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Abstract—Indoor robot localization is important for the
realization of autonomous service robots. Various studies have
been conducted on “indoor GPS” measurements using wireless
distance sensors such as ultrasonic beacons. However, when
these beacons encounter non-line-of-sight (NLoS) conditions
due to obstacles, accurate distance measurements become chal-
lenging because of multipath and other effects. In this study,
we propose a method for simultaneously estimating a robot’s
position and distance to reflective surfaces in an environment
using wireless distance sensors. The proposed method can
estimate not only the robot’s position but also the reflection
of the beacon signal. First, the wheel odometry of the robot
is assumed to be the initial value, and the measured distance
from the beacon to the robot is used as a factor to construct
the factor graph. Second, the distance to the reflective surface
of the beacon signal, which is parallel to the robot’s movement
plane, was estimated from the robot position sequence using the
GMM and used as a noise model in the factor graph. Finally,
the method is evaluated by acquiring data in a real environment
with obstacles. Compared with a method that does not consider
reflection paths, this method demonstrated improved accuracy
and effectiveness.

I. INTRODUCTION

Robot position estimation is important for achieving au-
tonomous mobility. Position estimation technology has been
widely applied to sensor fusion, in which errors accumu-
lated by internal sensors such as IMU and wheel odometry
are compensated for by external sensors such as GPS. In
outdoor environments, 3D-LiDAR and GPS-based position
estimation have been actively studied for the development
of autonomous vehicles. In contrast, indoor environments
require precise position estimation due to close proximity
to walls and frequent movement of people and obstacles.
However, there is a major drawback: GPS is not available
and an absolute position cannot be obtained.

Due to the unavailability of GPS for position estimation
and SLAM in indoor environments, high-performance cor-
rection has been achieved using loop-closing techniques that
extract and match features from point clouds using LiDAR
and cameras. However, because these methods depend on
the surrounding geometry, they are difficult to use in en-
vironments with few features (e.g., corridors) or numerous
dynamic obstacles in the surroundings. In recent years, with
the development of ultra-wideband (UWB) ranging beacons,
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position and distance to the reflective surface of the beacon signal alternately.

System Architecture. The proposed method estimates the robot’s

various studies have been conducted to perform “indoor
GPS.” SLAM methods that combine LiDAR and beacons
have been reported to provide accurate SLAM outcomes
even in feature-poor environments such as corridors and
tunnels. However, if beacons have non-line-of-sight (NLoS)
conditions, in which obstacles exist between beacons, an
accurate distance cannot be obtained owing to multipath and
other effects. In general, there are two ways to address such
NLoS errors: one involves detecting and ignoring the NLoS
signal, while the other involves mitigating the NLoS error by
including the noise caused by the NLoS in the observation
model. Most recently, the non-Gaussian nature of noise in
distance sensors has been the focus of particular attention
in factor graph-based methods, which have been extremely
successful in SLAM, and methods that attempt to reproduce
the error function have frequently been used.

Sound source localization (SSL) is a method for estimating
sound source locations. Numerous studies have considered
sound reflections in the environment. Ultrasonic sound has
a strong reflection component owing to its high frequency.
Therefore, localization methods that utilize ultrasonic bea-
cons with such reflection paths can be used in complex
environments where line of sight (LoS) is not feasible by
taking advantage of multiple paths. Although there is a
method for robot position estimation that leverages such
reflections, setting it up in advance can be challenging. This
is due to the requirement of providing an environmentally
reflective surface beforehand.
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The contributions of this study are as follows:

o We propose a method that can also use multipath signals
of ultrasonic beacons in the indoor robot localization
task.

o It simultaneously estimates the environmental reflec-
tive surfaces necessary to leverage multipath signals.
Specifically, it estimates the distribution of distances to
reflective surfaces parallel to the 2D plane in which the
robot moves using GMM, and the distribution is used
to estimate the robot’s position.

II. RELATED WORK

Remarkable progress has been achieved in the SLAM of
point clouds using 3D-LiDAR and GPS. Among them, LIO-
SAM [1] realizes highly accurate SLAM by integrating IMU,
GPS, and LiDAR using a factor graph.

In particular, the correction of not only the pose of the
robot, but also the intrinsic parameters of the sensors is
frequently addressed. For example, in IMU pre-integration
[2], the bias term of the IMU is corrected by re-estimating
the optimized robot pose sequence, including LiDAR data.
In addition, IMU preintegration was used in the LIO-SAM
to obtain robust odometry.

Factor graph optimization methods such as the Gauss-
Newton method and the Levenberg-Marquadt method have
the disadvantage that the estimation time increases expo-
nentially when the number of factors increases sequentially,
such as in general slam problems. The ISAM?2 solver [3] is
sufficiently fast to operate in real-time by determining the
parts that should be linearized.

Pfeifer et al. [4] proposed an effective method for ad-
dressing NLoS errors when utilizing distance sensors, such
as UWB beacons or GPS, as pseudo-range sensors. This
method extends the error function in the factor graph to a
GMM and simultaneously estimates the attitude of the robot
and error distribution of the distance sensor. Importantly, this
approach remains effective even when the sensor exhibits an
unknown constant bias. Several studies have been conducted
to improve iSAM?2 and the factors that handle more nonlinear
observation noise [5]-[9]. Max-Mixture [8] and Max-sum-
mixture [9] are methods that have been extended to allow

Algorithm 1 Overall method
1: Initialize F with Prior Factors
2: while true do
3: if odometry data is updated then
Update F with Odometry Factor
end if
if beacon data is updated then
Update F with Range Factor
Estimate the variables © using isam2 solver
> linearize each range factor (Algorithm 3)
10: OGMM  esitimate_s(F) > Algorithm 2

© XN

11: end if
12: end while

the GMM to be used in factor-noise models. Max-sum-
mixture is also used in the latest UWB beacon-based location
estimation method, using the Time Differential of Arrival
(TDoA) technique [10].

Incorporating range beacons allows for effective SLAM in
environments with limited features, which is difficult when
using LiDAR-based SLAM [11], [12]. Previous research
has specifically addressed NLoS detection and mitigation to
address the NLoS error of range beacons [13]. However,
numerous studies on SSL exploit the reflective properties
of sound [14]-[16]. In addition, certain studies have ac-
tively used multipath signals generated by the NLoS for
beacon-based target localization [17], [18]. Kim et al. [17]
considered the use of measurements under NLoS condi-
tions and worked on position estimation by considering
reflection paths. However, it is necessary to obtain distance
measurements from three or more points simultaneously,
and the computation time increases with the number of
combinations of beacons and environmental walls. Fares et
al. [18] proposed localization using a single beacon capable
of N reflections by unknown obstacles in the environment.
However, this method requires the angle of arrival (AoA) of
the target to be known in order to be utilized.

To address this problem, we previously proposed a particle
filter-based method in which the beacon observation model
is dynamically switched depending on the signal [19]. How-
ever, in this method, the ceiling height in the environment
should be set in advance and only primary reflections from
the ceiling can be used.

III. PROPOSED METHOD

We propose a method that can estimate the robot position
and the beacon noise model. The overall architecture of the
proposed method is shown in Fig. 1. One ultrasonic beacon
is installed on the robot and multiple ultrasonic beacons are
installed on the environment side, and the distance between
the robot and the environment side beacons is assumed to be
measurable from the beacons. Wheel odometry is assumed
to be available from the robot.

To integrate the odometry and distance information from
the beacon, a factor graph was constructed and pose-graph
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optimization was performed. A factor graph G = (F, 0, )
consists of a variable node 0; € ©, factor node f; € F, and
edge e;;. Node f; is a function of variable 6; [3].

In this method, the robot pose and beacon position are
used as variable nodes. The beacon on the robot side and
the beacon on the environment side are placed at the same
height, and the robot pose and beacon position are assumed
to be on a two-dimensional plane. Three-factor nodes are
used: a Prior Factor, which indicates the prior distribution; a
Odometry Factor, which indicates the relationship between
the robot poses (position and orientation); and a Range
Factor, which constrains the distance between the beacon and
the robot as measured by the beacon(Fig. 2 and Algorithm 1
). Among these, the Prior Factor and Odometry Factor utilize
the prior factor and between factor implemented in the gtsam
package [20].

The Range Factor was modified to leverage reflection
paths caused by environmental surfaces, enabling simulta-
neous estimation of the reflective surface and robot pose.
This method was strongly influenced by the Nested-EM
approach [4], which worked on the EM algorithm and the
optimization of the factor graph simultaneously.

A. Estimation of environmental reflection surfaces for NLoS
multipath

NLoS errors in the beacon measurement distance are
primarily caused by measuring the reflection path lengths.
These reflective surfaces are difficult to predict accurately
because of the large number of flat surfaces in environmental
geometry. However, given that the indoor environment in
which we live often contains surfaces (ceilings, floors, walls)
that can be viewed as static and broad reflective planes, it
is possible to estimate the reflection path from the observed
data.

The measured distance z from the beacon to the robot is
modeled as follows:

z=\/llz—b)*+ 2+ (1)

Algorithm 2 Estimation distances-distribution s of environ-
mental reflection surfaces

1: function ESTIMATE_S

2 S+

3 for all Range factor f; in F do

4 if z; > h(x;) then

5: S; 212 — h2($177) > (2)

6 if (s; > syp,) then

7 S+ Su {Sl}

8 end if

9 end if

10: end for

11: if size of S > size threshold then

12: Initialize §5MM « @M M

13: Sw {5 €SI —ny <i< I} > I is the
latest index, n,, is the window size

14: OGMM « EM-method(85MM S,,))

15: return 95V M

16: else

17: return ()

18: end if

19: end function

where z is the true position of the robot, b is the true position
of the beacon, and s is the distance between the actual
beacon and the mirror reflection image.  ~ N(0;02,,.)
is the measurement error. Note that s = 0 when there are no
obstacles between the robot and beacon.

Assume that the value of the variable node «;, b; is a good
estimate of the true robot position x; and beacon position b;,
and attempt to estimate s distribution by calculating s using
the following equation:

s =+/22 — h?(x) (2)

where h(z) = || — b||® is the distance measurement func-
tion.  and b are the positions of the robot and beacon corre-
sponding to the measurement z respectively. Here, s varies
depending on the walls and obstacles in the environment,
and the positions of the robot and beacon. However, because
only a few walls exist in the environment, we assume that
the estimated distribution of s can be represented using a
GMM. We assume the wall surface in the environment where
reflection occurs is a plane parallel to the robot’s movement
plane (Fig.3). This assumption is valid for ceiling or floor
reflection, but may not be valid for walls. Therefore, it may
be effective in the center of a room, but not in an environment
with close walls, such as a corridor.

To estimate the distribution of s, we compute s from the
current estimated h(x) for the Range Factor in the Factor
graph and store it in S (Algorithm. 2, line 3-10).

Here, for the observed value z;, we do not store in
S the observed values that are considered to have been
obtained at a direct distance or those that are not considered
to be reflection paths. Therefore, a threshold value Sy, is
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Algorithm 3 Linearize a range factor

1: function LINEARIZE

2 OGMM o {60}

3 for all 0, ; € 0SMM do

4: 0€7j = (wajhue,jvo'e,j) llSil’lg (8)-(10)
5: OSMM — OGGMM u{b.,;}

6 end for

7 Linearize by Max-Mixture with §5MM

8 Weighten by Tukey-Loss

9: end function

established and z; > h(x;) is required(Algorithm. 2, line
4-6). In addition, a sliding window is used for S to reduce
estimation time. If the size of S exceeds a certain size, the
elements are deleted from the oldest values and the size of
S is kept constant.

We apply the EM algorithm to S to estimate the GMM
parameters MM — {ws,j, Ws,j,0c,j . Beacon measure-
ments within the sliding window and the estimated position
of the robot were used as inputs for the EM algorithm. In
the experiment, EM estimation was started some time after
the start time, and the wheel odometry values were used as

is until then.

B. Linearize method

In this section, we convert the calculated GMM reflec-
tive distance model, 5™ to a GMM error model for
the current estimate, 6. Transform GMM @&MM
in the direction from the beacon to the robot §MM —
{we,jnue,jvae,j}

From (2), the error € is given by

z=h(x)+e=1+/s2+ h?(x) (3)
€(s) = Vs* + h*(z) — h(z) )

The first-order approximation using the Taylor expansion
of (4) around s = pug is as follows:
Oe S

ge_ 5 5
ds 52+ h%(x) ©)

(s +8s) = (Vi + 12@) = hi@))  (©)

+As
VTt (@)

From (7), the following transformations are performed for
each jth component 6. ; of the GMM: We assume that the
first component 0. g = {we o, e = 0,0¢10s} contains the
measurement error o jos of the beacon measurements.

We,j — Ws - (1 —we) (8)

fej = Vi + b2 (@) — h(z) ©)

Oc.j ¢ max | o jos, #05 (10)
! ’ 1z + h?(x)

(c) 3D-LiDAR

(a) Robot

(b) Beacon

Fig. 4. The hardware used in the experiment. (a) and (b) were used as input
for the proposed method, and (c) was used for groundtruth robot position.

TABLE I
HARDWARE SPECS

Model

SEGWAY Loomo
Ultrasonic beacon Marvelmind Super-Beacon
3D-LiDAR (groundtruth)  Quanergy M8 LiDAR Sensor

PC Intel Core i9-14900KF (24 core)

The robot, beacon, and 3D-LiDAR were used to acquire the dataset. The
PC was used to evaluate the proposed method.

Item

Base robot

Here, the standard deviation of the error distribution o ; is
(10) because it is not reduced below the measurement error
Oc,los Of the beacon during line of sight.

Following the transformation, the Max-Mixture [8] is used
to whiten the GMM noise model GeGM M, implemented in [4]
eq.(9). Tukey loss weighting was also employed to reduce the
impact of errors resulting from reflections off new surfaces
and unknown measurement errors. This function was also
used for the initial estimation where the GMM could not
estimate NLoS reflections because of a lack of beacon
measurements.

The linearization step is presented in Algorithm 3. This
linearization step was re-performed using fluid relineariza-
tion, which is a feature of the iSAM2 solver [3]. This
linearization allows the currently estimated GMM model to
be retroactively reapplied to past Range Factors.

IV. EXPERIMENT

The hardware used in the experiment (Fig. 4 and Tab. I).
The robot was equipped with a beacon(Fig. 4a). Wheel
odometry was performed using Loomo API. The beacon
setup uses the Inverse Architecture setup (IA), where the
beacon on the environment side emits a specific frequency,
and the beacon on the robot side receives it. Two 3D LiDARs
were deployed in the newly acquired dataset to obtain the
ground truth of the robot position in the environment.

The experimental setup is depicted in Fig. 5. Fig. 6a
illustrates an environment without obstacles and Fig. 6b
presents the environment with obstacles. Four ultrasonic
beacons were installed, and their distances from the beacons
were obtained. Wheel odometry values were obtained from
the robot.
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(b) Environment

Fig. 6. Experimental environment. The ceiling height is 259¢cm.

Two 3D-LiDARs were also installed in this environment
to obtain the true values of the robot; these 3D-LiDARs
performed differential detection by dropping the dimensions
of the point cloud onto the xy-plane, and the trajectory of
the robot was obtained by clustering using DBSCAN.

The location estimation calculations were verified on a
desktop PC equipped with an i9-14900KF (24 cores and 32
threads). Factor graphs and iSAM2 were generated using
GTSAM [20], and GMM estimation was performed using
MLPACK [21]. In addition, part of the implementation was
parallelized using OpenMP. The hyperparameters are listed in
Tables III and II. The beacon location variable is constrained.
It is given in advance and is not updated in the estimation.
K-means was used to initialize the GMM estimation, and
the previous estimation results were used for the second and
subsequent estimations.

Twenty initial poses of the robot are generated
using a normal distribution: (02,07, 07) =
(0.25m2, 0.25m?,0.030rad?) around the starting position,
and estimation was performed for each initial pose.
In this experiment, four estimation methods were
compared(Table 1V). The accuracy of estimating the
distribution of the initial poses was evaluated (Table V,
Table VI).

Fig. 7. Wheel odometry and groundtruth. The blue trajectory is the wheel

odometry. The orange trajectory is the groundtruth.

TABLE I

HYPER PARAMETERS

Parameter Value
Range Factor
We,0 0.5
He,0 0 m
Oe,0 = O¢,los 0.1 m
S size threshold in Alg. 2 30
S max window size 500
GMM estimation start time 15 sec after start time
Maximum component size of 85 M 3
Initial estimate MM k-means
Maximum component size of &M M 4
Tukey-weight 2.0
isam?2 relinearize threshold 0.01

TABLE III
FACTOR COVARIANCE

Factor Covariance Matrix X

Odometry Factor
(Wheel Odometry)
Range Factor
Beacon Prior Factor
Robot Pose Prior Factor

diag(0.0005 m?2, 0.0005m2, 0.055rad?)

0.01m?
Constrained
diag(0.01m2, 0.01m?2, 0.01rad?)

A. Accuracy

The absolute trajectory error (ATE) is used to evaluate the
proposed method.

N—1
N 1
ATE(X, X") = | % D et — i[> A
1=0

Here, X* = {a}, @}, ..., xy_ 1}, @} = (z],y]) is the
robot position by 3D-LiDAR as ground truth, and X =
{xo,x1,...,xN_1},x; := (x;,y;) is estimated robot posi-

tion. Two types of ATE were computed: one was the current
position of the robot estimated at each time point. The second
is the robot trajectory estimated at the last time point.

The results of the study are shown in Table V. Overall,
the proposed method exhibited the best performance.

One remaining issue is the accurate estimation of the initial
position, which may be challenging if the initial position is
off, potentially performing worse than odometry depending
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TABLE IV
METHOD COMPARISON

Method

Wheel Odometry

Range Factor ~ Range Factor+GMM  Proposed method

Wheel odometry v
Range Factor with Tukey-Loss

Convert to s

GMM noisemodel & Nested-EM method

Add mean 0 GMM component

Transformation from §SMM o G MM

v v
v

v
v
v

N NN

TABLE V
ABSOLUTE TRAJECTORY ERROR (ATE) [m]

mean std  min
Method
Wheel odometry 194 040 145
Range factor (each time) 847 475 1.18

Range + GMM (each time) 263 3.04 073
Proposed method (each time) 1.84 2.01 0.39

Range factor (latest) 843 475 1.11
Range + GMM (latest) 2.50  3.00 0.68
Proposed method (latest) 1.73  2.02 0.39

on the initial pose set. Therefore, the high dependence of
position estimation on the initial pose is a future issue.

B. Computation Time

The time required for the estimation was measured. The
overall times required are listed in Table VI. The estimation
method using the GMM EM-method increased the compu-
tation time with a window size of S.

It was observed that the larger the window size, the more
past reflections can be considered; however, the trade-off is
that the estimation time increases.

C. Discussion

The wheel odometry trajectory is shown in Fig. 7. And
the best-estimated trajectories for Odometry, Range Fac-
tor+GMM, and Proposed method are shown in Fig. 8. From
the image, it can be observed that the proposed method shows
a trajectory closest to the true value.

The error distribution of the best estimation of Range
Factor+GMM is illustrated in Fig. 9 and that of the proposed
method is illustrated in Fig. 10. Once the image was con-
verted to s, the GMM estimation of the error distribution
became more convergent. This is thought to improve the
estimation accuracy.

Fig. 11 shows the actual beacon distance measurements
and the use of NLoS multipath reflections by the noise model
of the proposed method. Even though the measured distance
jumps due to NLoS, they can be used as reflections by
estimating the §MM

The number of elements in GMM is currently fixed
using the k-means method. In future studies, the number of
elements will be dynamically adjusted to select the number
of elements according to the situation.

TABLE VI
PROCESSING TIME [s]

Total® Per Iteration® (mean)
Method mean std ISAM2 GMM-EM
Range factor 2631  19.29 0.0018 -
Range + GMM 156.89  25.15 0.0051 0.10
Proposed method 10094 1536  0.0075 0.06

The dataset duration is 415 s. The odometry data size is 2719 (6.6Hz),
and the beacon data size is 5537 (13.3Hz, 4.4Hz for each beacon).
@ Total denotes the duration of the estimation for the entire dataset.
b Per Tteration indicates the duration of one ISAM?2 update or the time
taken for one GMM EM-method.

D. Limitation

This method appears to be effective for indoor rooms,
such as the one used in the experiment, particularly for en-
vironments where ceiling and floor reflections are dominant.
However, it is necessary to confirm whether this method is
effective for indoor environments such as corridors, which
are surrounded by walls and have a limited number of
beacons.

Furthermore, the effectiveness of this method in dynamic
environments is a topic for future research.

V. CONCLUSIONS

To address the NLoS error of ultrasonic beacons, this study
proposes a method for simultaneously estimating a robot’s
position and distance to reflective surfaces in the environ-
ment. By estimating the reflective surface using the GMM,
we realized a position estimation method that effectively
utilizes the reflective path owing to the multipath. In the
future, we plan to accelerate the processing time to enable
real-time operations and address the estimation accuracy
degradation caused by the initial position.
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