution steps are given as
follows.

Step 1: Select an initial point p}f,.’(o); initialize the maximum
number of iterations K, the threshold ¢, and the damping
factor A9 and set the current iteration count k = 0.

Step 2: Calculate the residual of d; ;, and denote it by r

13)

N
F(py) =min>" (| o, + R ol - Pl
HI' ]=1

(ON
o

k
= oy +RY Pl — | - .

Step 3: Calculate the Jacobian matrix of d; ;, and denote
it by:

(k) w w b w, ()T
ar’ (ph~ +Rb4pant_pui )
k) o _ TG \Th j
I di = dp,. w w b w, k)|
“ Hpbj * ijpam = Pu; H

Step 4: The residual vector and the Jacobian matrix
can be obtained by concatenating all residuals and Jaco-
bian matrices rowwise: r® [rgk) r;k) rg\l,c)]T and

ky _ g g ()T

Step 5: Calculate the position increment, and the formula is

Apl® = — <J<k>TJ<k> + l(kq)‘l JROT

w, (k+1)

Step 6: Update position: p,, w0

,(k
=Puw,-()+APu,-

Dataset D, base station estimation model F,

maximum iteration number K, minimum sample size N,

threshold e, minimum number M fitting the model

Initialize k=0, Fyoy =, Dy =D, €per = 09|

k<K

Yes
Randomly select N samples from D, denoted as Dmybf.‘

it the model F" using D, to obtain F,,.

k=k+1

initialize D,,, =@

for d in D and d & D,uy.
if d fit F,,.. and error <e
D,jyo = Dyyso U {d}

No

Dosso| > M

Vv Yes
Fit the model F' using D,,.. and D, to obtain Fj..,

Foest = Fretters €pest = €tnisy Dyest = Dmaybe U Dalso}—

Flowchart of the proposed RANSAC-based multiepoch outlier

Fig. 3.
culling algorithm. N and M are set to 70% and 85% of the total number
of ranges in D, respectively, and the threshold € is set to 0.05 m.

Step 7: If k > K or |A p,lfl.’(k)n < g, terminate the iteration;
otherwise, update k = k + 1, and return to Step 2.

Following these steps, the relative position of the base
station p,, can be estimated.

B. MODR Based on RANSAC

In complex environments, UWB ranging measurements may
be affected by NLOS, resulting in degraded positioning accu-
racy. Hence, based on the MSCKEF sliding window strategy,
a RANSAC-based MODR method is adopted to detect and
reject outliers, which does not require absolute poses. This
method utilizes the UWB ranges, and the recursive relative
poses from ODO/INS odometry to estimate base station posi-
tions according to the model in Section V-A. Subsequently,
UWRB range residuals at each epoch are calculated based on
estimated positions. The consistency of the current range with
those from other epochs is then assessed by checking whether
its residual is below a preset threshold, thereby enabling outlier
detection and rejection.

The specific procedure of the RANSAC-based MODR
method is shown in Fig. 3. First, relevant parameters are
initialized, and a subset of N samples is randomly selected
from the full set of UWB ranges D, where N is set to 70%
of the total number of ranges in D. The base station position
is then estimated using the ODO/INS relative poses following
the method described in Section V-A. Next, theoretical ranges
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Fig. 4. Employed wheeled robot for real-world experiments.

of all measurements except for the selected N samples are
calculated based on the estimated position, and their residuals
are then obtained. Measurements with residuals smaller than a
preset threshold e are classified as inliers, where the threshold
€ is set to 0.05 m, enabling consistency checking of the UWB
ranges. Then, the base station position is reestimated using
both the new inliers and the original sampled inliers when
their combined number exceeds M, where M is set to 85% of
the total number of ranges in D. The sum of residual norms
for these ranges is calculated based on the updated base station
positions. This process is iterated multiple times. During each
iteration, the base station position is updated, and the sum of
residual norms is recalculated. Finally, the base station position
estimation model with the minimum residual sum is chosen as
the optimal model. The corresponding inlier set is regarded as
the optimal UWB ranging dataset with outliers removed and
is used for the state update.

VI. EXPERIMENTS AND ANALYSIS

A. Experimental Setup

The employed wheeled robot for quantitative experiments is
shown in Fig. 4. The used UWB module is the LD-150, which
is based on the DW1000 chip and operates at a frequency
of 5 Hz. The IMU is the ADIS16465 from ADI with a
frequency of 200 Hz. The ODO velocity measurements are
obtained from the wheel encoder of the robot chassis, which
has a pulse per revolution of 800 and a frequency of 5 Hz.
The ground-truth poses are obtained by matching the LiDAR
data from the robot to a prebuilt point cloud map, with an
accuracy of about 2 cm. The point cloud map is constructed
via postprocessing using the commercial device RS100i-MT.

Two test environments are designed for comprehensive
validation of the proposed method: an open LOS environment
and a complex indoor NLOS environment. As shown in Fig. 5,
the LOS environment is an open basketball court with minimal
NLOS interference, which is used to evaluate the upper-bound
positioning accuracy of our system. The complex indoor
NLOS environment is in an underground garage with many
obstacles. UWB ranges are severely affected by NLOS inter-
ference in this environment, resulting in numerous outliers.

base station

Fig. 5. Experimental environments and equipment. (a) Open LOS.
(b) Complex indoor NLOS.
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Fig. 6. UWB base station distributions and test trajectories. Black
rectangles represent vehicles and other obstacles. (a) Open LOS.
(b) Complex indoor NLOS.

Thus, the NLOS environment is used to evaluate the robust-
ness and accuracy of the proposed method under challenging
conditions.

To eliminate the influence of base station distribution on
positioning performance in both environments, the spatial
distribution of base stations is kept consistent. Base stations
are placed at the four corners of a 22 x 24 m rectangular
area. The distances of AO-A1l and A2-A3 are about 24 m,
while the distances of AO-A3 and A1-A2 are about 22 m.
In each scenario, data from three test sequences were collected
along different paths to reduce the impact of the path selection,
and thus, the reliability of the results can be improved. The
trajectories of each sequence and the base station distribution
are shown in Fig. 6, where black rectangles represent vehicles
and other obstacles. Among the NLOS sequences, the nlos-
02 sequence experiences the strongest interference due to its
proximity to a wall, which severely obstructs UWB signals
and induces significant multipath effects. Fig. 7 presents two
subplots analyzing the UWB measurements from the nlos-02
sequence. The top subplot displays the UWB range errors over
time, while the bottom subplot shows the number of available
UWB ranges at each epoch. For the error calculation, the
ground-truth ranges were derived from ground-truth poses.
Significant range errors and frequent measurement dropouts
are observed due to NLOS interference.

The positioning accuracy is evaluated by comparing the
estimated horizontal positioning results with the ground truth.
The methods used for comparison are given as follows.

1) MODR-UOINS: The proposed tightly coupled UWB-
ODO-INS with the proposed MODR method.

2) OINS: A subsystem of MODR-UOINS without using
UWB for evaluating the positioning accuracy of the
ODO/INS odometry; it does not use the MODR or

Authorized licensed use limited to: Wuhan University. Downloaded on April 03,2026 at 02:12:23 UTC from IEEE Xplore. Restrictions apply.



4918 IEEE SENSORS JOURNAL, VOL. 26, NO. 3, 1 FEBRUARY 2026
3.0
1.0 1.0 —— SODR-UOINS
25 —— MODR-UOINS
’E‘ 0.5 0.8 _ —— MODR-UINS
£ . : £
o =20
= S
o 0.0 0.6 &
S & §1s
§-05 o4 g
—— MODR-UOINS 510
—— MODR-UINS =
-1.0 0:2 —— SODR-UOINS 05
=== 95% CEP
o4 —
s 0.0 0.0
% 0.0 0.5 1.0 g 2.0 25 3.0 458000 458100 458200 458300 458400 458500 458600
; 3 A S — —— o — Horizontal Error (m) Time (s)
z, _ . _ (@) (b)
s
é 1 - - Fig. 8. Comparison of the positioning errors on the nlos-02 sequence.
2, (a) CDFs of positioning error. (b) Positioning error.
458000 458100 458200 458300 458400 458500 458600
time(s)
TABLE Il
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The range number means the observed base station number in a UWB
frame.

TABLE |
POSITIONING ERRORS IN THE OPEN LOS ENVIRONMENT
OINS MODR- SODR- ISM- MODR-
Error UINS UOINS UOINS UOINS

(m) RM CEP RM CEP RM CEP RM CEP RM CEP
SE 95 SE 95 SE 95 SE 95 SE 95

los-01 0.694 1.445 0.087 0.148 0.088 0.150 0.091 0.156 0.088 0.144
los-02 1.500 3.097 0.105 0.163 0.114 0.185 0.110 0.173 0.106 0.166
los-03 1.448 2.624 0.112 0.182 0.110 0.186 0.106 0.174 0.103 0.168
RMS 1.269 2.488 0.102 0.165 0.105 0.174 0.103 0.168 0.099 0.160

The bold results demonstrate the best among these methods.

single-epoch outlier detection and rejection (SODR)
methods, which are employed in this article only for
UWB NLOS mitigation.

3) MODR-UINS: A variant of MODR-UOINS without
ODO to evaluate the positioning accuracy of the tightly
coupled UWB-INS.

4) SODR-UOINS: A variant of MODR-UOINS where the
proposed MODR method is replaced by an SODR
method, i.e., chi-square test.

5) ISM-UOINS: A variant of MODR-UOINS where the
proposed MODR method is replaced by the innovation
sequence monitoring (ISM) method [33].

B. Results and Discussion

1) Open LOS Environment: The positioning results are
shown in Table I. The root mean square error (RMSE) and
95% circular error probable (CEP95) values for MODR-
UOINS, MODR-UINS, ISM-UOINS, and SODR-UOINS are
comparable, which is consistent with theoretical expectations.
Under ideal LOS conditions, UWB provides high-accuracy
absolute positioning and plays a dominant role in the posi-
tioning process. Therefore, fusing only UWB and IMU is
sufficient to achieve high positioning accuracy. Due to the
minimal NLOS interference in this open LOS environment,
the role of outlier culling methods is significantly dimin-
ished. Consequently, the SODR, ISM, and MODR methods
exhibit comparable performance. In contrast, OINS exhibits
significantly larger errors, indicating that positioning based

NLOS ENVIRONMENT

MODR-  SODR- ISM-  MODR-UOINS MODR-
Error  UINS UOINS  UOINS  (without OE)  UOINS
(m) "RM CEP RM CEP RM CEP RM CEP RM CEP

SE 95 SE 95 SE 95 SE 95 SE 95

nlos-01 0.189 0.338 0.316 0.724 0.196 0.408 0.225  0.500 0.141 0.254
nlos-02 0.806 1.791 0.397 0.867 0.332 0.798 0.258  0.576 0.166 0.317
nlos-03 0.239 0.489 0.390 0.966 0.263 0.606 0.196 0.345 0.153 0.261
RMS 0.497 1.090 0.369 0.858 0.269 0.625 0.228  0.483 0.154 0.279

MODR-UOINS (without OE) refers to MODR-UOINS without online
estimation of UWB ranging errors, as used in VI.C.3.

solely on ODO and IMU results in considerable drift accu-
mulation. Thus, absolute positioning sensors such as UWB
must be introduced to suppress the drift. Besides, the results
demonstrate that MODR-UOINS achieves an upper-bound
positioning accuracy of approximately 0.1 m. This value can
serve as an important reference for evaluating the positioning
performance of various methods in the complex indoor NLOS
environment.

2) Complex Indoor NLOS Environment: Fig. 8 compares the
positioning performance of various methods on the nlos-02
sequence using two subplots: Fig. 8(a) shows the cumula-
tive distribution functions (CDFs) of the positioning errors,
and Fig. 8(b) shows the corresponding time-series positioning
error curves. As shown in Fig. 8(a), the cdf of positioning
error for MODR-UOINS consistently lies entirely to the left
of those for the other methods, indicating its higher positioning
accuracy at any given probability level. The positioning error
curves in Fig. 8(b) further corroborate this superiority. The
error trajectory of MODR-UOINS not only remains lower
than those of other methods for most of the duration but also
exhibits significantly smaller fluctuations, indicating enhanced
stability and robustness. In contrast, MODR-UINS exhibits
the worst performance due to unsuppressed IMU drift, under-
scoring the inadequacy of relying solely on UWB and IMU
in this complex NLOS environment. Therefore, incorporating
ODO measurements is essential for suppressing IMU drift and
thereby improving overall performance.

The positioning results are shown in Table II. The proposed
MODR-UOINS achieves an overall RMSE of approximately
0.154 m, outperforming the other three methods. Notably,
this performance is comparable to that obtained in the open
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Time (s
SODR-UOINS, MODR-UOINS reduces RMSE and CEP95 by
approximately 58.3% and 67.5%, respectively. This confirms Fig. 9. Comparison of the outlier-culling performance on the nlos-

the superiority of the proposed MODR method. In contrast,
the performance of the SODR method degrades because it
relies on an accurate absolute pose at the current time, which
cannot be guaranteed in this NLOS environment. Compared to
ISM-UOINS, MODR-UOINS reduces RMSE and CEP95 by
approximately 42.8% and 55.4%, respectively. This is because
single-frame outliers are not detected by ISM-UOINS when
their innovations are too small to exceed the threshold during
sliding-window averaging. Instead, MODR-UOINS detects
outliers based on geometric consistency constraints, enabling
more effective identification of these outliers. Furthermore,
ISM-UOINS exhibits higher positioning accuracy than SODR-
UOINS, indicating that persistent biases in UWB ranges
can be effectively detected and rejected through multiepoch
sequence innovation analysis. Compared with MODR-UINS,
MODR-UOINS shows a reduction in RMSE and CEP95 of
approximately 69.0% and 74.4%, respectively. This indicates
that the ODO/INS odometry provides more accurate relative
poses, thereby enhancing the effectiveness of the proposed
MODR method.

C. Robustness Analysis

1) Impact of the Sparse Base Station Deployment: To evalu-
ate the robustness of MODR-UOINS under sparse base station
deployment, tests were conducted with only two base stations
simultaneously visible. The positioning results of different
methods in the complex indoor NLOS environment are shown
in Table III. MODR-UOINS achieves an accuracy of 0.171 m
using just two base stations, which is comparable to the
0.154 m obtained using four. This is because MODR-UOINS
employs a tightly coupled strategy and applies the proposed
MODR method to UWB ranges based on the sliding window
strategy of MSCKEF. Consequently, the method can effectively
identify and reject outliers even under sparse base station
deployment, thereby maintaining high positioning accuracy.
These results also show that MODR-UOINS can reduce the
deployment cost of base stations.

Besides, under dual base station conditions, MODR-UOINS
achieves a more substantial improvement in positioning accu-
racy over SODR-UOINS, reducing RMSE and CEP95 by
73.2% and 75.9%, respectively. These reductions are greater
than the 58.3% and 67.5% observed with four base sta-
tions. This indicates that the advantages of the proposed

02 sequence. Here, the “All” denotes the range errors between the
raw ranges and the ground-truth ranges of UWB. The raw ranges are
measured using the DS-TWR method, while the ground-truth ranges
are derived from ground-truth poses. The A0 and A3 range errors refer
to the range errors from UWB base stations 0 and 3, respectively. Since
A0 and A3 are subject to stronger NLOS interference, only the range
errors of these two base stations are presented.

MODR method become increasingly evident as the number
of available UWB ranges decreases. This is mainly due to
the different pose estimation strategies adopted by the two
methods. MODR-UOINS relies on relative pose estimations
from ODO/INS odometry and employs multiepoch outlier
culling based on MSCKEF, making it less sensitive to reductions
in UWB base stations. In contrast, the SODR method depends
on accurate absolute pose estimations, resulting in increased
positioning errors when UWB ranges are limited.

2) Impact of the MODR Method: To provide an intuitive
comparison of the two methods on the nlos-02 sequence, three
types of range errors are plotted in the upper half of each
subfigure, as shown in Fig. 9. These include: 1) errors between
the raw UWB ranges and the ground-truth ranges; 2) errors
between ranges retained after outlier culling by the SODR
method and the ground-truth ranges; and 3) errors between
ranges retained after outlier culling by the MODR method and
the ground-truth ranges. The raw UWB ranges are measured
using the DS-TWR method, while the ground-truth ranges are
derived from ground-truth poses. In addition, green and red
markers in the lower half of each subplot indicate whether
the ranges at the corresponding time points are retained by
MODR-UOINS and SODR-UOINS, respectively. A marker is
plotted only if a range is retained, thereby illustrating which
measurements are accepted by each method.

As shown in Fig. 9, SODR-UOINS retains some ranges
with significantly large errors, resulting in more marker points
and reflecting its failure to detect certain outliers. This lim-
itation occurs because the SODR method relies solely on
the current UWB ranges for outlier detection and rejection
and requires accurate absolute poses. As a result, in complex
NLOS environments where accurate absolute poses cannot be
guaranteed, this method is prone to missing outliers, thereby
limiting its positioning robustness and accuracy. In contrast,
the proposed MODR method integrates historical range infor-
mation and avoids reliance on absolute poses by utilizing
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Fig. 10. Estimated scale factors and offsets on the los-01 sequence.
(a) Scale factors. (b) Offsets.

TABLE IV
EFFICIENCY AND POSITIONING RESULTS ON THE NLOS-02 SEQUENCE
Sliding window size 5 10 15 20 25
INS propagation time(ms) 1.48 2.04 2.83 3.87 5.17
UWB update time (ms) 0.10 0.15 0.31 0.54 0.89
MODR time (ms) 11.18 14.68 17.78 1831 2224
RMSE (m) 0.271 0219  0.166  0.197  0.193

relative pose estimations from ODO/INS odometry. Thus,
MODR-UOINS enables more effective detection and rejec-
tion of outliers, thereby significantly improving robustness in
challenging indoor environments.

3) Impact of the Online UWB Ranging Error Estimation: The
online estimation curves of the scale factors and offsets for
each base station on the los-01 sequence are shown in Fig. 10,
where significant fluctuations are observed at the initial stage.
However, both parameters gradually converge over time, indi-
cating that systematic UWB ranging errors are effectively
compensated for during online estimation. To quantitatively
evaluate the impact of online error estimation on positioning
accuracy, the positioning accuracy of MODR-UOINS and
MODR-UOINS (without OE) was compared. Here, MODR-
UOINS (without OE) refers to MODR-UOINS without online
estimation of UWB ranging errors. The test results are shown
in Table II. Compared to MODR-UOINS (without OE), the
RMSE and CEP95 of MODR-UOINS are reduced by approx-
imately 32.5% and 42.2%, respectively. These results further
confirm that online calibration of ranging errors can improve
positioning accuracy.

4) Efficiency and Positioning Accuracy for Different Sliding
Window Sizes: As shown in Table IV, the computational
efficiency and positioning accuracy of MODR-UOINS were
evaluated using different sliding window sizes on the nlos-02
sequence. As the window size increases, the INS prop-
agation time, UWB update time, and MODR processing
time increase accordingly. This indicates that larger windows
require maintaining more historical states, which increases
computational complexity. The RMSE initially decreases and
then increases with window size, reaching a minimum at 15.
A small window size provides insufficient historical informa-
tion, leading to degraded positioning accuracy. Conversely,
an excessively large window weakens state correlations and
intensifies error accumulation, degrading positioning accuracy.

TABLE V
POSITIONING ERRORS UNDER DIFFERENT RANSAC THRESHOLDS

0.03 0.05 0.075 0.1 0.15

Error
(m) RMSECEP95RMSE CEP95RMSE CEP95RMSE CEP95RMSE CEP95

nlos-01 0.221 0.398 0.141 0.254 0.141 0.259 0.145 0.284 0.310 0.382
nlos-02 0.187 0.395 0.166 0.317 0.254 0.504 0.271 0.567 0.273 0.545
nlos-03 0.177 0.289 0.153 0.261 0.160 0.283 0.183 0.361 0.179 0.373
RMS 0.196 0.364 0.154 0.279 0.191 0.366 0.207 0.421 0.260 0.440

Therefore, a sliding window size of 15 is selected as it
offers an optimal balance between computational efficiency
and positioning accuracy. Besides, the average interval of
the UWB frames is around 200 ms. The results in Table IV
show that the average processing time of MODR-UOINS is
significantly shorter than this interval, indicating excellent
real-time capability. When the sliding window size is set
to 15, MODR-UOINS can run at around nine times the real-
time speed.

5) Impact of the RANSAC Threshold: The positioning results
of MODR-UOINS under different RANSAC thresholds are
shown in Table V. The results indicate that the positioning
accuracy is sensitive to the RANSAC threshold. The optimal
accuracy is achieved when the threshold is set to 0.05 m, which
matches the standard deviation of the UWB ranging errors.
This threshold setting enables effective outlier rejection while
preserving sufficient valid measurements. A threshold that is
too low leads to excessive rejection of UWB ranges, result-
ing in insufficient inliers and degraded accuracy. Conversely,
an overly high threshold retains more outliers as inliers,
thereby increasing measurement noise and degrading accuracy.
Therefore, a RANSAC threshold of 0.05 m is selected for
optimal positioning performance.

VIlI. CONCLUSION

This article proposes a robust tightly coupled UWB-ODO-
inertial navigation method based on the MSCKF framework
for complex indoor environments. The short-term high-
accuracy relative poses from the ODO/INS odometry are fully
used to verify the consistency of UWB ranges. Hence, the
interference of the NLOS signal can be mitigated by the
proposed RANSAC-based MODR method. Experiment results
demonstrate that the proposed MODR-UOINS achieves an
accuracy of about 0.15 m in the complex indoor NLOS
environment, exhibiting superior robustness. Besides, MODR-
UOINS maintains comparable performance when using only
two base stations compared to the results using four base
stations simultaneously. This work offers a reliable solution to
meet the high-accuracy positioning needs of wheeled robots in
complex indoor scenarios. In future research, we will explore
how to mitigate NLOS by using the raw UWB observations,
thereby further improving the positioning accuracy.
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